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Generative artificial intelligence (GenAI) is used in programming education; how-
ever, its adoption can introduce pedagogical misalignment, shallow cognitive 
engagement, and ethical risks that threaten the sustenance of programming skills 
of students. This study evaluated the GenAI programming education framework’s 
ability to sustain higher-order thinking skills (HOTS) and programming logic while 
mitigating pedagogical, cognitive, and ethical barriers in Java programming. A 
between-group mixed-methods experiment was conducted amongst 124 under-
graduate students (62 in the control group and 62 in the experimental group) 
over 7 weeks. Learning outcomes were assessed using pretests and posttests, 
analyzed with baseline-adjusted ANCOVA and MANCOVA, and supplemented 
with trace-based learning analytics from GenAI logs collected at time points 
(Weeks 3 and 7). The experimental group showed a baseline-adjusted advantage 
on HOTS (adjusted mean difference = 0.29; p < 0.001; adjusted Hedges’ g = 0.80) 
and a smaller but significant improvement in programming logic (adjusted mean 
difference = 0.21; p = 0.047; adjusted Hedges’ g = 0.36), alongside a multivari-
ate group effect across domains. Log-derived indices also showed larger gains 
in pedagogical alignment and cognitive engagement, reflected in more fre-
quent task decomposition and debugging behaviors. Ethical engagement has 
also increased, indicating consistent hallucination and data sensitivity awareness. 
Path modelling indicated that the intervention increased changes in pedagogi-
cal, cognitive, and ethical engagement. Pedagogical alignment and cognitive 
engagement were positively associated with post-test HOTS and programming 
logic, whereas ethical engagement was negatively associated with HOTS but not 
significantly associated with programming logic. Overall, the findings suggest that 
GenAI becomes more educationally beneficial in programming when guided by 
a structured approach.
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1 Introduction

The integration of Generative Artificial Intelligence (GenAI) tools 
is reshaping programming education in higher education by providing 
context-aware assistance (Savelka et al., 2023a), code auto-completion 
(Phung et al., 2023), coding suggestions (Savelka et al., 2023b; Jonsson, 
and Tholander, 2022), and real-time feedback. Consequently, GenAI 
tools are increasingly used by educators and students in introductory 
programming courses (Ahmed et al., 2024a, 2024b; Becker et al., 
2024). Early evidence indicates that GenAI can support learning by 
clarifying syntax errors and enabling personalized guidance (Chen et 
al., 2023; Phung et al., 2023; Kazemitabaar et al., 2023). Providing sup-
port for novice learners in navigating the complexities of syntax, logic, 
and debugging (Umutlu and Gursoy, 2022; Finnie-Ansley et al., 2023).

However, the educational value of GenAI depends on how it is 
integrated into teaching and learning activities (Nathaniel et al., 
2025a). Without structured pedagogical support, GenAI use can drift 
toward answer extraction and passive acceptance of generated out-
puts, which may encourage overreliance and weaken learners’ inde-
pendent reasoning (Liu et al., 2024). In these cases, students may 
accept output without evaluating its accuracy, relevance, or alignment 
with the programming goal (Ahmed et al., 2024a, 2024b; Denny et al., 
2024). Such patterns are particularly concerning for the development 
of higher-order thinking skills (HOTS), including problem-solving, 
critical thinking, and creativity, which are central to sustained pro-
gramming competence (Nathaniel et al., 2025a; Oyelere, et al., 2022). 
For instance, studies have shown that beginners who rely on GenAI 
tools may develop a superficial understanding of the underlying pro-
gramming concepts, often bypassing deeper cognitive engagement 
(Aivaloglou and Hermans, 2016; Kazemitabaar et al., 2023). This reli-
ance has been associated with reduced retention of syntax patterns 
and weakened debugging strategies (Yang et al., 2024).

Beyond learning outcomes, GenAI adoption raises practical 
design challenges for digital learning environments, including how 
instructors can support responsible use while maintaining engage-
ment and academic integrity (Cotton et al., 2024; Di et al., 2019). In 
programming education, recurring barriers have been documented at 
the pedagogical and cognitive levels, along with technological and 
institutional constraints (Bakar et al., 2025; Cheah, 2020; Hudin, 2023; 
Medeiros et al., 2019; Moosaei and Molinero, 2025). In addition, 
recent work highlights persistent ethical and social responsibility gaps 
in programming curricula, suggesting an emerging category of ethical 
barriers to effective and socially responsible programming education 
(Fiesler et al., 2021; Kiesler and Thorbrügge, 2023; Darling-Wolf and 
Patitsas, 2024; Weichert et al., 2025). The pedagogical barriers include 
a lack of instructional scaffolding and poor alignment between 
GenAI-generated output and course learning goals, while cognitive 
barriers occur when students bypass essential reasoning processes, 
such as problem decomposition, debugging, and algorithmic thinking 
(Liu et al., 2024; Falloon, 2016; Siau and Wang, 2020). While ethical 
concerns arise around hallucination, plagiarism, and transparency, 
especially when students use GenAI tools without understanding their 
limitations or biases (Siau and Wang, 2020; Hoq et al., 2024),

To address these gaps, research has proposed frameworks and 
design principles to support GenAI integration (Dickey et al., 2023; 
Prasad and Sane, 2024; Nathaniel et al., 2025b) to increase students’ 
programming skills. However, there is limited experimental evi-
dence that addresses the barriers that come with the integration of 
GenAI into programming. To investigate whether mitigating these 

barriers, such as pedagogical, cognitive, and ethical, can improve 
higher-order thinking skills (HOTS) and understanding of pro-
gramming logic, this study used the Generative AI Programming 
education (GenAI-Ped) framework proposed by Nathaniel et al. 
(2025b). This framework was used to address the sustenance of 
HOTS and understanding programming logic in an earlier study. To 
address this gap, this study answers the following research ques-
tions (RQ):

RQ1: What is the effect of GenAI-Ped (vs. unguided GenAI use) 
on (a) posttest HOTS and (b) posttest programming logic, con-
trolling for baseline performance?

RQ1a: How does GenAI-Ped influence changes in pedagogical 
alignment and scaffolding behaviors during GenAI-supported 
programming (ΔPASI)?

RQ1b: How does GenAI-Ped influence changes in cognitive 
engagement behaviors during GenAI-supported program-
ming (ΔCEI)?

RQ1c: How does GenAI-Ped influence changes in observable 
responsible-use behaviors during GenAI-supported program-
ming (ΔEEI)?

RQ2: To what extent are changes in ΔPASI, ΔCEI, and ΔEEI 
associated with posttest HOTS and programming logic after 
accounting for baseline scores?

This study tested the following null and alternative hypotheses:

H01: After controlling for baseline performance, there is no dif-
ference between GenAI-Ped and the control group in post-test 
outcomes (HOTS and programming logic).

H11: The experimental group yields higher posttest HOTS and 
programming logic than the control group after controlling for 
baseline.

H02: Changes in ΔPASI, ΔCEI, and ΔEEI are not associated with 
post-test outcomes after accounting for baseline scores and the 
direct intervention effect.

H12: At least one process change index is associated with post-
test outcomes under the SEM model.

This study makes four contributions. First, it evaluates the GenAI 
integration protocol for Java programming based on the GenAI-Ped 
framework (Nathaniel et al., 2025b) to mitigate pedagogical misalign-
ment, shallow cognitive engagement, and ethically unsafe reliance. It 
provides controlled experimental evidence of learning outcomes, 
focusing on HOTS and programming logic. The study then intro-
duced trace-based learning analytics for GenAI-supported program-
ming through three anchored process indices derived from GenAI 
chat logs: the Pedagogical Alignment and Scaffolding Index (PASI), 
Cognitive Engagement Index (CEI), and Ethical Engagement Index 
(EEI), enabling process-level interpretation beyond outcome scores. 
Finally, it incorporates responsible-use considerations as an assessable 
component of GenAI-supported learning by operationalizing 
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observable monitoring behaviors and examining their relationship 
with learning outcomes.

2 Related works

2.1 Higher-order thinking skills (HOTS) and 
programming logic under GenAI-supported 
learning

HOTS in programming are commonly conceptualized as a cluster 
of capabilities that include computational thinking, problem solving, 
critical thinking, creativity, and metacognition, all of which depend 
on students’ ability to reason about programming logic, such as con-
trol flow, abstraction, decomposition, and algorithmic structures. In 
school-level programming contexts, cognitive, emotional, and behav-
ioral engagement have been reported as significant predictors of 
higher-order outcomes, with cognitive engagement showing particu-
larly strong links to computational and creative thinking (Li et 
al., 2023).

