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Abstract
Generative artificial intelligence (AI) is increasingly used in education, but its 
role in the development of an entrepreneurial mindset remains underexplored. 
We propose Reciprocal Prompt Co-Adaptation (RPCA), a closed-loop human–
AI scaffolding framework that supports the development of an entrepreneurial 
mindset through iterative prompt refinement between students and GPT-4. In this 
framework, “reciprocal” refers to interaction-level adaptation: students provide 
ratings and reflections, and the system revises prompts and coaching strategies 
accordingly. It does not imply that GPT-4 learns in the human sense or updates its 
model parameters. Unlike static or one-sided adaptive systems, RPCA integrates 
three components: (i) a prompt alignment module that incorporates student ratings 
and reflections through meta-prompting, (ii) an entrepreneurship-specific reward-
shaping engine inspired by reinforcement learning from human feedback, and (iii) 
a confidence tracking layer that adjusts scaffolding and challenge based on textual, 
behavioral, and brief self-report signals. In an eight-week randomized experiment 
with 120 Thai undergraduates across four conditions, namely RPCA, static templates, 
adaptive prompting, and human–AI hybrid, RPCA produced significantly larger pre-
to-post gains in opportunity recognition, risk propensity, and creative self-efficacy 
compared with all baseline conditions. It also achieved higher session-level prompt 
relevance and faster convergence to effective prompts. An embedded ablation 
study further suggested that removing reward shaping reduced advantages in 
opportunity recognition and creative self-efficacy, whereas removing confidence 
tracking reduced creative self-efficacy and perceived prompt quality. To support 
transparency and replicability, the interaction protocol, rubric-guided scoring criteria, 
and illustrative examples of prompt revision are specified in the appendices. These 
findings provide initial evidence that off-the-shelf large language models, when 
embedded in structured, feedback-driven tutoring protocols, can serve as adaptive, 
dialogic scaffolds rather than static content providers, offering a scalable approach to 
supporting the development of a nonlinear mindset in entrepreneurship education.
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1. Introduction
The integration of artificial intelligence (AI) into education 
has reshaped how learners receive feedback, practice 
complex skills, and engage with open-ended tasks. 
This shift is particularly relevant to entrepreneurship 
education, where learning outcomes extend beyond the 
acquisition of conceptual or procedural knowledge to 
include opportunity recognition (OR), calculated risk-
taking, creative self-efficacy (CSE), and persistence under 
uncertainty. Although AI tutors have shown promise in 
supporting knowledge delivery and task-based guidance 
(Létourneau et al., 2025), their use in entrepreneurial 
mindset development remains less well understood. 
Many existing systems rely on fixed prompts or one-
sided adaptive mechanisms that primarily rely on student 
performance metrics (Diyab et al., 2025; D. Lee & Palmer, 
2025). Such designs may provide useful support, but they 
offer limited opportunities for students to actively shape 
the prompts, feedback, and scaffolding that guide their 
learning.

Entrepreneurship education requires iterative 
experimentation, reflection, and revision. Students are 
often expected to generate ideas, test assumptions, respond 
to feedback, and refine their reasoning in uncertain 
contexts. Recent studies have noted that conventional 
intelligent tutoring systems are less well suited to these 
higher-order and dispositional learning goals because they 
often prioritize accuracy, efficiency, or content delivery 
rather than learner agency and reflective adaptation (Chen 
et al., 2024; Roll & Wylie, 2016). In this context, generative 
AI may be useful not because it learns in the same way 
as a human peer, but because its prompts and feedback 
strategies can be repeatedly adjusted in response to learner 
input. This makes it possible to design tutoring protocols in 
which students are not merely recipients of AI-generated 
content, but active contributors to the structure and 
direction of the interaction.

To address this design problem, we introduce 
Reciprocal Prompt Co-Adaptation (RPCA), a closed-loop 
human–AI scaffolding framework for entrepreneurship 
education. In this study, “reciprocal” refers to interaction-
level adaptation rather than mutual learning between 
the student and the AI system. GPT-4 is not assumed 
to acquire knowledge, update its model parameters, or 
demonstrate learning in the human sense. Instead, RPCA 
operationalizes reciprocity as an iterative process in which 
students provide ratings and reflections, and the system 
uses this feedback to revise prompts and adjust coaching 
strategies. The framework is therefore positioned as a 
form of AI-supported dialogic scaffolding and prompt 
co-adaptation, rather than as evidence of AI-side learning.

Reciprocal Prompt Co-Adaptation contains three main 
components. First, the prompt alignment module establishes 
a structured protocol for iterative prompt refinement. 
Students evaluate the relevance of prompts and provide 
short reflections, which are then incorporated through 
meta-prompting to revise subsequent prompts. Second, 
an entrepreneurship-specific reward-shaping engine, 
inspired by reinforcement learning from human feedback 
(RLHF) (Chaudhari et al., 2025; González Barman et al., 
2025), guides feedback toward entrepreneurial mindset 
components such as divergent thinking and calculated 
risk-taking, rather than optimizing only for correctness 
or engagement. Third, a confidence tracking layer adjusts 
the level of scaffolding and challenge based on textual, 
behavioral, and brief self-report signals of the learner’s 
state. Together, these components create a feedback-driven 
tutoring protocol that keeps the interaction aligned with 
both pedagogical goals and student responses.

The proposed framework extends prior work in human–
AI interaction and adaptive tutoring in several ways. 
Unlike static prompt templates, RPCA allows prompts 
to evolve over the course of interactions in response to 
student feedback. Unlike one-sided adaptive prompting, 
it gives learners a structured role in shaping the direction 
of AI-supported tutoring. Unlike generic AI tutoring 
systems, it incorporates entrepreneurship-specific reward 
criteria that target OR, creative exploration, and calculated 
risk-taking. Finally, its confidence-aware adaptation layer 
enables the system to adjust scaffolding intensity when 
students appear uncertain or ready for greater challenge. 
These features are intended to support learner agency and 
the development of a nonlinear mindset while remaining 
deployable with an off-the-shelf large language model 
(LLM) and without fine-tuning model parameters.

