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Abstract
This study investigates how undergraduate students perceive artificial intelligence (AI) integration during a structured 
Design Thinking cycle for educational game development, framing the AI-infused workflow as a blended learning en
vironment. Eighty-two students in 14 teams completed a five-week project ending in a playable prototype and pitch. A 
convergent mixed-method design combined a 15-item perception scale, a three-item Design Thinking experience measure, 
team focus groups, reflective logs and artefact analysis. Exploratory factor analysis supported a four-factor structure: 
perceived usefulness, creativity support, trust and verification and ethical concerns. Results from multiple regression 
analyses showed that perceived usefulness and creativity support jointly accounted for 49.2% of variance in overall Design 
Thinking experience, while ethical concerns exerted a significant negative effect. AI use was significantly higher during 
prototyping and ideation than during empathise and define stages. Also, teams with higher AI reliance produced stronger 
prototypes but showed no advantage in reflective justification. These findings indicate that AI integration benefits are stage- 
dependent and that productivity gains do not automatically translate into deeper learning. The study contributes a 
conceptual model for AI-infused Design Thinking as a smart blended learning environment and empirically grounded design 
principles for responsible AI integration in project-based courses.

Plain Language Summary
This study explored how 82 university students used AI during a five-week Design Thinking project to create educational 
games. Students found AI most helpful for generating ideas and building prototypes, but less helpful for understanding users 
and defining problems. When students saw AI as useful and supportive of creativity, they reported a better learning 
experience. However, ethical concerns reduced their satisfaction. Teams that relied more on AI produced stronger 
prototypes, but they did not show better reflective justification for their design choices. The findings suggest AI can support 
game design learning, but it needs guidance, verification and stage-appropriate use.
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1. Introduction
Educational game development is increasingly used in digital design and computing curricula because it combines authentic 
production with iterative feedback and collaboration (Kafai & Burke, 2016; Pacheco-Velazquez et al., 2024). Students must 
translate a real-world issue into a playable system that communicates or teaches, then justify design decisions in relation to 
users and evidence. Design Thinking is often used to structure this work through staged activities such as empathic inquiry, 
problem framing, ideation, prototyping and testing (Liedtka, 2018). Contemporary synthesis suggests Design Thinking 
interventions can yield positive learning effects across educational contexts, although outcomes depend on implementation 
quality and assessment alignment (Li & Zhan, 2022; Yu et al., 2024). Moreover, reviews such as by Lin et al. (2025), show that 
Design Thinking has become a sustained research and curriculum focus in schools and higher education, which increases the 
need to understand how emerging tools reshape its practice.

The diffusion of generative artificial intelligence (AI) tools in higher education has altered the material conditions of 
design work. Chatbots, code assistants and media generators can produce drafts of narratives, interface text, test plans, code 
snippets and design rationales within seconds. Institutions are now shifting from prohibition to managed integration, with 
guidance emphasising transparency, privacy, verification and development of AI literacies (Jin et al., 2025; UNESCO, 2023). 
Education research warns that large language models can support learning and feedback, but also introduce risks of 
misinformation, over-reliance and integrity ambiguity, which makes student verification practices and AI literacy critical 
learning outcomes (Giannakos et al., 2025; Kasneci et al., 2023; Long & Magerko, 2020).

In relation to the AI shift, previous studies indicate that student attitudes to AI are heterogeneous and shaped by perceived 
usefulness, perceived ease of use, trust and policy clarity. Acceptance and perception research reports both enthusiasm for 
productivity gains and concern about authorship, fairness and uncertainty about boundaries of acceptable assistance 
(Albayati, 2024; Ravšelj et al., 2025). Trust is particularly consequential because it influences when students treat AI outputs 
as suggestions that require checking versus as authoritative answers (Nazaretsky et al., 2025). These dynamics are intensified 
in design and development courses where outcomes include multimodal artefacts and teams are assessed on both product 
quality and design justification.

In educational game development, AI may function multiple roles. It can be used as an ideation partner, a prototyping 
accelerator and a technical scaffold (Ratican & Hutson, 2024; Yannakakis & Togelius, 2018). It may also compress the time 
learners spend on problem framing, push teams towards plausible but unverified user narratives and reduce collective 
diversity of solutions, even when individual outputs appear more novel. Evidence from creativity research suggests 
generative AI can enhance individual creativity while reducing diversity of novel content at the group level, which has 
implications for cohort-wide originality in project-based courses (Doshi & Hauser, 2024). Design research similarly frames 
AI as a co-creator and a design material that reshapes how options are generated and evaluated, sometimes encouraging 
dependency or superficial reasoning if judgement is outsourced (Ivcevic & Grandinetti, 2024; Yu, 2025). Within game 
contexts, emerging evidence highlights both benefits and risks, from faster iteration to concerns about originality and creative 
constraint (Alharthi, 2025), as well as the feasibility of embedding generative AI to provide scaffolding in educational role- 
play and scenario-based game designs (Chien et al., 2024; Xu et al., 2025).

Despite increasing use of generative AI in higher education, there is limited empirical understanding of how learners 
experience AI integration during structured, team-based Design Thinking processes that culminate in functional educational 
game prototypes. Much of the current research focuses on general chatbot use, single-session interventions (Xiaoyu et al., 
2025; Zawacki-Richter et al., 2019), which overlooks the situated dynamics of collaborative design, iterative prototyping and 
the tensions between authenticity, creativity and responsible practice. Without such understanding, educators risk either 
under-utilising AI tools that could scaffold learning or allowing AI use to substitute for inquiry, judgement and reflection, 
which compromises learning and assessment validity.

Hence, this study aims to examine learners’ perceptions of AI integration within a five-week Design Thinking cycle in a 
Digital Design and Development course. Specifically, it addresses the following questions:

RQ1: What relationship exists between students’ perceptions of AI integration (perceived usefulness, creativity support, 
trust and verification, ethical concerns) and overall Design Thinking experience (learning value, engagement, 
satisfaction)?

RQ2: How does AI use vary across Design Thinking stages during educational game development?