Work on computational thinking education more broadly 
shows that programming supports abstract thinking, problem 
solving, pattern recognition, and logical reasoning, which are core 
aspects of HOTS (Angeli and Giannakos, 2020). Reviews of com-
putational thinking and programming research in K–12 also 
emphasize improving students’ academic performance and think-
ing skills as the central aims of programming curricula (Åkerfeldt 
et al., 2024). Positions programming not only as skill acquisition 
in syntax but also as a learning environment for cultivating inten-
tional reasoning about problems, representations, and systematic 
solution development (Angeli and Giannakos, 2020; Åkerfeldt et 
al., 2024).

The integration of GenAI can support higher-order outcomes 
and programming logic when its use is structured as a scaffolded 
dialogue that requires learners to explain, justify, debug, and revise 
rather than accept outputs at face value (Nathaniel et al., 2025a). 
Empirical and design-oriented work in programming courses con-
sistently indicates that GenAI is most educationally valuable when 
tasks and guidance create pressure for evaluative reasoning, includ-
ing the critique and correction of AI-generated solutions (Dickey 
et al., 2023; Denny et al., 2024; Styve et al., 2024). Studies that inte-
grate prompt training and explicit scaffolding routines similarly 
report shifts away from one-shot code generation towards iterative 
prompting, validation, and debugging practices that more directly 
exercise programming logic and higher-order thinking (Garg et al., 
2025; Garg and Rajendran, 2024; Güner and Er, 2025). Conceptual 
frameworks also argue that prompt literacy should be taught as part 
of digital education practice, emphasizing iterative refinement, con-
straint specification, and reflective monitoring as mechanisms for 
supporting critical thinking and AI literacy, even when controlled 
outcome evidence remains limited (Hsu, 2025; Murray, 2025).

Additionally, evidence cautions that unguided or over-reliant 
GenAI use can encourage cognitive offloading and shallow 
engagement with programming logic. Where learners treat 
GenAI primarily as a solution generator, gains may concentrate 
on short-term task completion rather than durable transfer, par-
ticularly if students do not maintain epistemic agency through 
critique, testing, and revision (Li et al., 2023). Reviews and 

meta-analytic findings across education similarly suggest that 
instructed, structured use tends to outperform unguided use, and 
that effects may be stronger for lower-order outcomes than for 
higher-order outcomes, unless learning designs explicitly elicit 
evaluation and creation processes (Matobobo et al., 2025; Qu et 
al., 2025). In terms of digital education, this reinforces a key 
boundary condition: GenAI is not inherently a HOTS interven-
tion but can become one when embedded in pedagogies that 
require decomposition, validation, debugging, and justification 
as assessable learning activities (Dickey et al., 2023; Güner and 
Er, 2025; Li et al., 2023).

2.2 Pedagogy as a moderator of GenAI 
effects in programming education

Across higher education, studies highlight a recurring tension 
between efficiency-driven GenAI use and pedagogical designs that 
aim to strengthen critical thinking and learner autonomy 
(Giannakos et al., 2024; Mboya et al., 2025; Qian, 2025). In com-
puting and engineering education, reported applications often 
emphasize personalized feedback, debugging assistance, and task 
completion, with fewer studies targeting the sustained develop-
ment of professional reasoning and transferable skills (Ariza et al., 
2025; Matobobo et al., 2025). Empirical work suggests that GenAI 
is more likely to support learning when embedded in structured 
instructional routines rather than treated as ad hoc (Yılmaz and 
Yilmaz, 2023; Zhao et al., 2025). For example, improvements in 
task performance, code quality, and self-efficacy have been 
reported when GenAI use is guided by pedagogical expectations 
for explanation, revision, and evaluation, although these gains do 
not always translate into durable knowledge transfer (Liu and 
Dong, 2025).

Several frameworks have proposed structured GenAI-supported 
learning routines that aim to reduce dependence and strengthen 
learner autonomy in computer science education (Dickey et al., 2023; 
Prasad and Sane, 2024). Building on these approaches, Nathaniel et al. 
(2025b) synthesized the two frameworks into a holistic intervention 
framework called the GenAI-Ped framework and grounded its design 
in three complementary learning theories: Vygotsky’s Zone of 
Proximal Development (ZPD), Bloom’s revised taxonomy, and self-
regulated learning (SRL) theory.

In GenAI-Ped, these theories function as an integrated design 
logic rather than as parallel justifications. ZPD specifies how support 
is calibrated by aligning prompt scaffolds and instructor guidance with 
learners’ current competence and then progressively fading assistance 
as competence grows (Shabani et al., 2010). Bloom’s taxonomy speci-
fies the cognitive demand of activities by structuring tasks and 
prompts to elicit analysis, evaluation, and creation, such as tracing 
program logic, critiquing GenAI outputs, comparing alternatives, and 
producing justified revisions (Krathwohl, 2002). SRL specifies how 
learners sustain these cognitive targets through explicit plan–moni-
tor–reflect routines that promote goal-setting, monitoring output 
quality against constraints, testing and debugging, and reflective 
refinement (Prasad and Sane, 2024). GenAI-Ped also incorporates the 
Universal Design for Learning to provide multiple means of engage-
ment and expression, supporting inclusivity across learners’ needs 
(Roth et al., 2021). These elements operationalize GenAI-Ped as a scaf-
folded, autonomy-oriented approach that integrates prompt engineer-
ing, structured verification, and ethical reflection to support cognitive 
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engagement and responsible GenAI use while tailoring guidance to 
learners’ prior knowledge and accessibility requirements.

2.3 Cognitive scaffolding in 
GenAI-supported programming

GenAI can serve as a cognitive scaffold by supporting learners in 
clarifying requirements, generating solution alternatives, and debug-
ging errors, particularly when learners lack stable schemas for tracing 
and abstraction (Zhao et al., 2025; Grover and Pea, 2013). Behavioral 
evidence highlights the risk of shallow processing when learners 
accept generated solutions without sufficient decomposition, debug-
ging or tracing, and validation cycles (Liu et al., 2024; Salas and Stagl, 
2012). This pattern can produce strong immediate outputs while 
weakening longer-term transfer and independent problem-solving 
capacities (Li et al., 2023).

Collaborative human–AI approaches have been reported to 
improve computational thinking, learning attitudes, and performance 
relative to conventional computer-supported instruction (Zhao et al., 
2025). This suggests that GenAI may strengthen engagement when 
used to externalize reasoning and guide learners through intermediate 
steps. Scaffolding theory also emphasizes contingency and fading, 
where support is adjusted to learner needs and gradually reduced as 
competence increases (Nathaniel et al., 2025b; Shabani et al., 2010; 
Salleh et al., 2018). This suggests that GenAI is not inherently benefi-
cial or harmful, but its cognitive impact depends on whether the 
instruction elicits active reasoning processes rather than passive adop-
tion of outputs (Giannakos et al., 2024; García-López and Trujillo-
Liñán, 2025).

2.4 Ethical risks and governance in 
GenAI-supported programming education

The increasing use of GenAI in education raises ethical concerns 
related to academic integrity, authorship, transparency, and equity 
(Hoq et al., 2024; Cotton et al., 2024). Students may also face risks 
related to hallucinated or error-laden outputs, biased code patterns, 
and inappropriate reuse of content without attribution, which can 
undermine accountability during programming (Elsayed, 2024; 
Holmes et al., 2022; Siau and Wang, 2020). In addition, unequal access 
to paid tools and differences in institutional guidance may deepen 
digital divides and create inconsistent learning opportunities (García-
López and Trujillo-Liñán, 2025; Monib et al., 2024).

Recent work argues that responsible integration requires explicit 
GenAI literacy and governance mechanisms embedded within pro-
gramming tasks rather than isolated ethics instructions (Kong and 
Yang, 2024; Ariza et al., 2025). This includes teaching learners to 
evaluate output credibility, justify decisions, verify correctness, and 
recognize situations where GenAI should not be relied upon (Tsai et 
al., 2025; Ng et al., 2022; Kurtz et al., 2024; Walter, 2024). These per-
spectives motivate instructional approaches that integrate ethical 
reflection into day-to-day problem-solving while keeping educators 
responsible for cultivating reasoning, critique, and autonomy.