We evaluate RPCA in an eight-week classroom 
experiment in a Business Creativity and Innovation 
course with Thai undergraduate students. The study 
compares RPCA-enabled GPT-4 tutoring with three 
baseline conditions: static templates, adaptive prompting, 
and human–AI hybrid prompting. The evaluation 
focuses on both learning outcomes and the quality of the 
interaction process, including pre-to-post changes in OR, 
risk propensity (RP), and CSE, as well as session-level 
prompt relevance and convergence speed. In addition, an 
embedded ablation study examines the contributions of 
the reward-shaping engine and the confidence tracking 
layer. By doing so, this study provides initial evidence on 
whether feedback-driven prompt co-adaptation can more 
effectively support the development of an entrepreneurial 
mindset than static or one-sided AI-assisted prompting 
approaches.
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Guided by the goal of developing and evaluating a 
deployable human–AI prompt co-adaptation protocol for 
entrepreneurship education, this study addresses three 
research questions (RQs):

(i)	 RQ1: Does RPCA lead to larger pre-to-post gains 
in entrepreneurial mindset outcomes, namely OR, 
RP, and CSE, than baseline AI-assisted prompting 
conditions? 

•	 H1–H3: RPCA will yield larger gains than static 
templates, adaptive prompting, and human–AI 
Hybrid prompting on OR (H1), RP (H2), and 
CSE (H3).

(ii)	 RQ2: Does RPCA improve interaction process quality 
relative to baseline prompting approaches? 

•	 H4: RPCA will achieve higher session-level 
prompt relevance and faster convergence to 
effective prompts than the baseline conditions.

(iii)	RQ3: Which components of RPCA contribute to the 
observed effects? 

•	 H5: Removing the reward-shaping engine will 
reduce OR and CSE task performance relative to 
full RPCA.

•	 H6: Removing the confidence tracking layer 
will reduce CSE and perceived prompt quality, 
as indicated by prompt relevance, relative to full 
RPCA.

2. Literature review
The development of AI systems for educational purposes 
has increasingly moved beyond simple content delivery 
toward adaptive and interactive forms of learning support. 
This shift is particularly relevant to domains such as 
entrepreneurship education, where learning involves 
iterative idea generation, feedback interpretation, risk 
evaluation, and reflective revision. However, the growing 
use of generative AI in education also requires conceptual 
caution. Although LLMs can respond to learner input 
and generate context-sensitive feedback, this does not 
mean they learn in the same sense as human students or 
acquire new knowledge during a classroom interaction. 
In the present study, AI-supported adaptation is therefore 
understood as interaction-level prompt and scaffolding 
adjustment, not as model-side learning.

This study develops the conceptual foundation for 
RPCA in three steps. First, it reviews work on feedback-
driven human–AI adaptation and learner agency in 
AI-supported education. Second, it discusses RLHF and 
adaptive prompt engineering as technical and pedagogical 
foundations for structured prompt refinement. Third, it 
connects confidence-aware scaffolding to entrepreneurial 

mindset development and CSE. Together, these areas 
provide the basis for designing RPCA as a closed-loop 
prompt-adaptation framework that supports student 
learning through structured interaction with GPT-4 
without requiring model fine-tuning.

2.1. Feedback-driven human–artificial intelligence 
adaptation in education

Contemporary AI-supported learning research has 
increasingly emphasized adaptive interaction rather than 
one-way content transmission. Earlier intelligent tutoring 
systems often focused on diagnosing knowledge gaps and 
delivering targeted instructional content. More recent work 
on hybrid human–AI learning technologies highlights the 
importance of co-regulation, in which learners, teachers, 
and AI tools contribute differently to regulating learning 
processes (Molenaar, 2022). In this view, learner agency 
remains central: AI systems can provide prompts, feedback, 
and analytics, but students must still interpret, evaluate, 
and act upon such support.

This distinction is important for the present study. 
RPCA does not claim that GPT-4 becomes a human-
like learning partner or that it participates in reciprocal 
knowledge construction in the same way as a human peer. 
Instead, it treats GPT-4 as a configurable dialogic scaffold 
whose prompts and coaching strategies can be adjusted in 
response to student feedback. Such a design aligns with 
broader arguments that AI in education should augment 
human judgment rather than replace it (Holmes & Tuomi, 
2022; Kim et al., 2022). In entrepreneurship education, this 
distinction is especially important because students must 
learn to evaluate uncertainty, justify risk-taking, and revise 
ideas through reflection rather than simply receive correct 
answers.

Recent studies also suggest that conventional intelligent 
tutoring systems are often less suited to higher-order and 
dispositional learning goals, such as creativity, agency, 
resilience, and OR (Chen et al., 2024; Roll & Wylie, 2016). 
These goals require more than adaptive delivery of content. 
They require interaction designs that allow learners to 
shape the direction of feedback, clarify their needs, and 
reflect on how prompts influence their thinking. RPCA 
builds on this direction by giving students a structured 
role in rating prompts, providing short reflections, and 
influencing the subsequent configuration of AI-supported 
tutoring.

2.2. Reinforcement learning from human feedback 
and educational reward design

Reinforcement learning from human feedback has become 
an influential approach for aligning AI system behavior 
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with human preferences and task goals. In educational 
contexts, RLHF-inspired approaches are relevant because 
they provide a way to formalize what kinds of system 
responses should be encouraged. However, educational 
adaptation cannot rely only on generic preferences such as 
helpfulness, engagement, or fluency. For complex learning 
domains, reward criteria need to reflect the specific 
learning goals of the activity.

In entrepreneurship education, this presents a 
particular challenge. Entrepreneurial learning involves 
multiple, sometimes competing, goals, including creativity, 
feasibility, calculated risk-taking, and responsiveness 
to feedback. A prompt that maximizes comfort or 
immediate satisfaction may not necessarily promote 
deeper entrepreneurial learning. Similarly, a prompt that 
produces fluent ideas may not encourage students to test 
assumptions, tolerate uncertainty, or revise weak ideas. 
For this reason, RPCA uses an entrepreneurship-specific 
reward-shaping mechanism inspired by RLHF principles 
(Chaudhari et al., 2025; González Barman et al., 2025), but 
it neither trains a new policy model nor updates GPT-4 
parameters.

Instead, reward shaping in RPCA functions as a 
pedagogical evaluation layer. Student responses are 
evaluated using rubric-guided criteria related to divergent 
thinking and calculated risk-taking. These scores are then 
used to guide formative feedback and subsequent prompt 
refinement. This approach allows the system to remain 
deployable with an off-the-shelf LLM while making the 
pedagogical goals of adaptation more explicit. At the 
same time, because the reward scores are model-assisted 
and rubric-dependent, they should be interpreted as 
provisional indicators rather than external ground-truth 
measures of entrepreneurial ability. This limitation is 
addressed further in Sections 4 and 5.

2.3. Adaptive prompt engineering and learner 
agency

Prompt engineering has evolved from static template 
construction toward more adaptive forms of interaction 
design. In educational settings, prompts do not merely 
instruct an AI system; they shape the kinds of questions 
students receive, the types of reasoning they are invited to 
practice, and the level of challenge or scaffolding embedded 
in the learning activity. Human-in-the-loop approaches 
show that iterative feedback can refine AI outputs while 
keeping adaptation accountable to human judgment 
(Mosqueira-Rey et al., 2023).