RQ3: What differences emerge between teams with higher and lower AI reliance in prototype quality and reflective 
justification?
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2. Conceptual and Empirical Background
2.1. Design Thinking as a Pedagogical Structure for Game Design Projects

Design Thinking is commonly operationalised in education via a five-stage cycle. While models differ, a shared emphasis 
remains on human-centred inquiry and iterative prototyping. In educational settings, Design Thinking is frequently paired 
with project-based learning and has been linked to development of competencies such as empathy, problem framing and 
creative problem-solving (Baltador et al., 2024; Cummings & Yur-Austin, 2022). A meta-analysis across 25 studies indicates 
that Design Thinking has a positive relationship with student learning, with moderators including stage model, team size and 
educational level (Yu et al., 2024). Research also suggests that online and collaborative implementations can build Design 
Thinking skills when supported by structured scenarios and artefact-based workflows (Sürmelioğlu & Erdem, 2025).

For game design specifically, Design Thinking is attractive because it aligns with player-centred design and playtesting 
loops (Arnab et al., 2019; Chuah et al., 2021). It supports moving from an ill-structured real-world issue to a playable 
representation and iterating based on feedback. However, Design Thinking can be performed superficially, where empathy is 
reduced to assumptions, problem statements are generic and prototypes are treated as final products. These known 
pedagogical failure modes are important because AI tools, as highlighted by Saeidnia & Ausloos (2024), may either mitigate 
them through scaffolding or amplify them by providing plausible but unverified content.

2.2. AI-Infused Creative Work

A growing body of work frames AI not merely as automation but as a partner within creative cognition and production. In 
creativity research, AI is increasingly analysed as a creativity support tool that can augment ideation across levels of creativity 
and domains (Ivcevic & Grandinetti, 2024). In design research, AI can function as co-creator and as design material, 
reshaping what counts as an idea, how options are evaluated and how designers allocate attention (Sreenivasan & Suresh, 
2024; Yu, 2025). These shifts matter educationally because students may not yet have stable professional judgement or 
disciplinary intuition to arbitrate AI suggestions.

Evidence from controlled studies also suggests that generative AI can increase perceived creativity and improve 
individual output quality, while also producing convergence in the space of ideas at the cohort level (Doshi & Hauser, 2024). 
In team-based classes, convergence can be pedagogically undesirable if it reduces diversity of solutions to real-world 
problems. It can also lead to prototype homogeneity, which can mask differences in learning outcomes and complicate 
assessment.

2.3. AI and Game Design

The integration of AI into game design and serious games is accelerating across professional practice and education. 
Designers report that generative AI can accelerate ideation and prototyping, while raising concerns about originality, 
authorship and creative constraint (Alharthi, 2025). Recent educational game work demonstrates that generative AI can 
support scaffolding and feedback interactions within role-playing and scenario-based formats, though design must attend to 
cognitive load, epistemic risk and learning alignment (Chien et al., 2024; Gruber & Faßbender, 2025; Xu et al., 2025).

As stipulated by Shen et al. (2025), game development education adds further complexity because students must 
coordinate multimodal production. Generative AI can draft dialogue, generate concept art and support code generation or 
debugging, but it can also introduce brittle code, inconsistent art direction and unverified claims in design rationales. Within 
learning game design settings, students’ positive experiences with generative AI appear to depend on value orientations and 
prior attitudes. This suggests that AI infusion is not uniformly beneficial and may amplify differences in confidence and 
agency (Huang & Katz, 2025).

2.4. Working Model for AI-Infused Game Design Thinking

This study adopts a pragmatic working model that integrates technology acceptance, creativity support and trust-ethics 
perspectives, contextualised to Design Thinking stages. Technology acceptance constructs remain relevant because 
perceived usefulness and related expectancy constructs predict satisfaction and continued use across educational tech
nologies (Davis, 1989; Venkatesh et al., 2003). Creativity support perspectives add constructs such as perceived creativity 
support and perceived autonomy, which are crucial in game design tasks that demand divergence, synthesis and aesthetic 
judgement (Ivcevic & Grandinetti, 2024). Trust and verification are positioned as core mediators rather than secondary 
factors, given the epistemic risks of confident but incorrect outputs (Kasneci et al., 2023; Nazaretsky et al., 2025). Ethical 

Chuah and Ch’ng 3 



concern is included because students often experience uncertainty about acceptable AI assistance and authorship boundaries 
in assessed, multimodal production (Albayati, 2024).

Figure 1 presents the conceptual model. The upper portion shows the Design Thinking stages as the pedagogical context 
within which AI integration occurs (RQ2). The middle portion shows the four perception constructs as predictors of overall 
Design Thinking experience (RQ1). The lower portion shows the team-level outcomes of prototype quality and reflective 
justification, compared across high and low AI reliance groups (RQ3). The model positions the AI-infused Design Thinking 
process as a smart learning environment (Hwang, 2014; Spector, 2014) in which generative AI tools, pedagogical structure 
and collaborative production interact to shape both individual perceptions and team-level outcomes.

3. Method
3.1. Research Design

A convergent mixed-method design was employed (Morse, 2016). Quantitative and qualitative data were collected during the 
same five-week period, analysed separately and then integrated through joint displays and narrative weaving. This approach 
is appropriate because the topic involves measurable perceptions and also complex, contextualised meaning-making.

3.2. Participants and Context

Participants were 82 undergraduate students enrolled in a Digital Design and Development course at a Malaysian university. 
The course was conducted in blended mode and included a project assessment requiring teams to create an educational digital 
game addressing a real-world problem. Students were divided into 14 groups (12 groups of six, two groups of five). The 
instructional design included a five-week Design Thinking process prior to the prototype pitch. Weekly activities aligned 
with the empathise, define, ideate, prototype and test stages.

AI tools (such as Claude AI, ChatGPT Codex, Google AI Studio) were made available and their use was permitted within a 
responsible-use policy. Students were instructed to document where AI was used, to verify outputs and to avoid presenting 
AI-generated user insights as real data. This policy aligns with common guidance emphasising transparency, verification and 
safeguarding of privacy (UNESCO, 2023) as well as the university guidelines on AI usage for assessments.