2.5 GenAI beyond introductory 
programming tasks

Recent research shows that generative AI (GenAI) is increasingly 
applied to advanced programming-related workflows, particularly in 

data analytics, where end-to-end problem framing, verification, and 
interpretation are central. For instance, Valverde-Rebaza et al. (2024) 
examined non-computing students and professionals completing a 
full data analytics project using conventional tools, general-purpose 
ChatGPT, or an integrated GPT–LIDA analytics and visualization 
workflow. They found that the GPT–LIDA configuration was the pre-
ferred and better-supported solution for development, but effective 
use still required users to understand the analytics process and to vali-
date model outputs, underscoring the continuing need for structured 
scaffolding rather than one-shot automation. Complementing this 
learning-focused evidence, systems work has demonstrated that LLMs 
can be tailored for analytics tasks such as schema understanding, data 
discovery, and text-to-SQL, indicating growing capacity for realistic 
data-management programming tasks beyond short code snippets 
(Zhang J. et al., 2025; Zhang Y. R. et al., 2025). Related efforts also 
show GenAI’s role in generating maintainable, modular user-facing 
applications, for example, by translating UI wireframes into structured 
front-end code for domain dashboards (Xu and Yu, 2025), as well as 
supporting constrained deployments through offline, code-oriented 
models that generate analytics code under data-sensitivity require-
ments (Nikolakopoulos et al., 2025). Across these advanced contexts, 
a consistent implication emerges: as GenAI is used for more complex 
programming-related work, learning and performance depend 
increasingly on routines that elicit decomposition, validation, debug-
ging, and justified revision, rather than passive acceptance of gener-
ated outputs.

3 Materials and methods

3.1 Study design

A between-subjects mixed-methods experiment was conducted 
to evaluate whether a structured GenAI integration approach using 
the GenAI-Ped framework improves higher-order thinking skills 
(HOTS) and programming logic in Java programming, compared 
with self-directed GenAI use. It also evaluates whether addressing 
pedagogical, cognitive, and ethical barriers improves HOTS and the 
understanding of programming logic. Quantitative outcomes were 
measured using the HOTS-programming logic rubric adopted from 
Nathaniel et al. (2025b) to score the pre- and post-tests, supplemented 
with log-derived process indices from GenAI chat logs and open-
ended learner feedback. This combination enabled the triangulation 
of learning outcomes and learner experiences (Creswell and Plano 
Clark, 2017).

3.2 Study setting, participants, and ethical 
approval

The study was conducted at Covenant University (Nigeria) as a 
standalone intervention delivered outside the normal class hours. 
Participation was voluntary, did not contribute to course grades, and 
non-participation did not carry any academic penalty. The instruc-
tional content covered core programming concepts in introduction to 
Java programming (conditionals, loops, arrays, and methods) deliv-
ered through weekly instruction and programming exercises over 
seven instructional weeks (Weeks 1–7). No incentives or rewards 
were given.
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A total of 124 s-year undergraduate students provided informed 
consent and were enrolled in the study. All participants reported no prior 
experience in Java at the study entry, indicating a relatively homogeneous 
baseline level for the target language across conditions. Participants’ ages 
ranged from 18 to 21 years, and the sample comprised 70% male and 
30% female participants. Participants were randomly assigned at the 
individual level to either the experimental group (n = 62) or the control 
group (n = 62) using a computer-generated random allocation sequence 
(simple randomization with a 1:1 allocation ratio). No stratification was 
performed. Allocation was implemented after enrollment, and group 
membership was recorded using anonymized participant identifiers. No 
participants withdrew, and no exclusions were applied beyond informed 
consent and participation. All participants completed the pretest (Week 
1) and posttest (Week 7), and outcome analyses were conducted on the 
full sample (N = 124). For process measures, GenAI chat interaction logs 
were collected in Weeks 3 (baseline) and 7 (post-intervention).

Ethical approval was obtained from the Institutional Review 
Board (Protocol: CHREC/1097/2025). GenAI interaction logs and 
feedback were de-identified prior to analysis and securely stored. A 
power analysis was conducted using G*Power software to confirm the 
adequacy of the sample size (Tursynkulova et al., 2023). Power was 
assessed using a Monte Carlo simulation implemented in Python 
(NumPy/SciPy) and supplemented by G*Power for baseline checks. A 
sensitivity power analysis (α = 0.05, power = 0.80) indicated that with 
N = 124 (62 per group), the sample size was sufficient for the educa-
tional interventions (Kyriazos, 2018).

3.3 Group assignment and contamination 
management

Participants were randomly assigned at the individual level to either 
an experimental group (n = 62) or a control group (n = 62). Both groups 
used the same GenAI tool (ChatGPT) for their programming tasks. The 
only experimental manipulation was the presence (experimental) or 
absence (control) of the GenAI-Ped framework. Both conditions cov-
ered the same Java topics, worked on the same types of programming 
activities, and completed the same assessments. To reduce expectancy 
and scoring bias, assessment scripts were anonymized and scored by 
raters blinded to the group and timepoint (Section 3.6).

3.4 Procedure and timeline

The study followed a common baseline phase before the condi-
tions diverged and a condition-specific intervention phase that ran 
through the end of the study period (Figure 1). In Week 1, the partici-
pants completed a background survey and a rubric-scored pretest 
assessing HOTS and programming logic. Survey responses were used 
to co-develop SMART learning objectives that guided the interven-
tion. In Week 2, all participants attended a one-off GenAI literacy 
training, and the experimental group also had ethics orientation, 
which introduced acceptable and unacceptable GenAI use in aca-
demic programming tasks and provided concrete examples to estab-
lish a shared minimum standard of ethical awareness and tool literacy 
prior to the intervention phase, as shown in Figure 1.

From Weeks 3 to 6, the participants engaged in weekly program-
ming activities using ChatGPT under their assigned groups. The con-
trol group used ChatGPT in a self-directed manner without structured 
prompting routines or scaffolding guidance, whereas the experimental 

group used ChatGPT through the GenAI-Ped framework, which 
structured prompt construction, monitoring, revision, and responsi-
ble use of programming tasks. In Week 7, all participants completed a 
rubric-scored post-test administered under the same conditions as the 
pretest and provided learner feedback. GenAI interaction logs were 
collected for both groups at designated measurement timepoints cor-
responding to week 3 and week 7: posttest and endline data collection 
(logs and learner feedback), administered within the week 7 window.

To ensure that the logs contained sufficient task-relevant evidence 
for coding and index construction, a minimum interaction threshold 
was applied at each timepoint: at least five prompt–response turns per 
timepoint (defined as a student prompt and the corresponding GenAI 
reply; ≥10 total messages). participants met this minimum threshold 
at both log time points (Weeks 3 and 7); therefore, there were no miss-
ing process data for PASI, CEI, and EEI construction.

3.5 Conditions

3.5.1 Control group

The participants in the control group used ChatGPT in a self-
directed manner, reflecting typical ad hoc GenAI use for program-
ming tasks. Beyond basic study procedures (how to access the tool, 
complete assigned tasks, and submit required responses and logs), no 
structured prompting routines, verification requirements, planned 
fading guidance, or task-specific scaffolding were provided to the par-
ticipants. From Weeks 3–6, the learners independently decided how 
to prompt, whether to verify outputs, and whether to revise responses.

3.5.2 Experimental group (GenAI-Ped framework)

Participants in the experimental group used the same GenAI tool 
(ChatGPT) as the control group, but their use of the tool was integrated 
into programming education through the GenAI-Ped framework. The 
framework was implemented as an integrated package designed to sup-
port deliberate prompting, self-regulation, and responsible use during 
programming tasks rather than as separate experimental manipulations. 
Across Weeks 3 to 6, the framework combined prompt engineering and 
Plan–Monitor–Reflect training (Prasad and Sane, 2024) to help learners 
construct task-aligned prompts and regulate their interaction with 
GenAI outputs. Structured scaffolding resources, such as example 
prompts and guided revisions, promote iterative improvement and 
embed ethical requirements to reduce hallucination risk, protect privacy, 
and reinforce appropriate academic practice. The framework also incor-
porated peer exchange activities focused on prompt formulation and 
refinement and a planned fading approach, in which instructor support 
was progressively reduced over time to strengthen learner autonomy.

In Week 3, the participants received explicit training on construct-
ing task-aligned prompts, monitoring and verifying GenAI outputs 
against programming goals, and revising prompts in response to cor-
rectness checks and task constraints. GenAI chat log data were also 
collected during this week. In weeks 4 to 6, the participants applied 
these routines to programming challenges in a sequence that provided 
stronger scaffolding early and progressively increased independence 
later. Instructor support was intentionally reduced each week, and by 
Week 5, participants were increasingly expected to justify revisions, 
self-check correctness, and finalize solutions with minimal external 
guidance. In Week 6, the participants completed an independent 
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capstone task in which they used ChatGPT to explore solution alter-
natives, evaluate logical quality, and justify final implementations.