Existing work on student–AI collaboration suggests 
that teachers often act as designers of interaction patterns, 
curating prompts and workflows that help students use AI 

more productively (Kim et al., 2022). However, many such 
designs maintain a clear separation between the prompt 
designer and the learner. The teacher or instructional 
designer prepares prompts, while students respond to 
them. This arrangement can be useful, but it gives students 
limited opportunities to reflect on whether a prompt 
fits their learning needs or to participate in refining the 
interaction itself.

Reciprocal Prompt Co-Adaptation addresses this gap 
by treating prompt refinement as part of the learning 
process. Students evaluate the relevance of prompts, 
provide brief feedback, and influence how subsequent 
prompts are revised. This does not mean that the student 
and GPT-4 co-learn in a strong reciprocal sense. Rather, it 
means that students contribute feedback that changes the 
structure of the tutoring interaction. The pedagogical value 
lies in making prompt adaptation visible and participatory, 
thereby supporting learner agency, metacognitive 
awareness, and more intentional engagement with 
AI-generated guidance.

2.4. Confidence-aware scaffolding and mindset 
development

Learner confidence is a key factor in adaptive educational 
support. In open-ended learning contexts, students’ 
confidence can influence whether they persist, revise their 
ideas, ask for help, or abandon uncertain possibilities too 
early. Multimodal approaches that combine behavioral 
traces, interaction logs, and self-reports have shown 
promise for capturing aspects of learner state, including 
engagement, confusion, and self-efficacy (Guerrero-Sosa 
et al., 2025; Holmes & Tuomi, 2022). However, many 
existing applications focus on knowledge acquisition, such 
as STEM problem-solving or language learning, rather 
than on dispositional growth in entrepreneurial education.

Entrepreneurial mindset development requires careful 
calibration of challenge and support. If AI tutoring 
provides too much scaffolding, students may become 
dependent on examples or safe suggestions. If it provides 
too little support, students with lower confidence may 
disengage or avoid risk-taking. A confidence-aware system 
can help manage this tension by increasing guidance when 
students appear uncertain and introducing more open-
ended challenges when students appear ready for greater 
autonomy.

In RPCA, confidence tracking is used for scaffolding 
decisions rather than for high-stakes assessment. The 
confidence tracking layer integrates textual, behavioral, 
and brief self-report signals to estimate whether the student 
may need more structure or greater challenge. This estimate 
does not represent a validated psychological diagnosis 
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of confidence. Rather, it functions as a transparent, 
classroom-deployable indicator for adapting the tutoring 
style. Section 4, therefore, reports how confidence-related 
features were extracted, how signals were scaled, and how 
thresholds were used to determine scaffolding responses.

2.5. Entrepreneurial mindset, creative confidence, 
and artificial intelligence-supported scaffolding

Developing an entrepreneurial mindset involves more 
than acquiring business knowledge. It requires cultivating 
a cognitive and behavioral orientation toward OR, value 
creation, uncertainty, and iterative action. Empirical work 
highlights characteristics such as tolerance for ambiguity, 
proactive problem solving, and the ability to pivot strategies 
based on feedback (A. Lee & Jung, 2021; Sandhu, Sarkar, 
& Subburaj, 2025). These traits are not fixed personality 
attributes; they can be strengthened through appropriately 
designed educational experiences.

Entrepreneurial dispositions often develop through 
cycles of action and reflection embedded in authentic tasks. 
Students generate ideas, receive feedback, test assumptions, 
and revise their reasoning. This process is path-dependent 
because learners interpret successes and failures in light 
of prior experience, perceived control, and social context. 
As a result, entrepreneurial mindset development does 
not always follow a linear trajectory. Students may need to 
revisit earlier ideas, reconsider assumptions, and recombine 
partial insights before making meaningful progress.

This nonlinear developmental pattern creates 
challenges for AI-assisted learning systems. Many AI tutors 
are designed to support relatively structured learning 
progressions, where the system can identify correct 
responses, provide explanations, and move students 
toward predefined mastery. However, entrepreneurial 
learning often involves ambiguity and multiple acceptable 
pathways. Recent reviews of AI-driven tutoring indicate 
that many systems remain optimized for short-term 
task performance, with less attention to longer-term 
dispositional growth (Létourneau et al., 2025). RPCA 
addresses this challenge by combining prompt refinement, 
domain-specific reward shaping, and confidence-aware 
scaffolding into a single interaction protocol.

2.6. Creative self-efficacy and calibrated challenge

Creative self-efficacy refers to learners’ beliefs in their 
ability to generate novel and valuable ideas. It is particularly 
important in entrepreneurship education because students 
must not only produce ideas but also believe that they can 
improve them through feedback and experimentation. 
Contemporary creativity research conceptualizes creative 
behavior as agentic action, in which individuals decide 

to enact their creative potential based on self-beliefs and 
perceived opportunities (Karwowski & Beghetto, 2019). 
Related work on creative potential suggests that confidence 
beliefs help translate creative capacity into observable 
creative action (Richard, Holder, & Cairney, 2021).

Students with stronger CSE are more likely to persist 
in ambiguous problem-solving situations and to tolerate 
failure as part of the entrepreneurial process. In contrast, 
students with weaker creative confidence may abandon 
ideas prematurely or choose safe options even when they 
possess relevant knowledge. Studies on creative mindsets 
further suggest that growth-oriented beliefs about 
creativity can support persistence in the face of difficulty 
and help students interpret setbacks as opportunities for 
improvement (He & Chiang, 2024). Conceptual work 
on creative flourishing similarly emphasizes the need to 
balance challenge, self-efficacy, and environmental support 
(Glass, 2025).

These insights create a central design problem for 
AI-supported entrepreneurship education: how can 
the system provide enough scaffolding to prevent 
discouragement while still preserving productive 
uncertainty and challenge? RLHF pipelines optimized 
mainly for positive ratings or user satisfaction may risk 
favoring comfort over growth (Chaudhari et al., 2025). 
RPCA addresses this problem by using confidence-aware 
adaptation to calibrate scaffolding intensity and reward 
shaping, keeping feedback aligned with entrepreneurial 
learning goals.