Figure 1. Conceptual model for AI-infused game design thinking
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Part A of the survey profiled participants’ background and AI use patterns. Prior game development experience was low 
(M = 2.29, SD = 0.89), whilst prior experience with generative AI tools was moderate (M = 3.41, SD = 1.01), indicating that 
most students had some familiarity with AI tools before the course but limited game development backgrounds. The most 
commonly used AI tool was ChatGPT (91.5% of participants), followed by image generators (45.1%), Google AI Studio 
(37.8%) and Claude AI (35.4%). Audio or video generators were used by 11.0% and other AI tools by 8.5%. On average, 
participants reported using about 3 tools (M = 2.84, SD = 0.71) across the project.

Furthermore, AI use frequency was moderate (M = 3.20, SD = 0.67 on a 1–5 scale), with the majority of participants 
(54.9%) reporting a frequency of 3 (sometimes), 30.5% reporting 4 (often) and 13.4% reporting 2 (rarely). No participant 
reported never using AI tools. When asked to estimate the proportion of their final submission that relied on AI-assisted work, 
participants reported the highest reliance for text (M = 33.9%, SD = 14.0%), followed by code (M = 28.5%, SD = 17.9%) and 
visual or audio assets (M = 21.5%, SD = 14.6%). These estimates suggest that AI was used as a supplementary resource rather 
than a primary production method, with text-based tasks receiving the most AI assistance.

3.3. Procedure

Over five weeks, teams progressed through the Design Thinking cycle aligned with empathise, define, ideate, prototype and 
test stages. In Week 1, they identified a real-world problem area, explored relevant stakeholders and gathered at least two 
forms of user-oriented evidence. AI was permitted for drafting interview prompts, summarising transcripts and generating 
alternative stakeholder perspectives, although students were required to retain raw notes and justify their synthesis. In Week 
2, teams defined the problem by developing a problem statement, identifying a target audience and establishing success 
criteria. In doing so, they can consult AI tools to seek clarification about their chosen problem. In Week 3, they generated ideas 
for mechanics, narrative and learning design before selecting one concept for prototyping. AI could support brainstorming, 
story generation and microcopy drafting, but teams were expected to critique AI suggestions and document their reasons for 
selection. In Week 4, teams developed a playable prototype using the course toolchain, with AI permitted for coding support, 
debugging explanations and asset drafting. Students also tracked AI-assisted code and maintained a change log. In Week 5, 
teams conducted at least one playtest, revised the prototype and delivered a final pitch that included an evidence-informed 
justification, a demo and a statement of AI use.

3.4. Survey Instrument

The post-process survey comprised four parts administered immediately after the final pitch. Part A profiled AI use (tools, 
frequency, stage-specific and task-specific use, estimated proportion of AI-assisted work). Part B was a 15-item perception 
scale using a five-point Likert response format (1 = strongly disagree to 5 = strongly agree) covering four constructs: 
perceived usefulness (five items), perceived creativity support (four items, one reverse-coded), trust and verification (three 
items, one reverse-coded) and ethical concerns (three items). Part C included short open-ended prompts. Part D comprised 
three items measuring overall Design Thinking experience: learning value, engagement and satisfaction (five-point Likert 
scale).

3.5. Qualitative Data Sources

Qualitative data were gathered from three sources. First, one focus group was conducted per team after the final pitch. Each 
session lasted 20 to 30 minutes. All team members were invited and most contributed actively. Typically four to six members 
spoke in each session. Discussions covered AI use across stages, perceived benefits, recurring problems, ethical reasoning 
and stage dynamics. Sessions were audio-recorded with participant consent and transcribed verbatim for analysis. Second, 
students kept individual weekly reflective logs. The logs recorded design decisions, setbacks, AI use and verification 
practices. Third, team artefacts were collected and scored with a rubric. These artefacts included pitch decks, working 
prototypes, design logs and change logs.

3.6. Data Analysis

Quantitative analysis proceeded in four stages. First, item-level and subscale descriptive statistics were computed. Second, 
internal consistency was estimated using Cronbach’s alpha and McDonald’s omega. Third, exploratory factor analysis (EFA) 
was conducted on the 15 perception items using minimum residual extraction with oblimin rotation to assess dimensionality. 
Sampling adequacy was evaluated with Bartlett’s test of sphericity and the Kaiser-Meyer-Olkin (KMO) index. Factor 
retention was guided by parallel analysis at the 95th percentile criterion. Parallel analysis indicated a two-factor solution. We 
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extracted and inspected both the two-factor and the four-factor solutions. The two solutions were compared on inter
pretability and on alignment with the four theorised constructs. Section 4.3 reports this comparison in full. The four-factor 
solution was retained and used to derive composite subscales for subsequent analyses. Fourth, bivariate Pearson correlations 
were computed among the perception subscales and overall Design Thinking experience. For RQ1, standard multiple 
regression estimated the relationship between the four perception subscales and overall Design Thinking experience, with 
hierarchical regression used as a supplementary analysis to examine incremental variance explained by each subscale. For 
RQ2, a Friedman test compared AI use frequency across Design Thinking stages, followed by Bonferroni-corrected 
Wilcoxon signed-rank post-hoc tests with effect sizes reported as r. For RQ3, teams were classified into high and low AI 
reliance groups. A median split was applied to a composite reliance index. The index combined standardised AI use frequency 
with tool diversity. The median split reduces a continuous measure to two categories. It can also place teams with similar 
scores into different groups. The team-level comparison is therefore treated as exploratory throughout. Mann-Whitney U 
tests compared team-level prototype quality and reflective justification scores between groups, and additional Mann- 
Whitney U tests examined whether individual perception subscales differed by team AI reliance group, with effect sizes 
reported as Cliff’s delta.

Qualitative analysis used reflexive thematic analysis following Braun & Clarke (2019). Two researchers coded the data 
independently. Coding began inductively and stayed close to participants’ own words. A deductive lens was then applied. 
Codes were mapped to the Design Thinking stages and to the four perception constructs. This produced a hybrid inductive and 
deductive approach. Coding attended to contradictions and trade-offs. Stage-specific dynamics were also examined closely. 
The two coders met regularly to compare codes and resolve differences. Disagreements were discussed until consensus was 
reached. The codebook was refined accordingly. Reflective logs and artefact scores were analysed alongside the focus group 
data. Convergent and divergent patterns were recorded for each theme. Integration with the quantitative results used joint 
displays, as reported in Section 4.8. Each joint display aligns a quantitative pattern with the matching qualitative evidence. 
Trustworthiness was supported by this peer review of coding and by close grounding in participant accounts.