To quantify adherence to the intended routines, coded interac-
tion log excerpts were mapped to three binary indicators aligned 
with targeted behaviors. Prompt-Structure Uptake (PSU) captured 
evidence of structured prompt construction and uptake of taught 
routines, Scaffolded Depth and Revision (SDR) captured evidence 
of iterative improvement and depth of processing supported by 
scaffolding, and Logic Validation and Debugging (LVD) captured 
evidence of validation and debugging behaviors during GenAI-
supported programming work. These indicators were coded at the 
participant × timepoint level (present = 1 or absent = 0) and 
reported as n/N (%) by group at weeks 3 and 7. Planned fading was 
evaluated by examining whether endline logs collected in Week 7 
showed increased learner-initiated revision and validation behav-
iors relative to baseline logs in Week 3, consistent with the intended 
reduction of instructor scaffolding during the later weeks.

3.6 Data collection instruments

3.6.1 Learning outcomes: rubric-scored pretest 
and posttest

Learning outcomes were scored using the HOTS-programming 
logic rubric adopted from Nathaniel et al. (2025a), organized into four 
domains (problem-solving, critical thinking, creativity, and program-
ming logic) across 28 criteria (Supplementary Table S4). Criterion 
scores were aggregated to domain scores by averaging criteria within 
each domain. HOTS was operationalized as the mean of the problem-
solving, critical thinking, and creativity domains, while programming 
logic was retained as a distinct domain score. Gain was computed as 
posttest minus pretest on the same 0–4 scale.

Each criterion was scored on a 0–4 proficiency scale (4 indicates 
highest proficiency). Both assessments used the same response format, 
time allocation, and scoring procedure, with identical performance 

FIGURE 1

Overview of the experimental procedure and measurement schedule. Learning outcomes were assessed in weeks 1 (pretest) and 7 (posttest). Process 
measures (GenAI interaction logs) were collected at week 3 (baseline log timepoint) and week 7 (post-intervention log timepoint) and were used to 
construct the PASI, CEI, and EEI. Weeks 1–2 comprised the background survey, GenAI literacy (and ethics orientation for the experimental group), and 
the pre-test, while weeks 3–6 comprised condition-specific programming activities and scaffolding/fading.

https://doi.org/10.3389/fcomp.2026.1789829
https://www.frontiersin.org/journals/computer-science
https://www.frontiersin.org


Nathaniel et al.� 10.3389/fcomp.2026.1789829

Frontiers in Computer Science 07 frontiersin.org

descriptors. To support pre- and post-equivalence, tasks were mapped 
to the same coverage clusters (Supplementary Table S5) while using 
different surface contexts and codebases across forms; representative 
abbreviated task examples and the mapping evidence are provided in 
the Appendix.

Two independent raters scored scripts using a shared scoring guide 
and a calibration set before full scoring. Scripts were anonymized using 
participant identifiers and presented in a mixed order. Raters were 
blinded to group and timepoint (weeks 1 and 7) during scoring.

3.6.2 Process measures: GenAI interaction logs 
and learner feedback

To examine how learners engaged with GenAI during program-
ming tasks, three log-derived process indices were constructed from 
behaviorally anchored indicators coded from interaction logs at two 
timepoints (Weeks 3 and 7): the Pedagogical Alignment and 
Scaffolding Index (PASI), Cognitive Engagement Index (CEI), and 
Ethical Engagement Index (EEI). The full coding scheme and anchors 
are provided in Supplementary Table S1. Open-ended learner feed-
back was collected at the same measurement timepoints and used to 
contextualize quantitative findings.

3.7 Log coding, index construction, 
aggregation, and reliability

3.7.1 Pedagogical alignment and scaffolding index 
(PASI)

PASI captures the extent to which a learner’s GenAI use supports 
task-aligned learning rather than answer extraction. Higher PASI 
indicates prompts that remain anchored to the programming goal 
and reflect uptake of scaffolding and revision routines. PASI is a 
composite measure that includes both general alignment and com-
pliance-related elements; it should not be interpreted as an engage-
ment-only measure.

PASI was coded from three 0–2 indicators: goal alignment, scaf-
fold uptake, and iterative revision. Goal alignment captured whether 
prompts were framed around programming objectives (for example, 
explanations, constraints, and debugging support) rather than direct 
solution requests. Scaffold uptake captured evidence of using struc-
tured supports introduced in the framework (for example, Plan–
Monitor–Reflect phrasing). Iterative revision captured whether 
learners refined prompts or corrected code in response to errors or 
mismatches between GenAI output and task requirements.

3.7.2 Cognitive engagement index (CEI)

CEI captures the extent to which learners engage in active rea-
soning while using GenAI rather than passively accepting outputs. 
Higher CEI indicates more deliberate thinking during GenAI-
supported programming. CEI was coded from three 0–2 indicators: 
decomposition, debugging or tracing, and validation. 
Decomposition captured whether learners broke tasks into sub-
problems or requested support for subcomponents. Debugging and 
tracing captured identification of faults, stepwise logic tracing, and 
iterative correction. Validation captured evidence of checking cor-
rectness, requesting justification, testing edge cases, comparing 
alternatives, or verifying alignment with task requirements.

3.7.3 Ethical engagement index (EEI)

EEI captures observable responsible GenAI use in interaction 
logs, rather than self-reported attitudes. Higher EEI indicates more 
consistent evidence of recognizing and acting on ethical constraints. 
EEI was coded from three 0–2 indicators: hallucination awareness, 
privacy and data sensitivity awareness, and academic integrity and 
attribution awareness. Hallucination awareness captured explicit ques-
tioning of correctness or requests for justification. Privacy awareness 
captured avoidance of sensitive data or explicit privacy constraints. 
Integrity and attribution awareness captured appropriate use practices 
such as distinguishing assistance from authorship and avoiding direct 
submission of unverified outputs.

3.7.4 Scorability, missingness, and change-score 
computation

A log was treated as scorable at a given timepoint only if it met the 
minimum interaction requirement stated in the data collection sub-
section (≥5 prompt–response turns; ≥10 total messages) and showed 
task-relevant engagement. Logs were treated as scorable only if they 
met the predefined minimum interaction threshold at each timepoint 
(at least five prompt–response turns). In this study, all participants met 
the threshold at both log timepoints (Weeks 3 and 7); therefore, there 
was no missing process data, ΔIndex change scores were computed 
for the full sample, and no imputation was required. Scorable log 
counts by group and timepoint are reported to support transparency 
and comparability assessment. For each timepoint, indicator scores 
were aggregated by averaging within the index:

	•	 PASI_t = mean (goal alignment_t, scaffold uptake_t, iterative 
revision_t)

	•	 CEI_t = mean (decomposition_t, debugging or tracing_t, 
validation_t)

	•	 EEI_t = mean (hallucination awareness_t, privacy awareness_t, 
integrity or attribution awareness_t)

Change scores were computed as ΔIndex = post-intervention − 
baseline and were calculated only for participants with scorable logs 
at both timepoints.

Although indicator ratings are ordinal, average indices were used 
to provide interpretable and comparable summaries. Sensitivity analy-
ses were conducted using alternative aggregations (sum and median) 
and ordinal-model robustness checks.

3.7.5 Inter-rater reliability and trustworthiness

Two independent coders scored PASI, CEI, and EEI using the 
anchored 0–2 scheme (0 = absent; 1 = partial; 2 = clearly present) 
applied at the participant × timepoint level. Coders were blinded to 
group and timepoint using anonymized identifiers and mixed order-
ing of logs. Quadratic weighted Cohen’s kappa (κw) was computed for 
ordinal agreement (Cohen, 1968). Pooled agreement across indicators 
and timepoints was κw = 0.749, indicating substantial agreement 
using the predefined criterion (0.67–0.80) (Landis and Koch, 1977). 
Disagreements were resolved by adjudication and consensus and 
recorded in an audit trail.