2.7. Implications for the Reciprocal Prompt 
Co-Adaptation framework

The literature reviewed above suggests three design 
requirements for AI-supported entrepreneurial mindset 
development. First, the system should accommodate 
nonlinear learning trajectories by allowing learners to 
revise, revisit, and recombine ideas over time. Second, 
it should balance challenge and support so that CSE can 
develop through productive struggle rather than simple 
reassurance. Third, it should give learners a structured role 
in shaping AI-supported tutoring, so that adaptation is not 
only generated by the system but also informed by student 
reflection.

Reciprocal Prompt Co-Adaptation operationalizes 
these requirements through a closed-loop prompt-
adaptation framework. The prompt alignment module 
allows students to influence prompt revision through 
ratings and reflections. The reward-shaping engine keeps 
feedback aligned with entrepreneurship-specific criteria 
such as divergent thinking and calculated risk-taking. The 
confidence tracking layer adjusts the level of scaffolding 
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and challenge based on learner-state signals. Importantly, 
these mechanisms do not imply that GPT-4 learns in the 
human sense. The adaptive element lies in the interaction 
protocol, prompt revision process, and coaching strategy, 
while student learning remains the primary empirical 
outcome of interest.

3. The Reciprocal Prompt Co-Adaptation 
framework
The RPCA framework establishes a structured interaction 
protocol between students and GPT-4 through three 
interconnected components: the prompt alignment 
module, the entrepreneurship-specific reward-shaping 
engine, and the confidence tracking layer. These 
components form a closed-loop system in which prompt 
refinement is guided by student feedback, domain-specific 
pedagogical criteria, and confidence-aware scaffolding 
decisions. In our implementation, GPT-4 serves as the 
backbone model, while RPCA governs prompt revision, 
entrepreneurial reward scoring, and coaching strategy 
adjustment. The framework is deployable via standard 
GPT-4 access and requires no fine-tuning or parameter 
updates.

Let ut denote the student’s input at interaction turn t, 
yt denote the AI tutor’s response, and Pt denote the active 
system prompt that configures GPT-4’s behavior at that 
turn. Student feedback is represented as Ft = (qt, st), where 
qt is the prompt-relevance rating and st is the student’s free-
text suggestion. The entrepreneurship-specific composite 
reward is denoted as Rewardt, and the confidence estimate 
is denoted as Ct. RPCA maintains a sequence of prompts 
{Pt} that can be revised over the course of interactions based 
on student ratings, student reflections, and pedagogical 
criteria. The purpose of this revision process is not to train 
GPT-4, but to adapt the instructional conditions under 
which GPT-4 generates subsequent responses.

3.1. Prompt alignment module

The prompt alignment module formalizes student 
participation in prompt refinement. Each interaction 
begins with an active prompt Pt designed to support 
entrepreneurial thinking. After engaging with GPT-4 on 
this prompt, students provide structured feedback in the 
form of Ft = (qt, st), where qt represents a 5-point rating of 
the prompt’s relevance to the learning task, and st contains 
a short free-text reflection or suggestion for improvement. 
Examples of such suggestions include “give more concrete 
examples,” “ask more challenging questions,” or “help me 
compare two ideas.”

The system processes this feedback through two 
pathways. First, the relevance rating qt indicates whether 

the current prompt should be retained, slightly modified, 
or substantially revised. Second, the reflection st provides 
qualitative information about what kind of adjustment may 
be needed, such as more scaffolding, more examples, more 
constraints, or more open-ended challenges. For expository 
clarity, semantic alignment between the student’s reflection 
and the current prompt can be represented using cosine 
similarity (Equation 1):

Sim(st, Pt) = cos(es, ep)	 (1)

where es and ep denote sentence embeddings of the student 
reflection and the current prompt. This similarity score is 
not treated as evidence of AI learning; rather, it provides a 
transparent indicator of how closely the student’s suggested 
direction aligns with the existing prompt.

The updated prompt can be represented as Equation 2:

Pt+1 = GPT-4 edit(Pt, αqt + [1 − α)Sim(st, Pt])	 (2)

where α controls the relative contribution of the structured 
relevance rating and the embedding-based semantic 
alignment score. In the present implementation, this 
update rule is used to guide meta-prompt editing rather 
than to train a model. The exact setting of α and the rules 
for prompt revision are reported in Section 4 to support 
transparency and replicability.

3.2. Entrepreneurship-specific reward-shaping 
engine

The reward-shaping engine introduces domain-specific 
feedback criteria into the RPCA framework. Rather than 
optimizing only for correctness, fluency, or engagement, 
RPCA evaluates student responses in relation to 
entrepreneurial mindset goals. Specifically, GPT-4 is used 
as a rubric-guided evaluator to score student responses 
on two dimensions: creativity and calculated risk-taking. 
This design draws on multidimensional reward-shaping 
principles from RLHF research (Chaudhari et al., 2025; 
Qian, 2025), but it does not involve training a new 
reinforcement-learning policy.

Given a student input ut, the system produces two 
rubric-aligned scores: (i) CreativityScore(ut): the novelty, 
diversity, and elaboration of ideas, and (ii) RiskScore(ut): 
the student’s willingness to consider unconventional but 
justifiable options, including awareness of uncertainty, 
trade-offs, and feasibility. Both scores are normalized to a 
0–100 scale. RPCA then combines them into a composite 
reward (Equation 3):

Rewardt = βCreativityScore(ut) + (1 − β)RiskScore(ut)	 (3)
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where β controls the relative emphasis on divergent 
thinking and calculated risk-taking.

The composite reward Rewardt serves three pedagogical 
functions. First, it supports formative feedback to students 
by identifying whether their responses show creative 
exploration, risk awareness, or both. Second, it provides 
instructors with interpretable process indicators about 
class-level entrepreneurial thinking. Third, it informs 
subsequent prompt refinement by identifying which 
prompt patterns tend to elicit responses aligned with the 
learning goals. Because these scores are generated through 
a rubric-guided, model-assisted process, they should be 
interpreted with caution and supplemented with external 
or human evaluation where possible.

3.3. Confidence tracking layer

The confidence tracking layer estimates the level of 
scaffolding a student may need during the interaction. It is 
designed as a transparent classroom-deployable estimator 
rather than a fully trained psychometric model. The 
estimate is used only to adjust tutoring style, not to make 
high-stakes judgments about students.

3.4. Combination of three signals in Reciprocal 
Prompt Co-Adaptation 

TextSignalt are indicators extracted from student responses, 
such as explicit confidence statements, uncertainty 
markers, help-seeking language, willingness to revise, and 
evaluative certainty. These features are coded using a fixed 
rubric implemented through GPT-4.

BehaviorSignalt are interaction-log features such as 
response latency, the number of voluntary follow-up turns, 
and the number of revision attempts. These signals are 
normalized within a session to reduce the influence of 
device or network differences.