3.7. Ethics

Ethical procedures were implemented to safeguard participants’ privacy and welfare. Ethics approval was obtained from the 
host institution before the study began. All procedures followed the relevant institutional guidelines. Participation was 
voluntary and was kept separate from course assessment. Students were told that taking part would not affect their grades. 
Refusal or later withdrawal carried no penalty. Written informed consent was obtained before any data were collected. 
Students received a plain-language information sheet describing the study purpose and the voluntary nature of participation, 
and they signed a consent form confirming that they understood their right to withdraw without penalty. Data collection took 
place after the project had been graded. Participation could not therefore influence assessment outcomes. The study posed 
minimal risk to participants. This risk was further reduced by de-identifying responses and restricting data access. Focus 
group recordings were stored securely and seen only by the research team. The potential benefits for AI-infused pedagogy 
were judged to outweigh these minimal risks. Students were also instructed not to enter identifiable personal or institutional 
information into third-party AI tools.

4. Results
4.1. Item-Level Descriptives

Table 1 reports the item-level means and standard deviations for the 15-item perception scale and the three-item Design 
Thinking experience scale. Perceived usefulness items ranged from M = 1.95 (SD = 0.53) for AI supporting clearer problem 
statements (B5) to M = 3.20 (SD = 0.63) for AI helping generate ideas quickly (B1). Creativity support items ranged from 
M = 2.57 (SD = 0.65) for novel combinations (B8) to M = 2.93 (SD = 0.58) for exploring wider range (B6). The reverse- 
coded genericity risk item (B9) had a high raw mean (M = 4.55, SD = 0.50), indicating that students did perceive a tendency 
towards generic solutions. Trust and verification items showed moderate endorsement of checking behaviours (B10, M = 
2.87, SD = 0.50), while the reverse-coded over-trust item (B12, M = 4.73, SD = 0.45) suggested students frequently 
encountered AI outputs that appeared correct when they were not. Ethical concerns items were moderate, ranging from M = 
2.08 to M = 2.47.
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4.2. Scale Reliability and Subscale Descriptives

Table 2 reports internal consistency estimates and subscale descriptives. Perceived usefulness (α = .827, ω = .827) and DT 
experience (α = .820, ω = .821) showed good reliability. Ethical concerns showed adequate reliability (α = .690, ω = .690). 
Creativity support showed good reliability (α = .768, ω = .759), consistent with the inclusion of a reverse-coded item that may 
attenuate internal consistency. Trust and verification showed the lowest reliability (α = .646, ω = .635), which is noted as a 
limitation given the three-item scale and the heterogeneity of verification behaviours. All subscales were retained for 
analysis, with trust and verification results interpreted cautiously. Ethical concerns also showed only adequate reliability. 
Conclusions involving either subscale are therefore drawn with caution. A sensitivity analysis in Section 4.5 re-estimates the 
regression without the trust and verification subscale.

4.3. Exploratory Factor Analysis

Prior to EFA, sampling adequacy was assessed. Bartlett’s test of sphericity was significant (χ2 = 423.41, p < .001). This 
confirmed sufficient inter-item correlations. The Kaiser-Meyer-Olkin measure was .734, which exceeds the commonly cited 
threshold of .70. The subject-to-item ratio was 5.47:1, based on 15 items and 82 respondents. This ratio sits below the often- 
recommended 10:1 standard. The EFA is therefore treated as exploratory rather than confirmatory. Parallel analysis at the 
95th percentile criterion indicated retention of two factors. Both the two-factor and the four-factor solutions were extracted 
with minimum residuals and oblimin rotation. The two solutions were then compared on interpretability and theoretical fit.

Parallel analysis indicated two factors, so this solution was examined first. The two-factor result is reported in Table 3. 
Factor 1 absorbed all five usefulness items together with the creativity support items. Factor 2 combined the trust and 

Table 1. Descriptive Statistics for Survey Items (n = 82)

Item Description M SD Skew Kurt

B1 AI helped generate ideas quickly 3.12 0.64 0.19 0.23
B2 AI improved prototype decisions 2.66 0.59 −0.46 0.19
B3 AI supported technical understanding 2.82 0.74 0.12 0.31
B4 AI supported faster prototyping 2.65 0.64 0.17 −0.36
B5 AI helped clearer problem statement 2.17 0.62 0.49 0.90
B6 AI helped explore wider range 2.83 0.68 −0.25 0.16
B7 AI increased confidence to propose ideas 2.77 0.65 0.00 −0.22
B8 AI helped generate novel combinations 2.38 0.70 0.23 −0.03
B9R AI pushed towards generic solutions 4.72 0.50 −1.57 1.63
B10 Trusted AI only after checking 2.78 0.65 −0.03 −0.15
B11 Could tell when AI was unreliable 2.35 0.60 −0.31 −0.64
B12R AI seemed correct when it was not 4.82 0.39 −1.67 0.81
B13 Uncertain about acceptable assistance 2.40 0.63 0.07 −0.18
B14 Concerns about originality/authorship 2.60 0.61 0.13 −0.39
B15 Concerned about privacy/consent 2.09 0.59 −0.02 −0.10
D1 Valuable learning experience 3.09 0.65
D2 Felt engaged 2.99 0.68
D3 Satisfied with process and prototype 2.94 0.69

Note. R = reverse-coded item. Means reported in original direction. D1–D3 are overall Design 
Thinking experience items.