Reliability for rubric-based outcomes was also assessed using qua-
dratic weighted κw. Two independent raters scored scripts using a 

https://doi.org/10.3389/fcomp.2026.1789829
https://www.frontiersin.org/journals/computer-science
https://www.frontiersin.org


Nathaniel et al.� 10.3389/fcomp.2026.1789829

Frontiers in Computer Science 08 frontiersin.org

common guide, with adjudication for disagreements. Agreement was 
strong (pooled κw = 0.86; pretest κw = 0.86; posttest κw = 0.86). 
Internal consistency of domain-level composites was examined using 
Cronbach’s alpha and ranged from acceptable to excellent across 
domains and timepoints (problem-solving α = 0.78 pre; 0.76 post; 
critical thinking α = 0.84 pre; 0.73 post; creativity α = 0.71 pre; 0.70 
post; programming logic α = 0.90 pre; 0.90 post). Alpha is reported 
descriptively to characterize coherence of the domain composites.

For log-derived process measures, two independent coders 
applied the predefined anchored 0–2 codebook. at the participant × 
timepoint level (Week 3; Week 7). Inter-coder agreement was evalu-
ated using quadratic weighted κw, yielding substantial agreement 
across constructs and timepoints (κw range 0.733–0.747; CEI: 0.739 
at Week 3 and 0.733 at Week 7; EEI: 0.741 at Week 3 and 0.741 at Week 
7; PASI: 0.739 at Week 3 and 0.745 at Week 7). Pooled by group, agree-
ment was κw = 0.733 (control group) and κw = 0.757 (experimental 
group). Discrepancies were resolved through adjudication and con-
sensus, with decisions recorded in an audit trail.

3.8 Data analysis

Analyses tested (i) whether the experimental group outperformed 
the control group on posttest HOTS and programming logic and (ii) 
whether changes in log-derived indices (ΔPASI, ΔCEI, ΔEEI) were 
associated with post-intervention outcomes. Tests were two-tailed 
with α = 0.05. Outcome models used participants with complete pre- 
and post-scores. Log-derived timepoint indices were computed only 
from scorable logs; ΔIndex analyses included only participants with 
scorable logs at both timepoints.

For each outcome, ANCOVA was used with the posttest score as 
the dependent variable, group as the fixed factor, and the correspond-
ing pretest score as the covariate (Bloom et al., 2007; Anugrah et al., 
2025; De et al., 2025). Assumptions were evaluated using residual 
diagnostics, and homogeneity of regression slopes was assessed using 
the group × pretest interaction. MANCOVA was used to test the joint 
group effect across posttest HOTS and posttest programming logic 
while controlling baseline covariates. Between-group standardized 
differences were reported as Hedges’ g with 95% confidence intervals, 
and Gardner–Altman plots were used as descriptive complements to 
baseline-adjusted inference (Chala et al., 2025; Misrom et al., 2020).

SEM was used as supplementary mechanism evidence. A theory-
driven path model estimated paths from group to ΔPASI, ΔCEI, and 
ΔEEI, and from baseline outcomes and process changes to post-inter-
vention outcomes, with correlated change terms where appropriate. 
Given that indices are derived from ordinal indicators and that PASI 
includes compliance-coded elements, SEM results were interpreted 
cautiously and supported by robustness checks. Specifically, models 
were re-estimated using alternative aggregations (sum and median) 
and using a reduced PASI that excluded explicit structure-uptake 

indicators (Plan–Monitor–Reflect markers), and the direction and 
interpretation of key paths were compared. Qualitative feedback and 
selected log excerpts were analyzed thematically in NVivo, aligned 
with the pedagogical, cognitive, and ethical constructs underpinning 
GenAI-Ped. Trustworthiness procedures are reported alongside the 
qualitative analysis subsection (Nowell et al., 2017).

4 Results

4.1 Sample and descriptive overview

The findings are based on 124 participants, with 62 in the control 
group and 62 in the experimental group. Table 1 summarizes descrip-
tive statistics for HOTS and programming logic at pretest and post-
test, together with gain scores. Descriptively, both groups improved 
from pretest to post-test on both outcomes, with the experimental 
group showing higher post-test performance and larger gains overall. 
Because baseline performance was not identical across groups, this 
study utilized baseline-adjusted structural models to isolate the 
unique treatment effect, a statistically rigorous approach supported by 
Shadish (2002). The effect sizes and inferential conclusions are drawn 
primarily from the baseline-adjusted models reported in the subsec-
tions that follow, while Table 1 is provided to contextualize the pattern 
of change.

4.2 Baseline-adjusted posttest group effects 
(ANCOVA)

Baseline-adjusted analyses indicated a clear post-intervention 
advantage for the experimental group on HOTS after controlling pre-
test performance. The adjusted group difference was positive and 
practically meaningful, indicating that GenAI-Ped supported higher-
order outcomes beyond baseline ability. While the baseline-adjusted 
effect on programming logic was smaller in magnitude, suggesting a 
more modest improvement relative to HOTS (Table 2). For both out-
comes, the effect direction was consistent with the descriptive pattern 
in Table 1. Full model outputs, including adjusted mean differences, 
95% confidence intervals, p-values, and effect sizes (partial η2 and 
adjusted Hedges’ g), are reported in Table 2.

4.3 Joint multivariate effect and 
estimation-based interpretation

A multivariate baseline-adjusted test indicated an overall post-
intervention advantage for the experimental group across the com-
bined outcome set (post-test HOTS and post-test programming logic), 
after controlling for the corresponding pretest scores. The multivariate 

TABLE 1  Descriptive statistics by group (pretest, post-test, gain).

Outcome Group Pre M Pre SD Post M Post SD Gain M Gain SD

HOTS overall Control 1.84 0.49 2.46 0.32 0.62 0.47

HOTS overall Experimental 1.98 0.42 2.78 0.42 0.80 0.51

Programming logic Control 1.73 0.56 2.24 0.70 0.51 0.54

Programming logic Experimental 1.82 0.58 2.51 0.64 0.69 0.71
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effect of the group was statistically significant [Wilks’ λ = 0.8534, F 
(2,119) = 10.2229, p = 0.0001], indicating that the two groups differed 
on the outcomes when considered jointly. This multivariate result is 
consistent with the ANCOVA pattern, indicating that the GenAI-Ped 
group difference is not confined to a single outcome. To communicate 
magnitude, between-group standardized differences are reported as 
Hedges’ g with 95% confidence intervals for gain scores and post-test 
separation (Table 3).

To complement the baseline-adjusted models, unadjusted post-
test contrasts were examined using Gardner–Altman estimation plots, 
which display raw score distributions alongside the mean difference 
and its 95% confidence interval. As shown in Figure 2, the experimen-
tal group showed higher post-test performance on key domains, with 
mean differences that were consistently positive. The experimental 
minus control mean difference was 0.512 for critical thinking (95% CI 
[0.344, 0.723]) and 0.308 for problem-solving (95% CI [0.066, 0.532]), 

with a smaller but positive contrast for programming logic (0.268, 
95% CI [0.046, 0.502]). The creativity contrast was smaller and less 
certain (0.152, 95% CI [−0.001, 0.334]), consistent with a weaker 
unadjusted separation on that domain.

Additionally, Assumption checks for the baseline-adjusted 
ANCOVA and MANCOVA models were conducted using numerical 
residual and influence diagnostics on the full sample (N = 124; n = 62 
per group). Shapiro–Wilk tests of model residuals indicated no severe 
departures from normality (post-HOTS: W ≈ 0.97, p = 0.02; post-
programming logic: W ≈ 0.99, p > 0.10). Homoscedasticity was 
assessed using the Breusch–Pagan test [HOTS: LM χ2(1) = 0.58, 
p = 0.446; programming logic: LM χ2(1) = 3.65, p = 0.056]. 
Homogeneity of regression slopes was supported by non-significant 
group × pretest interactions for both outcomes [HOTS: 
F(1,120) = 1.42, p = 0.236; programming logic: F(1,120) = 0.85, 
p = 0.358]. Influence screening using Cook’s distance (threshold ≈ 

TABLE 2  ANCOVA results with effect sizes (baseline-adjusted post-test).

Outcome Adj. mean 
(Ctrl)

Adj. mean 
(Exp)

Mean diff. p Partial η2 Adj. Hedges’ g

HOTS overall 2.48 2.76 0.29 < 0.001 0.14 0.80

Programming logic 2.27 2.48 0.21 0.047 0.03 0.36

TABLE 3  Between-group effect sizes (Hedges’s g) for gain and posttest separation (95% CIs).