SelfReportt are brief momentary confidence ratings, 
such as “How confident do you currently feel about 
generating valuable business ideas?” rated on a 1 to 5 scale 
and rescaled to a 0 to 1 range.

The confidence estimate can be represented as Equation 
4:

Ct = σ(w1TextSignalt + w₂BehaviorSignalt 
       + w₃SelfReportt)

	 (4)

where σ maps the value into the range [0, 1], and w1, w2, and 
w3 determine the contribution of textual, behavioral, and 
self-report signals. These weights are not learned through 
supervised model training in the present prototype. 
Instead, they are specified in advance for pedagogical 
interpretability and reported in Section 4. This choice 

keeps the system feasible for classroom deployment while 
making the limitations of the confidence estimate explicit.

The resulting Ct value determines the coaching strategy. 
Lower confidence estimates trigger more scaffolding, 
concrete examples, and step-by-step guidance. Moderate 
confidence estimates lead to balanced guidance that 
combines support with reflective questioning. Higher 
confidence estimates trigger more open-ended prompts, 
greater challenge, and stronger invitations to explore bolder 
entrepreneurial possibilities. This adaptive scaffolding 
mechanism is intended to support CSE by balancing 
reassurance with productive challenge.

3.5. GPT-4 meta-prompt editing without fine-tuning

The GPT-4 edit component implements structured prompt 
revision without modifying GPT-4’s model weights. 
Instead of fine-tuning, RPCA uses a meta-prompt editing 
approach in which GPT-4 is instructed to revise the 
active prompt Pt according to constraints derived from 
student feedback, pedagogical objectives, and reward-
shaping criteria. This approach avoids the infrastructure 
requirements of parameter-efficient fine-tuning methods 
such as LoRA (Hu et al., 2022) and enables deployment via 
standard GPT-4 interfaces.

At each refinement step, GPT-4 receives three inputs: (i) 
the current system prompt Pt; (ii) the combined feedback 
signal based on student rating and semantic alignment; and 
(iii) an editing rubric specifying what should be preserved, 
strengthened, simplified, or made more challenging.

GPT-4 then produces a revised prompt, Pt+1, which 
is checked against the editing rubric. The process can be 
represented as Equation 5:

Pt+1 = GPT-4 edit(Pt, αqt + [1 − α)Sim(st, Pt])	 (5)

This meta-prompt strategy improves transparency 
because changes to the prompt can be inspected by 
researchers or instructors. It also clarifies the scope 
of adaptation: RPCA adapts prompts and scaffolding 
strategies, not the underlying GPT-4 model.

3.6. Closed-loop prompt co-adaptation architecture

Reciprocal Prompt Co-Adaptation integrates prompt 
alignment, reward shaping, and confidence tracking 
into a closed-loop prompt co-adaptation architecture. 
The system maintains two interacting feedback loops: a 
prompt-quality loop and a coaching-adaptation loop.

3.6.1. Loop 1: Prompt quality optimization

Student feedback Ft = (qt, st) enters the prompt alignment 
module. The relevance rating qt and semantic alignment 
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score Sim(st, Pt) guide the revision of the active prompt. 
This loop supports three functions: (i) maintaining 
pedagogical relevance; (ii) preserving coherence across 
prompt revisions; and (iii) allowing students to influence 
how the tutoring interaction is framed. This loop should 
be understood as an interaction-level prompt adjustment 
rather than mutual learning between the student and GPT-
4.

3.6.2. Loop 2: Coaching adaptation via confidence 
tracking

The confidence tracking layer produces a scalar estimate 
Ct based on textual, behavioral, and self-report signals. 
This estimate determines whether GPT-4 should provide 
more scaffolding, balanced guidance, or more open-ended 
challenge. The goal is to adjust the level of support to the 
learner’s current state while keeping the task aligned with 
entrepreneurial learning goals.

3.6.3. Loop interaction

The two loops interact during the tutoring process. Changes 
in prompt quality may influence student engagement and 
confidence. Confidence-aware coaching may influence 
the type of feedback students provide. Reward-shaped 
feedback may reinforce prompt patterns that are more 
likely to support creative exploration and calculated risk-
taking. These interactions create a co-adaptive tutoring 
environment in which the system’s prompts and coaching 
strategies change in response to student input. However, 
the empirical claim remains student-centered: RPCA is 
evaluated by examining student learning outcomes and 
interaction quality, not by claiming that GPT-4 itself learns. 
Figure 1 illustrates the closed-loop RPCA architecture, 
including prompt refinement, reward shaping, and 

confidence-aware scaffolding.

4. Methods
To evaluate the effectiveness of the RPCA framework, 
we conducted an eight-week classroom experiment 
comparing RPCA-enabled GPT-4 tutoring with three 
baseline prompting conditions. The evaluation focused on 
two levels of evidence. First, we examined student learning 
outcomes related to entrepreneurial mindset development, 
including OR, RP, and CSE. Second, we examined the 
quality of the interaction process, including prompt 
relevance and convergence speed. The overall design is 
consistent with recent work emphasizing the role of OR 
and self-efficacy in entrepreneurship education (Hou et al., 
2022; López-Muñoz et al., 2023).

Consistent with the RQs, the study was structured to 
provide quantitative evidence for RQs 1, 2, and 3, as well as 
hypotheses H1–H6. To address RQ1 and H1–H3, validated 
scales of OR, RP, and CSE were administered before and 
after the intervention. To address RQ2 and H4, session-
level prompt relevance ratings and convergence speed were 
logged as indicators of the quality of the interaction process. 
To address RQ3 and H5–H6, a within-subject ablation 
study was embedded in the RPCA condition during the 
final two weeks of the intervention. This ablation study 
examined whether removing the reward-shaping engine 
or the confidence tracking layer reduced the effectiveness 
of the full RPCA configuration.

4.1. Participants and context

A between-subjects experiment was conducted with four 
conditions. Participants were 120 undergraduate students, 
including 62 female students and 58 male students, enrolled 

Figure 1. Reciprocal Prompt Co-Adaptation closed-loop architecture integrating prompt refinement, reward shaping, and confidence-aware scaffolding
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in Business Creativity and Innovation courses at three 
public universities in Thailand during the 2025 academic 
year. The mean age was 20.8 years, with a standard 
deviation (SD) of 1.31. Most participants were third- or 
fourth-year business majors, accounting for 89% of the 
sample. In addition, 23% had taken prior entrepreneurship 
courses, and 11% reported having launched a small 
venture. Analyses were conducted on the full randomized 
sample (N = 120).