Table 2. Subscale Reliability and Descriptive Statistics

Scale k M SD α ω

Perceived Usefulness 5 2.68 0.50 .827 .827
Creativity Support 4 2.31 0.49 .768 .759
Trust & Verification 3 2.11 0.43 .646 .635
Ethical Concerns 3 2.36 0.48 .690 .690
DT Experience 3 3.00 0.58 .820 .821

Note. k = number of items. M and SD are composite means. α = 
Cronbach’s alpha. ω = McDonald’s omega.
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verification items with the ethical concerns items. Item B10 cross-loaded on both factors (.41 and .46). This solution is 
parsimonious, yet it merges constructs that behave differently in later analyses. For example, usefulness and creativity 
support collapse into one general benefit factor. Creativity support, however, predicts the outcome independently of 
usefulness in the regression. Trust and verification also merge with ethical concerns under the two-factor solution. These two 
constructs relate to the outcome in opposite directions. One is positive and the other is negative, so merging them hides this 
contrast. The four-factor solution separates these constructs cleanly. It also accounts for more variance, rising from 37.5% to 
47.5%. The four-factor structure was therefore retained on theoretical and interpretive grounds. This choice follows guidance 
that the clearest solution may exceed the number suggested by parallel analysis. The instrument is still treated as exploratory, 
and no strong psychometric claims are made.

Table 4 presents the pattern matrix. Factor 1 (perceived usefulness) showed loadings from B3 (.736), B1 (.703), B2 (.696), 
B5 (.651) and B4 (.623). Factor 2 (creativity support) loaded on B7 (.853), B6 (.714) and B8 (.683). Factor 3 (ethical concerns) 
loaded on B14 (.706), B13 (.657) and B15 (.555). Factor 4 (trust and verification) loaded on B11 (.915) and B10 (.525). Factor 
correlations were modest, with the strongest correlation between F1 and F3 (r = .434). The four-factor structure was broadly 
consistent with the a priori model, supporting the use of composite subscale scores in subsequent analyses.

4.4. Bivariate Correlations

Table 5 presents bivariate Pearson correlations among subscales and the outcome variable. Overall DT experience was 
significantly correlated with perceived usefulness (r = .540, p < .001), creativity support (r = .646, p < .001) and trust and 
verification (r = .294, p = .007). The correlation with ethical concerns was negative but non-significant (r = −.155, p = .166). 
Perceived usefulness and creativity support were moderately correlated (r = .461, p < .001), suggesting related but 
distinguishable constructs. Ethical concerns and trust and verification showed a positive correlation (r = .410, p < .001), 
indicating that students with stronger verification habits also reported more ethical uncertainty.

Table 3. Pattern Matrix From 
Exploratory Factor Analysis 
(Oblimin Rotation, Two Factors)

Item F1 (benefit) F2 (caution)

B1 .624 .061
B2 .561 .064
B3 .803 −.128
B4 .535 −.007
B5 .687 −.015
B6 .677 −.068
B7 .528 .054
B8 .577 .118
B9r .382 −.008
B10 .409 .458
B11 .302 .596
B12r −.043 .481
B13 −.120 .573
B14 −.124 .756
B15 −.101 .514

Note. Extraction: minimum residuals. 
Rotation: oblimin. Loadings ≥ .40 indi
cate the dominant factor for each item. 
F1 is a general perceived-benefit factor 
combining usefulness and creativity 
items. F2 is a caution factor combining 
trust, verification and ethical-concern 
items. r = reverse-coded. The two- 
factor solution accounted for 37.5% of 
total variance.
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4.5. Students’ Perceptions of AI Integration and Design Thinking Experience

To address RQ1, a multiple regression model predicted overall Design Thinking experience from the four perception 
subscales. Table 6 presents the results. The model was significant, F (4, 77) = 20.86, p < .001, R2 = .520, adjusted R2 = .495, 
representing a large effect (Cohen’s f2 = 1.084). Multicollinearity was not a concern, with all VIF values below 1.44. The f2 

value of 1.084 is very large and far exceeds the .35 benchmark for a large effect. Such a high value, with four predictors and 
82 cases, warrants caution about overfitting. The adjusted R2 of .495 shows only modest shrinkage from the R2 of .520. The 
effect is best read as substantial rather than precisely estimated.

Perceived usefulness (β = .273, t = 2.99, p = .004) and perceived creativity support (β = .466, t = 5.10, p < .001) were both 
significant positive predictors. Ethical concerns was a significant negative predictor (β = −.178, t = −2.00, p = .049). Trust 
and verification (β = .150, t = 1.58, p = .117) did not reach significance. Hierarchical regression confirmed that perceived 
usefulness alone accounted for 29.2% of variance (Step 1, p < .001), with creativity support contributing an additional 20.0% 
(Step 2, ΔR2 = .200, p < .001). Trust and verification did not add significantly (ΔR2 = .003, p = .465), while ethical concerns 
made a marginally significant contribution (ΔR2 = .025, p = .049).

A sensitivity analysis addressed the low reliability of the trust and verification subscale. The regression was re-estimated 
without that subscale. Perceived usefulness and creativity support remained strong and significant predictors. The reduced 
model still explained almost half of the variance (R2 = .504, adjusted R2 = .485). The main conclusions were therefore 
unchanged. Ethical concerns became non-significant once trust and verification was removed (β = −.113, p = .161). This 

Table 4. Pattern Matrix From Exploratory Factor 
Analysis (Oblimin Rotation, Four Factors)

Item F1 (PU) F2 (PCS) F3 (EC) F4 (TV)

B1 .703 −.077 −.020 .143
B2 .696 −.036 .114 −.023
B3 .736 .157 −.098 −.020
B4 .623 −.029 .016 −.000
B5 .651 .095 −.028 .043
B6 .180 .714 −.067 −.040
B7 −.101 .853 −.015 .052
B8 .134 .683 .140 −.034
B9r .020 .237 −.288 .349
B10 .132 .149 .084 .525
B11 .018 −.038 .033 .915
B12r −.097 .072 .355 .184
B13 .069 −.048 .657 −.029
B14 −.122 .119 .706 .123
B15 .103 −.109 .555 .011

Note. Extraction: minimum residuals. Rotation: obli
min. Loadings ≥ .40 are in bold in the original analysis. 
PU = perceived usefulness, EC = ethical concerns, 
PCS = perceived creativity support, TV = trust and 
verification. r = reverse-coded.