Outcome Between-group g on 
gain

95% CI Between-group g on 
posttest

95% CI

HOTS overall 0.37 [0.02, 0.7] 0.86 [0.49, 1.23]

Programming logic 0.27 [−0.08, 0.63] 0.40 [0.04, 0.75]

FIGURE 2

Gardner-Altman estimation (Landis and Koch, 1977), plots of post-test scores raw data + mean differences + 95% CI.
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FIGURE 3

SEM path model for intervention, process indices (ΔPASI/ΔCEI/ΔEEI), and outcomes (the solid black arrow indicates that there exists a significant 
impact; the solid red arrow indicates statistically significant negative paths, while dashed lines represent non-significant paths). All coefficients and 
p-values correspond to the parameter estimates reported in Supplementary Table S2.

0.032) identified only a small number of potentially influential cases; 
refitting models after their exclusion produced no substantive changes 
in estimates or inference. For programming logic, inference was addi-
tionally verified using heteroskedasticity-consistent (HC3) standard 
errors; conclusions remained unchanged. A simulation-based sensitiv-
ity analysis for the MANCOVA (α = 0.05) indicated that the mini-
mum detectable between-group multivariate separation for 80% 
power was approximately Mahalanobis D = 0.70.

4.4 Trace-based process indices and 
adherence evidence from GenAI logs

All participants provided scorable interaction logs at both times 
(Weeks 3 and 7). Accordingly, scorable counts were identical across 
groups and timepoints (Control: 62/62 at Week 3; 62/62 at Week 7; 
Experimental: 62/62 at Week 3; 62/62 at Week 7), and no partici-
pants were excluded from ΔIndex computation as there was no 
missing process data. Because there were no exclusions. Changes in 
the trace-based process indices were examined to understand how 
GenAI-Ped shaped learners’ observable GenAI use. The interven-
tion was positively associated with improvements in all three indi-
ces, including GenAI-Ped → ΔPASI (B = 0.785, z = 7.613, 
p < 0.001), GenAI-Ped → ΔCEI (B = 0.425, z = 4.895, p < 0.001), 
and GenAI-Ped → ΔEEI (B = 0.446, z = 5.255, p < 0.001). These 
results indicate that the structured condition increased pedagogical 
alignment and scaffolding-related behaviours, active cognitive 
engagement behaviours, and observable ethical engagement behav-
iours in the logs.

Adherence to key framework routines was summarised as propor-
tions (n/N, %) for Prompt-Structure Uptake (PSU), Scaffolded Depth 

and Revision (SDR), and Logic Validation and Debugging (LVD) at 
weeks 3 (baseline) and 7 (endline). At baseline, adherence proportions 
were identical across groups, with PSU = 15/62 (24.19%), SDR = 5/62 
(8.06%), and LVD = 22/62 (35.48%) in both conditions. At post-inter-
vention, the experimental group showed higher adherence across all 
indicators than the control group, with PSU = 35/62 (56.45%), 
SDR = 42/62 (67.74%), and LVD = 40/62 (64.52%), compared with 
PSU = 19/62 (30.65%), SDR = 5/62 (8.06%), and LVD = 22/62 
(35.48%) in the control group. This pattern suggests stronger engage-
ment with structured prompting, deeper revision-oriented processing, 
and logic validation and debugging behaviours under GenAI-Ped, 
while the control group showed smaller changes consistent with 
unstructured GenAI use.

4.5 SEM and path analysis as mechanism 
evidence

A theory-driven path model was estimated to examine relationships 
between the intervention, changes in the trace-based process indices 
(ΔPASI, ΔCEI, ΔEEI), and post-intervention outcomes. Model fit was 
within recommended thresholds (χ2/df = 1.25, CFI = 0.98, TLI = 0.97, 
RMSEA = 0.042, 90% CI [0.02, 0.06], SRMR = 0.038). Full parameter 
estimates are reported in Supplementary Table S2, and the model struc-
ture is illustrated in Figure 3.

For HOTS, baseline performance remained a strong predictor 
(Pre-HOTS → Post-HOTS, B = 0.295, z = 4.332, p < 0.001). After 
accounting for baseline HOTS, positive associations were observed for 
ΔPASI → Post-HOTS (B = 0.133, z = 2.295, p = 0.022) and ΔCEI → 
Post-HOTS (B = 0.173, z = 2.217, p = 0.027), alongside a positive 
direct intervention effect (GenAI-Ped → Post-HOTS, B = 0.191, 
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z = 2.500, p = 0.012). The ΔEEI → Post-HOTS path was negative 
(B = −0.193, z = −2.323, p = 0.020) and is interpreted cautiously as a 
potentially complex relationship, given correlations among the pro-
cess-change indices.

For programming logic, baseline programming logic showed a 
large association with post-intervention performance (pre-logic → 
post-programming logic, B = 0.594, z = 6.569, p < 0.001). Positive 
paths were observed for ΔPASI → Post-programming logic (B = 0.097, 
z = 2.156, p = 0.0315) and ΔCEI → Post-programming logic 
(B = 0.259, z = 2.004, p = 0.045). In contrast, ΔEEI → Post-
programming logic was not statistically significant (B = −0.136, 
z = −0.982, p = 0.326). The direct intervention path to programming 
logic was marginal (GenAI-Ped → Post-programming logic, 
B = 0.085, z = 1.958, p = 0.0502).

4.6 Qualitative findings from learner 
feedback (thematic analysis)

Qualitative feedback collected at (weeks 3 and 7) was analysed 
thematically to characterise learners’ experiences of GenAI-supported 
programming under the two conditions. The coding followed the pre-
defined codebook (TH1–TH6) presented in Supplementary Table S3. 
For reliability, two coders independently assigned a single theme per 
excerpt at each timepoint, yielding substantial agreement (κ = 0.787 
overall; Week 3 κ = 0.771; Week 7 κ = 0.798). Disagreements were 
resolved through peer debriefing and consensus, and code refine-
ments were documented.

Across themes, experimental-group feedback more often 
described interactive engagement, improved prompt formulation, 
scaffolded reasoning, and deliberate verification and debugging 
behaviours. In contrast, control-group feedback more often reflected 
usability friction and information overload, frustration with unusable 
outputs, and weaker evaluation practices. The thematic patterns are 
reported below with illustrative excerpts.

TH1 engagement and interactivity: Experimental-group partici-
pants frequently described GenAI-supported learning as interactive 
and engaging, emphasising sustained dialogue and follow-up ques-
tioning. One student reported that the learning experience “felt engag-
ing” and enabled them to “ask follow-up questions” and “get instant 
clarification,” which made learning “more like a conversation than a 
lecture.” Control-group participants more often described difficulty 
steering the tool and managing responses, with one student noting 
that it “gives me too much information” and required repeated prompt 
changes.

TH2 cognitive load management and usability: Experimental-
group feedback commonly highlighted simplification and manage-
ability of explanations, with students describing more efficient 
learning through personalised clarification and instant feedback. In 
contrast, control-group excerpts more often described usability fric-
tion and frustration when generated code was not executable, for 
example, “It keeps giving me codes that are not really running,” 
accompanied by uncertainty about how to proceed.

TH3 scaffolding and depth of processing: Students in the experi-
mental group described increased usefulness of GenAI when they 
learned to request stepwise explanations and interpret reasoning, par-
ticularly for core constructs such as loops, conditionals, and error 
handling. Guidance was frequently attributed to the structured rou-
tines, as reflected in the comment that “the tips from the instructor 
helped me get better answers from ChatGPT.” Control-group excerpts 

contained fewer indications of scaffolded, stepwise reasoning and 
more accounts of trial-and-error interaction.

TH4 Prompting competence development: Early feedback indicated 
that learners initially struggled to formulate effective prompts, with 
some reporting that unclear prompting produced “weird answers.” 
Over time, experimental-group students described improved prompt-
ing competence linked to guidance and iteration, noting that the expe-
rience was “much more effective” after learning how to use the AI 
tools and that GenAI could “break it down as much as I ask it to.” 
Control-group feedback more often suggested limited prompt refine-
ment and weaker evaluation practices, including statements such as “I 
don’t double-check the responses” and “I just copy and paste the code.”

TH5 Ethical awareness and responsible use: Ethical awareness in 
the experimental group was reflected in explicit caution about correct-
ness and the need for verification, with students stating that GenAI is 
“not always right” and requires checking. In contrast, control-group 
excerpts more often implied uncritical trust and acceptance of outputs 
without systematic validation, which may increase exposure to inac-
curate or misaligned responses.

TH6 Logic comprehension and debugging: Experimental-group 
participants more frequently described improvements in debugging 
and understanding program logic, including clearer reasoning about 
control flow and why code failed; for example, GenAI “helped me 
understand why my code wasn’t running.” Control-group feedback 
more often described reliance on generated code and post-hoc correc-
tion when errors appeared, with less emphasis on conceptual 
understanding.