Within each class, students were randomly assigned 
to one of four conditions (n = 30 per condition) using a 
computer-generated sequence in Qualtrics, stratified by 
gender and prior entrepreneurship experience. To reduce 
cross-condition contamination, all eight weekly workshops 
were conducted individually on personal laptops in a 
dedicated computer laboratory. Students used headphones 
and were seated with at least one empty seat between them. 
Instructors received a two-hour standardized training 
session and followed a scripted protocol for all conditions. 
The four experimental conditions were as follows.

(i)	 RPCA (full). Students used the full RPCA 
framework, including iterative prompt refinement, 
entrepreneurship-specific reward shaping, and 
confidence-aware scaffolding.

(ii)	 Static templates. Students selected from a fixed menu 
of 25 pre-validated creativity and entrepreneurship 
prompts. Prompts did not change across sessions. No 
meta-prompt editing, reward shaping, or confidence 
tracking occurred.

(iii)	Adaptive prompting. GPT-4 adjusted task difficulty 
using a rule-based heuristic. If the previous task was 
completed in four or fewer turns and the student’s 
momentary confidence was rated 4 or above on a 
5-point scale, one constraint was removed to increase 
challenge. Otherwise, additional scaffolding was 
provided, such as an example idea. This condition used 
one-sided adaptation and did not include student-
driven prompt refinement, entrepreneurship-specific 
reward shaping, or confidence tracking.

(iv)	 Human–AI hybrid. Students alternated weekly 
between instructor-written prompts and unguided 
access to GPT-4. Prompts could be manually adjusted 
by the instructor, but the RPCA mechanisms were not 
used.

All participants, regardless of condition, engaged in 
eight weekly 45-minute one-on-one sessions with a GPT-
4-based tutor. The conditions differed only in how prompts 
were selected, refined, and adapted during the tutoring 
process.

4.2. Implementation of Reciprocal Prompt 
Co-Adaptation

The RPCA condition consisted of three interconnected 
components: the Prompt alignment module, the 
entrepreneurship-specific reward-shaping engine, and the 
confidence tracking layer. The system was implemented 
using standard GPT-4 access and did not involve model 
fine-tuning or parameter updates. All adaptive behavior 
occurred through prompt revision, rubric-guided scoring, 
and rule-based scaffolding decisions.

4.2.1. Prompt alignment module

The prompt alignment module allowed students to 
participate in prompt refinement during each session. 
After responding to an active prompt, students rated 
prompt relevance on a 5-point scale and provided a short 
free-text suggestion. Student feedback was represented as 
Ft = (qt, st), where qt refers to the prompt-relevance rating, 
and st refers to the student’s free-text suggestion.

Prompt revision followed three rules. Ratings of 1 or 
2 triggered substantial revision of the prompt. A rating 
of 3 triggered moderate revision. Ratings of 4 or 5 led to 
minor refinement or retention of the existing prompt. The 
free-text suggestion was used to identify the direction of 
revision, such as adding examples, narrowing the task, 
increasing the challenge, or making the prompt more 
concrete.

The normalized prompt-relevance rating and the 
semantic alignment score were weighted equally in the 
prompt revision process, with α = 0.50. The 5-point prompt-
relevance rating qt was first normalized to the range 0 to 
1. To estimate semantic alignment, the student’s free-text 
suggestions st and the active prompt Pt were encoded into 
sentence-level embedding vectors using Sentence-BERT 
(Reimers & Gurevych, 2019). Cosine similarity was then 
calculated between the two vectors and used as Sim(st, 
Pt). Because cosine similarity can range from −1 to 1, the 
similarity score was linearly rescaled to the 0 to 1 range 
before being combined with the normalized prompt-
relevance rating. This score represented the degree to which 
the student’s suggested revision direction was semantically 
close to the active prompt.

Prompt revision was guided by the combined signal 
αqt + (1 − α)Sim(st, Pt). In the present implementation, α 
was set at 0.50 to give equal priority to structured student 
ratings and semantic alignment. When the combined 
signal was low, GPT-4 edit was instructed to substantially 
revise the active prompt by changing its framing, level 
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of scaffolding, or task constraints. When the combined 
signal was moderate, GPT-4 edit produced a moderate 
refinement, such as adding examples, narrowing the task, 
or increasing concreteness. When the combined signal was 
high, the prompt was retained or only lightly refined. The 
free-text suggestion was also provided directly to GPT-4 
edit to ensure the revision direction remained interpretable 
and responsive to student feedback.

This embedding-based alignment procedure was used 
as a prompt-revision support mechanism rather than as 
evidence of AI learning. It did not fine-tune GPT-4, update 
model parameters, or train a new adaptive model. Instead, 
it provided a transparent process indicator for deciding 
how strongly the active prompt should be revised across 
interaction turns. 

4.2.2. Entrepreneurship-specific reward-shaping 
engine

The reward-shaping engine provided domain-specific 
feedback criteria for evaluating student responses. Rather 
than optimizing for general fluency, correctness, or user 
satisfaction, the reward function focused on indicators 
of entrepreneurial mindset. GPT-4 scored student 
responses using a fixed rubric on two 0 to 100 dimensions: 
CreativityScore and RiskScore.

CreativityScore was calculated as the average of four 
equally weighted dimensions: novelty, diversity of ideas, 
elaboration, and feasibility–innovation balance. Novelty 
referred to the originality of the proposed idea. Diversity 
captured whether the student explored multiple possibilities 
rather than a single obvious solution. Elaboration referred 
to the level of detail and development in the response. 
Feasibility–innovation balance assessed whether the idea 
combined creative potential with practical plausibility.

RiskScore was also calculated as the average of four 
dimensions: calculated risk, uncertainty awareness, trade-
off reasoning, and avoidance of reckless risk. Calculated 
risk captured whether the student was willing to consider 
uncertain but justifiable options. Uncertainty awareness 
was assessed by determining whether the student 
recognized relevant market, user, or implementation 
uncertainties. Trade-off reasoning evaluated whether 
the student explained the benefits and costs of different 
choices. Avoidance of reckless risk ensured that high-risk 
ideas were not rewarded when they lacked justification.

The composite reward was calculated as follows 
(Equation 6):

Rewardt = 0.55 × CreativityScore(ut) 
                  + 0.45 × RiskScore(ut)

	 (6)

In this formula, ut denotes the student’s response at 
interaction turn t. The slightly higher weight for creativity 
reflected the course’s emphasis on idea generation and 
business creativity. Rewardt was first produced on a 0 to 
100 scale and then normalized to a 0 to 1 scale for process 
analysis and convergence-speed calculation.