Table 5. Bivariate Pearson Correlations Among 
Subscales (n = 82)

1 2 3 4 5

1. PU —
2. PCS .461** —
3. TV .289** .298** —
4. EC −.052 −.052 .410** —
5. DT Exp .540** .646** .294** −.155 —

Note. * p < .05. ** p < .01. PU = perceived usefulness, PCS = 
perceived creativity support, TV = trust and verification, 
EC = ethical concerns, DT Exp = overall Design Thinking 
experience.
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shift reflects the positive correlation between the two constructs. Findings for ethical concerns are therefore interpreted with 
added caution.

4.6. AI Use Across Design Thinking Stages

To address RQ2, Table 7 reports AI use frequency across the six Design Thinking stages. A Friedman test indicated 
significant differences in AI use across stages, χ2 (5) = 63.76, p < .001. Bonferroni-corrected Wilcoxon signed-rank tests 
showed that AI use during prototyping (M = 3.83, SD = 0.84) and ideation (M = 3.83, SD = 0.72) was significantly higher 
than during empathise (M = 2.99, SD = 0.97; z = 4.97, p < .001, r = .549 for empathise vs prototype; z = 5.42, p < .001, r = 
.599 for define vs ideate). The difference between ideation and prototyping was not significant (z = 0.02, p = 1.000). Early 
stages (empathise, define) showed the lowest AI use, with no significant difference between them (z = 1.61, p = 1.000).

4.7. Team Comparisons by AI Reliance

To address RQ3, teams were classified into high (n = 7 teams) and low (n = 7 teams) AI reliance groups using a median split 
on the composite reliance index. Table 8 presents team-level prototype quality and reflective justification scores.

High AI reliance teams achieved significantly higher prototype quality scores (M = 16.3, SD = 1.3) than low reliance 
teams (M = 12.0, SD = 1.5), U = 48.0, p = .003, Cliff’s δ = 0.959, representing a large effect. However, reflective justification 
scores did not differ significantly between groups (high M = 7.3, SD = 1.6; low M = 8.3, SD = 1.5; U = 21.0, p = .688, Cliff’s 
δ = −0.143). Individual-level perception subscales showed no significant differences between students in high versus low 
reliance teams for any subscale (all p > .05), suggesting that AI reliance was a team-level phenomenon rather than a reflection 
of individual attitude differences. These team results rest on only 14 teams, with seven in each group. A single unusual team 
could shift the outcome. The median split also reduces a continuous measure to two categories. The comparison is therefore 
tentative and needs replication.

4.8. Qualitative Findings

Reflexive thematic analysis of focus group transcripts, reflective logs and artefact coding produced four themes that both 
converge with and extend the quantitative patterns. A joint display in Table 9 maps each theme onto the matching quantitative 
result. The display records how the qualitative evidence confirms or complicates that result.

Table 6. Multiple Regression Predicting Overall Design Thinking 
Experience From Perception Subscales

Predictor B SE β t p 95% CI

(Constant) 0.964 0.368 — 2.62 .011 [0.23, 1.70]
PU 0.316 0.106 .273 2.99 .004 [0.11, 0.53]
PCS 0.549 0.108 .466 5.10 <.001 [0.34, 0.76]
TV 0.204 0.129 .150 1.58 .117 [−0.05, 0.46]
EC −0.215 0.108 −.178 −2.00 .049 [−0.43, −0.00]

Note. R2 = .520, Adjusted R2 = .495, F(4, 77) = 20.86, p < .001, Cohen’s f2 = 1.084.

Table 7. AI Use Frequency by 
Design Thinking Stage

Stage M SD Median

Empathise 2.99 0.97 3.0
Define 2.89 1.05 3.0
Ideate 3.83 0.72 4.0
Prototype 3.83 0.84 4.0
Test 3.33 1.04 3.0
Pitch 3.44 0.86 4.0

Note. Friedman χ2 (5) = 63.76, p < .001. 
Scale: 1 = never, 5 = very often.
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4.8.1. Theme 1: AI as Productivity Scaffold, Not Design Partner
Across all 14 teams, the most frequently cited benefit of AI was speed. Students described using AI to generate initial code, 
draft dialogue and troubleshoot errors. However, teams consistently distinguished between productivity uses (where AI 
saved time) and design uses (where AI shaped decisions). Most teams reported that AI was treated as a tool for execution 
rather than as a contributor to design reasoning. As one student noted in their reflective log, the AI gave them working code but 
did not help them understand why certain mechanics suited their learning objectives.

Two excerpts capture this distinction.

“The AI was great for getting unstuck. It gave us working code in minutes. But it never told us why a mechanic fitted our learning 
goal. That part was still on us” (Team 4, focus group).

“I used it like a faster search engine. It speeds up the building, not the thinking” (Participant 23, reflective log).

4.8.2. Theme 2: Stage-Dependent Integration Patterns
Consistent with the quantitative finding that AI use was lowest during empathise and define stages, focus groups revealed 
deliberate avoidance of AI for user research. Several teams expressed concern that AI-generated personas would lack the 
specificity needed for their chosen real-world problems. In contrast, AI use during ideation and prototyping was described as 
natural and efficient. Teams reported that AI was most valuable when the task was well-defined and the team already had 
criteria for evaluating outputs.

Table 8. Team-Level Prototype Quality and Reflective 
Justification by AI Reliance Group

Team Group Proto. Justif. FC AL LD IT

1 High 15 9 3 3 3 3
2 High 17 4 3 3 4 3
3 High 14 6 2 3 3 3
4 Low 13 7 3 3 3 2
5 High 16 8 3 4 3 3
6 Low 14 11 3 2 3 3
7 High 17 8 4 3 3 4
8 Low 14 8 2 3 3 3
9 Low 10 7 2 2 2 2
10 Low 11 7 3 2 2 2
11 Low 11 10 2 2 2 2
12 High 17 8 4 3 3 4
13 High 18 8 4 4 4 3
14 Low 11 8 2 2 2 3

Note. Proto. = prototype quality total (max 20). Justif. = re
flective justification total (max 12). FC = functional com
pleteness, AL = alignment, LD = learning design, IT = iteration 
evidence. All criterion scores 0–4.