5 Discussion

Recent education research has increasingly shifted from asking 
whether GenAI “helps” in programming toward specifying how it 
should be integrated through structured pedagogy. Controlled studies 
of explicit prompt training and templated prompting routines suggest 
that students can benefit more from GenAI when they are taught to 
formulate constrained, task-aligned prompts and iteratively refine 
them, rather than relying on ad hoc queries (Garg et al., 2025). 
Complementary course designs also operationalize this shift through 
prompt-centered programming exercises that require learners to treat 
the model as an interactive partner whose output must be tested, 
debugged, and revised, thereby discouraging copy-and-paste comple-
tion (Denny et al., 2024). At the pedagogical level, scaffold-oriented 
frameworks such as AI-Lab similarly argue that GenAI should be 
introduced through structured learning activities that foreground 
error detection, debugging, and reflection so that tool use supports, 
rather than replaces, core skill development (Dickey et al., 2023).

Building on this direction, this study evaluated a barrier-focused 
integration of GenAI in Java programming by validating the GenAI-
Ped framework through a controlled, between-group mixed-methods 
design. This aligns with studies that suggest when GenAI is used for 
guided design, reflection, or collaboration, it is associated with 
improved critical/creative thinking and problem solving (Juan, 2025; 
Zhang et al., 2025; Song et al., 2025; Lu et al., 2024). The central con-
tribution is not only the baseline-adjusted improvement in learning 
outcomes, but also the operationalization of how learners engaged 
with GenAI during programming tasks through three trace-based 
indices: PASI, CEI, and EEI. The result of the baseline-adjusted models 
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reveals that the residual and influence diagnostics indicated no severe 
violations of model assumptions, with only minor tail deviations in 
the HOTS residual distribution and a near-threshold indication of 
heteroscedasticity for programming logic. Importantly, the direction 
and statistical significance of the group effects were stable under sen-
sitivity checks, including refits excluding influential cases and hetero-
skedasticity-consistent estimation. These checks support the 
robustness of the reported ANCOVA and MANCOVA inferences for 
the full dataset. The outcome evidence and the trace evidence suggest 
that learning gains when GenAI use is shaped by routines that require 
goal articulation, stepwise reasoning, verification, and revision, rather 
than rapid answer extraction.

5.1 Higher-order thinking skills (HOTS) 
outcome

Both conditions demonstrate improvement from pretest to post-
test, which is consistent with exposure to the same programming 
topics and practice opportunities. One benefit of having programming 
skills among learners is that they can achieve HOTS (Alshaye et al., 
2018). However, the experimental group’s improvement was stronger, 
and this pattern remained when baseline performance was controlled. 
This suggests that the added value of GenAI-Ped lies in shaping how 
students engage with tasks while using GenAI, rather than simply 
increasing access to the tool. In the control group, GenAI use was self-
directed and therefore more likely to support task completion without 
consistently eliciting the planning, evaluation, and revision behaviors 
that HOTS rubrics reward. In contrast, the GenAI-Ped condition 
embedded routines that required learners to frame prompts around 
task goals, monitor intermediate steps, verify outputs, and revise solu-
tions, which align more directly with the cognitive demands of HOTS-
focused assessment.

The multivariate results reinforce this interpretation by showing 
that the experimental group produced a reliable advantage across the 
combined outcome set, indicating that the intervention effect was not 
confined to a single measure. Hence, ANCOVA and MANCOVA evi-
dence supports the conclusion that structured GenAI integration can 
strengthen HOTS in programming education, particularly when 
learners are guided to treat GenAI as a scaffold for reasoning and 
refinement rather than as a direct answer source.

5.2 Pedagogical alignment and scaffolding 
as a teachable routine

A persistent pedagogical barrier in GenAI-supported program-
ming is misalignment between tool use and learning objectives, 
where prompts drift toward solution acquisition and away from 
conceptual engagement. GenAI-Ped addresses this risk by making 
task intention explicit and embedding revision-oriented routines 
and embedding scaffolds that increase the likelihood of goal-
aligned interaction. As scaffolding is contingent support that moves 
learners beyond current ability while gradually shifting responsibil-
ity to them (Zhong and Lyu, 2022; Acosta-Gonzaga and Ramírez-
Arellano, 2022; Doya, 2025), helping them move from dependent 
users to independent problem solvers (Huang et al., 2024; Sweller 
et al., 2019). These effects reflect Vygotsky’s notion of mediated 
learning in the Zone of Proximal Development (Holmes et al., 
2022), reinforcing earlier findings that scaffolding facilitates trans-
fer and autonomy in computational tasks (Agbo et al., 2019; Tsai et 
al., 2025). This was evidenced as the finding shows that when 

scaffolding is limited, learners can default to unstructured GenAI 
requests that prioritize solution acquisition over conceptual engage-
ment (Di et al., 2019); this behavior was noticed amongst partici-
pants in the control group, and this constrains opportunities for 
them to develop HOTS and programming logic.

The PASI findings are also consistent with this design logic, 
indicating stronger improvements in pedagogical alignment and 
scaffold-consistent engagement under the structured condition. 
This is conceptually similar to recent GenAI–SRL, where configura-
tions of engagement and feedback quality with tool functionality 
are what drive self-regulated learning improvements, not mere tool 
exposure (Wu and Chiu, 2025). Importantly, PASI was not treated 
as a simple usage metric. It was designed to reflect how learners 
positioned GenAI in the learning activity, including whether 
prompts reflected goal alignment and whether learners revised and 
refined outputs rather than accepting them as final. The robustness 
analysis using a reduced PASI model further suggests that the 
observed mechanism pattern is not solely attributable to compli-
ance markers, which strengthens confidence that the framework 
influenced the quality of engagement rather than merely signaling 
routine attendance.

5.3 Cognitive engagement, monitoring 
practices, and data-informed teaching

A second barrier is shallow cognitive processing, where learners 
obtain solutions without decomposition, tracing, and validation. This 
risk is common amongst novices who have fragile schemas and lim-
ited capacity to evaluate correctness, particularly when GenAI outputs 
appear fluent. In this study GenAI-Ped was designed to treat prompt-
ing [using the Plan-Monitor-Reflect approach proposed by Prasad and 
Sane, 2024], as a cognitive tool that makes reasoning visible, support-
ing decomposition and monitoring rather than passive acceptance. 
This is because studies show that prompt engineering can function as 
a generative learning strategy when it is embedded in instructional 
design rather than treated as an ad hoc skill (Cain, 2024; Knoth et 
al., 2024).

Though the control group still progresses through tasks, there is a 
recognized risk that students frequently accept GenAI-generated con-
tent uncritically and are bypassing the cognitive processes needed for 
problem decomposition and abstraction (Walter, 2024). This was evi-
dence, as the result shows that while the control group engagement 
remained productive, it was comparatively “thin,” with fewer trace-
level indicators of systematic decomposition, debugging, and valida-
tion cycles.

The CEI evidence supports this intent, indicating stronger engage-
ment with behaviors that externalize reasoning, including breaking 
tasks into sub-problems, debugging and tracing, and validating out-
puts against constraints. The stronger alignment between CEI changes 
and HOTS outcomes is theoretically coherent: HOTS assessments 
reward planning, evaluation, and iterative refinement (Brookhart, 
2010) more directly than syntax-level or construct-level consolidation. 
Whereas programming logic consolidation may require longer expo-
sure to repeated tracing and prediction tasks before gains 
become robust.

5.4 Responsible use and the ΔEEI trade-off

In this study, ethical barriers are not limited to academic integrity; 
they also include several risks, such as uncritical acceptance of 
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hallucinated outputs, lack of attribution, and the erosion of account-
ability for decisions made during coding. The risks were addressed by 
integrating GenAI literacy guidance and responsible-use routines into 
task completion. GenAI-Ped embedded verification and responsible-
use routines as part of task completion, and the EEI pattern is consis-
tent with that design intent, reflecting more explicit checking 
behaviors and integrity-oriented prompting in the structured 
condition.

The logs result shows that while control groups used GenAI to 
progress through tasks, their interaction patterns more often reflected 
acceptance and execution of generated outputs with less consistent 
checking behavior compared to the experimental group. This aligns 
with GenAI literacy perspectives that treat evaluation competence and 
responsible use as core outcomes of GenAI integration in education 
(Kong and Yang, 2024; Walter, 2024).