To improve scoring reliability, the research team 
manually reviewed a random sample of 15% of student 
responses and compared the rubric-based GPT-4 scores 
with human judgments. This check was used to identify 
inconsistent scoring patterns and to ensure that the scoring 
rubric was applied as intended. The model-generated scores 
were treated as process indicators rather than external 
ground-truth assessments of entrepreneurial ability.

4.2.3. Confidence tracking layer

The confidence tracking layer was used to adjust the 
level of scaffolding and challenge during tutoring. It was 
designed as a transparent classroom-deployable estimator 
rather than a trained machine-learning model or validated 
psychometric instrument. The estimate was used only to 
guide tutoring style and was not used for grading or high-
stakes evaluation.

The confidence estimate combined three types of 
signals: TextSignalt, BehaviorSignalt, and SelfReportt.

TextSignalt was extracted from each student response 
using GPT-4 with a fixed scoring rubric. The rubric 
identified five textual indicators: uncertainty markers, 
help-seeking or self-doubt, self-confidence statements, 
hesitation or vague language, and revision willingness. 
Uncertainty markers included expressions such as 
“maybe,” “not sure,” “I think,” “perhaps,” and “kind of.” 
Help-seeking or self-doubt included requests for help, 
expressions of difficulty, or negative self-evaluation. 
Self-confidence statements included explicit positive 
expressions such as “I’m confident,” “this is solid,” or “this is 
a strong idea.” Hesitation or vague language included filler 
expressions, repetition, and overly broad descriptions. 
Revision willingness referred to the student’s openness 
to iteration, improvement, and feedback. GPT-4 assigned 
continuous scores from 0 to 1 using the fixed rubric, and 
the final TextSignalt score was calculated as a weighted and 
normalized composite. This procedure was rubric-guided 
rather than based on open-ended generation or simple 
keyword matching.

BehaviorSignalt was derived from interaction logs. 
It included standardized response latency, voluntary 
follow-up turns, revision attempts, and task completion 
efficiency. Response latency was standardized within 
a session to reduce the influence of network or device 
differences. Voluntary follow-up turns were captured 
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to indicate whether students actively continued the 
conversation beyond the minimum task requirements. 
Revision attempts captured how often students revised 
or improved their ideas. Task completion efficiency was 
calculated as the number of turns required to complete the 
task and treated as a negative indicator when excessive turns 
indicated difficulty rather than productive exploration.

SelfReportt was collected at the end of each session 
through brief momentary confidence items. The central 
item was: “How confident do you currently feel about 
generating valuable business ideas?” Students responded 
on a 1–5 Likert scale. Additional brief items captured 
perceived task manageability and perceived readiness 
to continue developing the idea. Self-report scores were 
normalized to the 0–1 range.

The confidence estimate was calculated as follows 
(Equation 7):

Ct = 0.35 × TextSignalt + 0.25 × BehaviorSignalt 
       + 0.40 × SelfReportt

	 (7)

The weights were specified a priori for pedagogical 
interpretability rather than learned from supervised 
training. Self-report received the highest weight because it 
directly captured the student’s perceived confidence, while 
textual and behavioral signals provided complementary 
evidence from interaction data.

The resulting Ct value determined the scaffolding mode. 
When Ct < 0.45, the system entered low-confidence mode 
and provided stronger scaffolding, concrete examples, 
and step-by-step guidance. When 0.45 ≤ Ct ≤ 0.70, the 
system entered moderate-confidence mode and provided 
balanced guidance that combined support with reflective 
questioning. When Ct > 0.70, the system entered high-
confidence mode and increased challenge by using more 
open-ended prompts, inviting bolder experimentation, or 
asking students to test assumptions under more uncertain 
conditions.

Textual confidence indicators were extracted using 
anonymized student texts. The research team randomly 
reviewed 20% of the textual confidence outputs to check 
whether the rubric was applied consistently. This manual 
check was used as a quality-control procedure rather than 
as a separate validation study.

4.3. Measures and instruments

All scales demonstrated good to excellent internal 
consistency in the current sample, as shown in Table 
1. These measures correspond directly to the research 
questions and hypotheses. OR, RP, and CSE addressed RQ1 
and H1–H3. Prompt relevance and convergence speed 

addressed RQ2 and H4. The ablation outcomes addressed 
RQ3 and H5–H6.

Table 1. Measurement instruments and reliability

Construct Source Items α pre-
test

α post-
test

Raw 
scale

Opportunity 
recognition

Kuckertz et al. 
(2017) 5 0.89 0.91 1–5

Risk 
propensity

GRiPS (Zhang et 
al., 2019) 8 0.87 0.88 1–7

Creative 
self-efficacy

Tierney & 
Farmer (2002) 
adapted

6 0.92 0.93 1–5

Prompt 
relevance

Single item 
(session-level) 1 - - 1–5

Notes: Opportunity recognition and creative self-efficacy items were 
rated on 5-point Likert scales and linearly rescaled to 0–100 using (x 
− 1) / 4 × 100. Risk propensity was rated on a 7-point Likert scale and 
rescaled using (x − 1) / 6 × 100. Prompt relevance was analyzed using its 
original 1-to-5 scale.

4.3.1. Data preparation

To facilitate interpretability, Likert-scale outcomes were 
linearly rescaled to a 0–100 metric for OR and CSE. For 
5-point scales, scores were rescaled using (x − 1) / 4 × 100. 
For RP, measured on a 7-point scale, scores were rescaled 
using (x − 1) / 6 × 100. Prompt relevance was analyzed 
using its original 1-to-5 scale.

4.3.2. Entrepreneurial mindset

Opportunity recognition was measured using the five-
item OR Scale developed by Kuckertz et al. (2017), which 
assesses the extent to which students report being alert 
to and able to identify new business opportunities. Items 
were rated on a 5-point Likert scale and rescaled to a 0–100 
score; α pre = 0.89 and α post = 0.91. RP was measured 
using the eight-item General Risk Propensity Scale, or 
GRiPS, developed by Zhang et al. (2019). Items were rated 
on a 7-point Likert scale and rescaled to 0–100; α pre = 
0.87 and α post = 0.88.

4.3.3. Creative confidence

Creative self-efficacy was assessed using a six-item scale 
based on Tierney and Farmer’s (2002) Creative Self-Efficacy 
measure, with wording adapted for entrepreneurship tasks. 
Items were rated on a 5-point Likert scale and rescaled to 
0–100, α pre = 0.92 and α post = 0.93.