Table 9. Joint Display Integrating Quantitative and Qualitative Findings

Theme Quantitative signal Qualitative insight Integrated inference

1. Productivity 
scaffold

AI use frequency highest in 
prototyping and ideation.

AI valued for speed and execution, 
not design reasoning.

Confirms and explains: AI serves 
production more than judgement.

2. Stage- 
dependent use

AI use lowest in the empathise 
and define stages.

Teams avoided AI personas as too 
generic for real users.

Expands: low early use was 
deliberate, not incidental.

3. Verification Trust scores moderate; 
subscale reliability low.

Checking ranged from systematic 
to skipped near deadlines.

Complicates: verification is uneven 
and learned, not default.

4. Ethical 
awareness

Ethical concerns predict lower 
DT experience.

Students used AI yet felt unease 
over authorship and privacy.

Confirms: ethical awareness adds 
friction without stopping use.

Note. Each row aligns a qualitative theme with its corresponding quantitative result. The final column records the integrated inference from the 
convergent design.
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Focus group accounts made this boundary explicit.

“We did not trust AI for the empathise part. The personas it gave us felt generic. Our users were specific, so we spoke to real people 
instead” (Team 9, focus group).

“Once we knew the problem, AI was perfect for prototyping. We could judge what was good because we had set our own criteria” 
(Team 2, focus group).

4.8.3. Theme 3: Verification as Learned Practice, Not Default Behaviour
Despite moderate quantitative scores on trust and verification items, qualitative data revealed that verification practices were 
unevenly developed. Some teams described systematic checking strategies, including running AI-generated code in 
isolation, cross-referencing AI design suggestions with playtest feedback and maintaining a change log of AI-assisted 
modifications. Other teams acknowledged that they often accepted AI outputs without checking, particularly under time 
pressure. This unevenness suggests that verification is a skill that develops through practice and explicit instruction rather 
than emerging spontaneously.

The unevenness was visible across teams.

“We ran every AI snippet in a separate file before adding it. If we could not explain it, we did not use it” (Team 6, reflective log).

“Honestly, near the deadline we just pasted what worked. There was no time to check everything” (Participant 51, focus group).

4.8.4. Theme 4: Ethical Awareness Without Resolution
Students expressed awareness of ethical tensions around AI use but often lacked frameworks for resolving them. Common 
concerns included uncertainty about how much AI assistance was acceptable, discomfort with submitting AI-generated 
assets as original work and worry about data privacy when entering user research information into AI tools. These concerns 
did not prevent AI use but created an undertone of ambivalence that shaped how students discussed their work during pitches.

Students voiced this ambivalence directly.

“I felt uneasy submitting AI art as ours. It looked polished, but it did not feel fully mine” (Team 11, focus group).

“Nobody told us where the line was. How much help is too much? We were guessing” (Participant 38, reflective log).

5. Discussion
5.1. AI Integration and Design Thinking Experience

The regression analysis showed that perceived usefulness and perceived creativity support were the two significant predictors 
of overall Design Thinking experience, jointly accounting for approximately 49% of the variance. This result is consistent 
with technology acceptance research, which has long identified perceived usefulness as a central determinant of positive user 
experience and continued engagement with digital tools (Albayati, 2024; Davis, 1989). It also fits emerging higher education 
research on generative AI, where students tend to respond positively when AI is experienced as practically helpful for 
brainstorming, drafting and academic support (Chan & Hu, 2023). In the present study, however, usefulness alone was not 
sufficient. Perceived creativity support made an additional independent contribution, suggesting that students valued AI not 
only as an efficiency tool but also as a partner in idea generation and concept development. This interpretation is in line with 
recent work showing that AI can strengthen creative thinking and support ideation, although its benefits depend on how 
thoughtfully it is integrated into learning tasks (Habib et al., 2024; Sreenivasan & Suresh, 2024).

In contrast, trust and verification did not make a significant independent contribution, despite the emphasis placed on 
verification as a key mechanism in responsible AI use (Nazaretsky et al., 2025). One plausible interpretation is that trust and 
verification function less as direct predictors of positive experience and more as regulatory conditions that shape the quality of 
AI-supported learning. In other words, they may not directly increase students’ satisfaction with the Design Thinking 
process, but they may help prevent over-reliance, shallow acceptance of AI outputs or errors in judgement. This interpretation 
is consistent with qualitative studies showing that students often recognise the need to question AI-generated content, yet 
apply verification unevenly and in highly individual ways (Hadinejad et al., 2025). A second interpretation is developmental 
in which students may already regard checking, cross-referencing and validating AI outputs as necessary but effortful 
practices, and therefore not as features that enhance their immediate learning experience. This null result should be read with 
caution. The subscale’s reliability was low (α = .646). Measurement error can attenuate coefficients and mask a real effect. A 
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sensitivity analysis without this subscale left the main findings unchanged. The role of trust and verification therefore remains 
an open question.

The significant negative coefficient for ethical concerns (β = −.178, p = .049) further suggests that ethical awareness 
introduces a form of cognitive and affective friction that slightly depresses reported satisfaction. Qualitative findings 
indicated that ethical concern did not prevent AI use but instead created ambivalence that tempered otherwise positive 
evaluations. This pattern is consistent with recent studies showing that students often continue to use generative AI while 
simultaneously expressing concern about academic integrity, reliability, fairness and appropriate boundaries of use 
(Hadinejad et al., 2025; Johnston et al., 2024). Rather than indicating resistance to AI, the negative association may therefore 
reflect a more cautious and reflexive stance: students who are more alert to ethical issues may experience AI-supported 
Design Thinking as productive, but also as more complicated and morally demanding.

5.2. Stage-Dependent AI Use in Educational Game Development

The significant Friedman test and post-hoc comparisons showed that AI use was concentrated in the ideation and prototyping 
stages, with substantially lower use during empathise and define stages. This stage-dependent pattern is pedagogically 
meaningful rather than merely procedural. In design thinking, the early stages are intended to foreground users’ lived needs, 
support careful interpretation and enable problem framing before teams move towards solution generation. These phases 
depend on observation, listening and reframing, whereas later stages such as ideation and prototyping are more closely 
aligned with the affordances of generative AI (Verganti et al., 2021). This pattern is similar to what was reported by Saeidnia 
& Ausloos (2024) where AI tools are more prevalent in the ideation and prototyping stages. In fact, user feedback may matter 
even more in game development. The games are made for real players, so authentic input is essential. This helps explain the 
lower use of AI in the early stages. It also echoes work on building empathy through serious game design (Techanamurthy 
et al., 2025).