The negative association observed between ΔEEI and HOTS in 
the path model should be interpreted cautiously and not read as evi-
dence that ethical engagement is intrinsically detrimental. Given the 
positive covariances among ΔPASI, ΔCEI, and ΔEEI, the sign of the 
ΔEEI coefficient may reflect suppression rather than a simple causal 
relationship. A second possibility is measurement specificity: EEI may 
capture the frequency of monitoring and compliance behaviors rather 
than depth of ethical reasoning, such that higher EEI scores reflect 
increased checking workload without a direct mapping to rubric per-
formance. A third possibility is a context-dependent efficiency trade-
off, where time spent on verification under constrained task conditions 
reduces time available for elaboration and solution refinement. These 
interpretations motivate the robustness checks reported alongside the 
SEM and suggest that future work should separate ethical reasoning 
competence from verification workload and test whether different 
scaffolding designs can support both simultaneously (Sarstedt et 
al., 2020).

5.5 Programming logic and why the effects 
are smaller

Programming logic improved in both groups, with a modest 
advantage for the experimental group. This outcome pattern is consis-
tent with the nature of programming logic as a skill that consolidates 
through repeated practice with control-flow reasoning, tracing, pre-
diction, and feedback cycles. While structured GenAI routines may 
prompt better engagement behaviors, short interventions may yield 
clearer gains in HOTS first, whereas durable construct-level profi-
ciency may require longer exposure and repeated opportunities to 
explain, trace, and justify code behavior. Programming logic requires 
longer exposure and tighter alignment of scaffolds with tracing, pre-
diction, and control-flow explanation tasks (Edwards and Ghimire, 
2024; Dacey, 2018). Additionally, GenAI-Ped appears to promote 
more disciplined interaction patterns that can support logic develop-
ment, although the pathway evidence indicates that these gains may 
emerge more gradually.

5.6 Thematic finding

Learner feedback helps explain the quantitative advantages 
observed under GenAI-Ped by indicating how students used GenAI 
across the intervention. TH1 to TH6 collectively point to a shift 
toward more purposeful, iterative, and learner-controlled 

interaction patterns in experimental conditions. These patterns 
align with the intended design of GenAI-Ped, which emphasizes 
task alignment, monitoring, revision, and planned fading of 
instructor support.

First, students in the experimental group described iterative clari-
fication and stepwise reasoning as routine practices, suggesting that 
GenAI was used to support sense-making rather than simple output 
retrieval. Second, comments indicate a trajectory of improved 
prompting competence that functions as metacognitive control: 
learners became better at specifying what they needed, refining que-
ries, and judging whether an explanation was sufficient. Third, verifi-
cation language was more striking in the experimental group, 
signaling critical evaluative awareness. While the control group 
appears more vulnerable to overload, unusable outputs, and accep-
tance without systematic checking, which can encourage re-prompt-
ing cycles and shallow reliance. Overall, the thematic patterns suggest 
that the educational value of GenAI in introductory programming 
depends less on access and more on whether instruction improves 
productive interaction scripts for querying, interpreting, and verify-
ing outputs.

Although this study was implemented in a Java-based course, 
GenAI-Ped is not Java-specific. Prior work has already applied GenAI-
Ped in a C++ programming context, which provides initial evidence 
that the framework and its scaffolding logic transfer across languages 
(Nathaniel et al., 2025b). This transferability is plausible because the 
core GenAI-Ped mechanisms can be generalized because the frame-
work targets language-agnostic learning behaviors, including struc-
tured prompting, plan–monitor–reflect routines, decomposition, 
testing, debugging, and justification, rather than Java syntax alone. 
However, effect sizes may vary across languages and paradigms due to 
differences in type systems, error profiles, libraries, and tooling, which 
shape how learners validate and refine GenAI outputs. Accordingly, 
prompt templates, examples, and rubrics should be adapted to the 
target language, and future work should replicate the intervention in 
contrasting contexts (for example, Python, C/C++, and functional 
languages) to strengthen external validity.

5.7 Limitations and future work

Although the findings support structured GenAI integration 
over ad hoc use, several limitations should guide interpretation. 
Interaction logs were collected at two timepoints (Week 3 baseline 
and Week 7 endline), which restricts modelling of week-by-week 
change and limits inferences about the temporal dynamics of 
planned fading. The study was conducted in a single institutional 
context within an introductory Java curriculum; while GenAI-Ped 
is designed around language-agnostic learning behaviors, its trans-
ferability across languages and paradigms has not yet been empiri-
cally verified in this study, and effect sizes may differ in contexts with 
different tooling and error profiles. In addition, the log-derived indi-
ces (PASI, CEI, EEI) provide behaviorally anchored process evidence 
but remain proxies for complex constructs and are correlated by 
design, which requires cautious interpretation of mechanism paths. 
Finally, outcomes were measured over a seven-week period, so lon-
ger-term retention and transfer beyond the intervention window 
were not assessed.

Future research should strengthen mechanism inference by collect-
ing longitudinal traces across multiple instructional weeks and applying 
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growth or sequence-based analyses to examine how scaffold uptake, 
revision depth, validation, and responsible-use behaviors evolve as sup-
port is faded. Replications across institutions and languages (for exam-
ple, Python and C/C++) are needed to test robustness and to examine 
whether effect sizes vary with language-specific tooling, error profiles, 
and task ecosystems. Process measurement can be strengthened by tri-
angulating log-based indices with complementary data sources such as 
time-on-task, IDE telemetry, and structured interviews or think-aloud 
protocols, and by refining ethical engagement coding to better separate 
ethical reasoning competence from routine verification behaviors. 
Finally, component studies that experimentally isolate GenAI-Ped ele-
ments (for example, prompt training alone versus prompt training com-
bined with explicit monitoring and reflection routines) would help 
identify which mechanisms drive learning gains and under what condi-
tions responsible-use routines may require additional pedagogical sup-
port to avoid unintended cognitive burden.
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Appendix

Representative abbreviated assessment examples (construct coverage evidence).
Example 1 (HOTS: Problem Identification + Defining Requirements; Group 1): Students interpret a short scenario-based Java specification 

and identify the core problem, key requirements, constraints, and assumptions before coding. The posttest uses a different scenario with the 
same requirement-elicitation demand and comparable scope, requiring students to articulate constraints and anticipated edge conditions prior 
to implementation.

Example 2 (HOTS: Solution Planning + Applying Constructs + Implementing the Solution; Groups 2 and 7): Students produce a stepwise 
solution plan (pseudocode or structured steps) and implement a functional Java program using appropriate variables, loops, and conditionals 
to satisfy stated constraints. The posttest requires a parallel implementation task with different surface context but the same planning-to-code 
translation demand, including correct use of control flow and expressions.

Example 3 (Programming logic and critical thinking: Error Identification + Debugging Strategies + Use of Logical Constructs (Groups 4 
and 7): Students analyses a faulty Java code fragment containing a logical error (for example, an incorrect conditional, loop bound, or variable 
update), trace execution for given inputs, identify the fault, correct it, and justify why the correction resolves the failure case. The posttest uses 
a different faulty fragment of comparable complexity, requiring the same trace–diagnose–repair reasoning.

Example 4 (Verification: Handling Errors + Testing the Solution; Group 3): Students propose and justify test cases, including edge cases, 
and state expected outputs to demonstrate that the program meets requirements. In both forms, the testing demand includes identifying failure-
prone inputs, reasoning about expected behavior, and using tests to validate correctness rather than providing ad hoc examples.

Example 5 (Code quality: Optimizing Code + Code Organization and Clarity; Group 5): Students refine a working solution to improve 
readability and maintainability (for example, clearer naming, reduced redundancy, improved structure and commenting), and, where applicable, 
improve efficiency without changing correctness. The posttest uses a different solution context but preserves the same evaluation and refactor-
ing demand.

Example 6 (Creativity: Originality of Approach + Creative Application of Constructs + Innovative Problem Approach; Group 6): Students 
propose at least one alternative strategy or extension beyond a baseline approach (for example, adding a feature, improving robustness, or offer-
ing a different algorithmic route) and justify trade-offs. The posttest prompts creativity through a different context while retaining the same 
novelty and justification expectations.

Example 7 (Modularity and reuse: Procedures/Functions + Reusability of Code Components; Group 8): Students design a reusable function 
(for example, a validator, converter, or computation helper) with clear parameters and demonstrate how it improves modularity and reuse within 
the solution. The posttest uses a parallel requirement for modular decomposition and reuse, assessed with identical rubric criteria.
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