From this perspective, the relatively low AI use in empathise and define stages may also reflect productive pedagogical 
restraint. The qualitative finding that teams deliberately avoided AI for user research suggests that many students recognised 
an important boundary condition of AI support in human-centred work. This is notable because design thinking has been 
criticised when it shifts too quickly into solutionism, reducing complex human situations into problems that seem im
mediately solvable (Richterich, 2024). Generative AI may intensify that risk because it produces fluent and plausible 
responses rapidly, which can encourage premature closure if students begin treating those outputs as substitutes for direct user 
understanding and interpretive inquiry.

The qualitative finding that teams deliberately avoided AI for user research suggests the former interpretation has some 
support. However, the modest mean for B5 (AI helped make a clearer problem statement, M = 2.17) indicates that even when 
students did use AI in early stages, they did not find it particularly helpful for the kind of human-centred framing that these 
stages require. On the whole, these findings suggest that AI may be most pedagogically valuable in educational game 
development when it supports creative expansion after learners have grounded their work in authentic user insights.

5.3. Prototype Quality Versus Reflective Justification

The RQ3 comparison revealed that high AI reliance teams produced significantly stronger prototypes (Cliff’s δ = 0.959) but 
showed no advantage in reflective justification. This pattern corresponds most closely to what the original conceptual 
framework described as a scenario where AI acts as production scaffolding while compressing learning about design 
rationale. High reliance teams may have used AI to produce more polished and functionally complete prototypes, but this did 
not translate into stronger evidence-based reasoning, AI attribution or critical judgement in their pitch narratives (Du et al., 
2025).

This finding carries direct implications for assessment design. If prototype quality alone were the assessment criterion, AI 
reliance would appear beneficial. When reflective justification is included, the picture becomes more nuanced. The absence of 
a justification advantage for high reliance teams suggests that AI use did not inherently deepen metacognitive engagement 
(Tankelevitch et al., 2024). Thus, explicit pedagogical scaffolding for reflection and verification appears necessary to convert 
productivity gains into learning gains.

6. Implications and Limitations
Several design principles for courses that include AI-infused educational game development emerge from these findings. 
First, assessment should include marks for evidence trails documenting what was generated, what was checked and what was 
revised. The disparity between prototype quality and justification quality in high reliance teams suggests that verification and 
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attribution need to be rewarded, not merely permitted. Second, early Design Thinking stages require deliberate protection. 
Requiring at least one form of non-AI user evidence and penalising ungrounded synthetic empathy can preserve the epistemic 
integrity of the empathise and define stages. Third, prompt literacy should be taught as design literacy, focusing on generating 
counterexamples, surfacing assumptions and exploring constraints rather than merely obtaining outputs. Fourth, con
vergence mitigation strategies such as divergence documentation and originality criteria linked to user evidence can address 
the risk that AI nudges teams towards generic solutions.

The study contributes a context-specific model connecting technology acceptance and creativity support constructs within 
a stage-based Design Thinking process for educational game development. The four-factor structure supported by EFA 
provides empirical support for distinguishing perceived usefulness, creativity support, trust and verification, and ethical 
concerns as separable dimensions of student experience with AI. The finding that creativity support predicts DT experience 
independently of usefulness extends acceptance models by foregrounding a construct that is particularly relevant in creative 
production contexts.

However, this study acknowledges some limitations that constrain interpretation. First, the study was conducted in a single 
course at one Malaysian university with a modest sample size (n = 82), which limits generalisability and the stability of EFA 
results. The sample, while adequate for the analyses conducted (KMO = .734), remains modest for confirmatory purposes. 
With 15 items and 82 respondents, the subject-to-item ratio was 5.47:1. This falls below the often-recommended 10:1 ratio. 
The factor structure should be read as exploratory rather than confirmed. Factor loadings could differ in a new sample. 
Replication with larger and more diverse samples is needed. Second, self-report measures may be influenced by social 
desirability (Banihashem et al., 2024), especially regarding AI use under assessment conditions. Third, the trust and 
verification subscale showed relatively low internal consistency (α = .646), suggesting that the three items may not fully 
capture the construct. Fourth, the team-level analysis rested on only 14 teams, with seven per group. The median split reduced 
a continuous reliance measure to two coarse categories. Both features make the team comparison fragile and sensitive to 
individual teams. These results are exploratory and require replication with more teams. Fifth, teams selected their own real- 
world problems, introducing variability in domain complexity and stakeholder access. Finally, AI tools evolve rapidly and 
differ in capability. This study used a specific set of tools. For example, Claude AI, ChatGPT Codex and Google AI Studio 
were the main tools available. The findings may not generalise to other AI tools or to later versions.

7. Conclusion
This study examined undergraduate students’ perceptions of AI integration across a five-week Design Thinking cycle for 
educational game development, conceptualising the AI-infused process as a smart blended learning environment. The 
findings show that the value of AI was not uniform across the design process. Students viewed AI as most useful during 
ideation and prototyping, where it appeared to support creative expansion and production efficiency, but far less useful during 
empathise and define, where human-centred interpretation and problem framing remained central. Perceived usefulness and 
creativity support predicted a more positive Design Thinking experience, while ethical concerns introduced measurable 
friction. At the team level, higher AI reliance was associated with stronger prototypes but not with stronger reflective 
justification, suggesting that AI supports making more readily than it supports explaining, critiquing or justifying. All in all, 
the study argues that the educational value of AI in game development lies not in replacing core Design Thinking practices, 
but in being orchestrated as a stage-sensitive scaffold within smart learning environments that preserve empathy, strengthen 
verification and reward reflective judgement alongside product quality. Therefore, in educational game development, AI 
appears most valuable not when it accelerates everything, but when it is used deliberately at the right stage, for the right 
purpose, and under conditions that keep learning and human-centred design firmly in view.
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