4.3.4. System performance

Prompt relevance was measured after each session using 
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a single 5-point item that asked students how helpful 
and well-targeted the AI prompts were for the session’s 
task. Convergence speed was defined as the number of 
interaction turns required until the normalized composite 
Rewardt changed by less than 0.08 across three consecutive 
turns. Rewardt was normalized to the 0 to 1 range before 
this calculation. Convergence speed was calculated within 
each session and then averaged across the eight sessions 
for each student. For fairness across conditions, the same 
post-hoc rubric was applied to interaction logs from all 
four conditions, including baseline conditions where 
reward shaping was not active during the intervention. The 
full survey instruments are provided in Appendix A, the 
demographic questionnaire in Appendix B, the interview 
protocol in Appendix C, illustrative prompt-revision and 
scaffolding examples in Appendix D, and the reward-
shaping rubric in Appendix E.

4.4. Procedure

In Week 0, all participants completed the pre-test battery, 
including OR, RP, and CSE. The intervention consisted of 
eight weekly 45-minute AI-supported workshops integrated 
into regular coursework. Weekly tasks required students 
to iteratively develop and refine venture ideas in response 
to realistic market scenarios, such as identifying unmet 
needs, specifying value propositions, testing assumptions, 
and proposing low-cost experiments. Sessions followed a 
standardized task template. The conditions differed only 
in prompt engineering and adaptation mechanisms. Each 
workshop followed the same structure:

(i)	 Goal setting: Five minutes. Students reviewed their 
ongoing venture idea and set a session goal.

(ii)	 AI-supported tutoring activity: 30 minutes. Students 
completed the weekly entrepreneurship task using the 
assigned condition. In the RPCA condition, the full 
framework was used, including prompt alignment, 
reward shaping, and confidence tracking. In the static 
templates condition, students selected from fixed 
prompts. In the adaptive prompting condition, GPT-4 
adjusted task difficulty using the rule-based heuristic 
described earlier. In the human–AI hybrid condition, 
students alternated between instructor-written 
prompts and unguided access to GPT-4.

(iii)	Reflection: 10 minutes. Students completed a prompt-
relevance rating and brief, momentary confidence 
items. System logs captured response latency, 
interaction turns, follow-up turns, and revision 
attempts.

In Week 8, participants completed the identical post-test 
battery. Analyses were conducted using an intention-to-
treat approach (N = 120). There were no cases of complete 

post-test battery missingness. Any sporadic item-level 
omissions were handled using expectation-maximization 
imputation. Complete-case analyses yielded substantively 
identical conclusions. Qualitative data from post-study 
interviews (n = 8) were collected but are not reported in 
the present manuscript.

4.5. Ablation study

To examine the contribution of RPCA’s components, 
a within-subject ablation study was conducted during 
Weeks 7 and 8 within the RPCA condition. Each RPCA 
participant completed four matched-difficulty ideation 
tasks across four configurations: full RPCA, RPCA without 
the reward-shaping engine, RPCA without the confidence 
tracking layer, and a baseline GPT-4 with a static prompt. 
The four configurations were counterbalanced using a 
Latin square design to reduce order effects. Task difficulty 
was matched through pilot testing.

After each ablation task, students completed brief post-
task ratings of OR, CSE, and prompt relevance. These 
outcomes were used to test whether removing reward 
shaping or confidence tracking reduced performance 
relative to the full RPCA configuration.

4.6. Data analysis

For H1 and H2, mixed-design analyses of variance 
(ANOVAs) were conducted with time as the within-
subjects factor and condition as the between-subjects 
factor to test pre-to-post changes in OR and RP across the 
four conditions. For H3, analysis of covariance (ANCOVA) 
was used to compare post-test CSE across conditions while 
controlling for pre-test CSE. For H4, one-way ANOVAs 
were used to compare mean prompt relevance and 
convergence speed across conditions, followed by Tukey-
adjusted post-hoc comparisons.

For H5 and H6, repeated-measures ANOVAs were 
conducted on the ablation data, with configuration as the 
within-subject factor. Planned contrasts compared the 
full RPCA configuration with the no-reward-shaping and 
no-confidence-tracking configurations. Holm adjustment 
was applied to control for multiple comparisons.

Assumption checks were conducted before hypothesis 
testing. Normality and homogeneity of variance were 
examined for between-group analyses. For repeated-
measures analyses, sphericity was assessed, and 
Greenhouse–Geisser corrections were applied when 
necessary. Statistical significance was evaluated at p < 0.05.

4.7. Ethics, consent, and data privacy

This study was approved by the Institutional Review Board 
of Raffles International College, Bangkok. All participants 
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provided informed consent before participation. Students 
were informed that participation was voluntary, that they 
could withdraw at any time, and that participation or 
withdrawal would not affect their course grades.

All interaction logs were anonymized using StudentID 
codes only. No directly identifiable personal information 
was entered into the GPT-4 API. The data were used only 
for research purposes and stored on an encrypted server 
accessible only to the research team.

5. Results 
5.1. Pre- and post-test scores

Pre-test scores did not differ significantly between 
conditions on any measure (all p > 0.41), indicating 
comparable baseline scores across the four randomized 
conditions (Table 2). Assumption checks did not indicate 
serious violations of normality or homogeneity of variance. 
For repeated-measures analyses in which sphericity was 
violated, Greenhouse–Geisser corrections were applied.

Students in the RPCA condition showed significantly 
larger gains in both OR and RP than those in all baseline 

conditions, providing evidence for H1 and H2.

For OR (H1), RPCA students improved from a mean 
of 61.2 (SD = 12.4) on the pre-test to 82.8 (SD = 10.1) on 
the post-test (+21.6 points), whereas the three baseline 
conditions gained only 10.7–11.4 points (post-test range: 
71.5–73.2). A mixed-design ANOVA revealed a significant 
condition × time interaction (F[3, 116] = 18.42, p < 0.001, 
ηp2 = 0.323) (Table 2). Tukey post-hoc tests confirmed 
that RPCA significantly outperformed all baselines (all p 
< 0.001).

For RP (H2), RPCA students gained +14.4 points 
(pre-mean = 54.3, SD = 11.8; post-mean = 68.7, SD = 
10.5), compared with +6.3 to +7.7 points in the baseline 
conditions. The condition × time interaction was significant 
(F[3, 116] = 11.68, p < 0.001, ηp2 = 0.232), with RPCA 
significantly higher than all baselines in post-hoc tests (all 
p < 0.001). This suggests that RPCA’s explicit emphasis 
on calculated risk-taking supports shifts in students’ 
comfort with uncertainty, aligning with recent evidence 
that entrepreneurship education can meaningfully shape 
risk-related attitudes (Hou et al., 2022; López-Muñoz et al., 
2023).

Table 2. Pre- and post-test means and gain scores by condition

Condition OR pre OR post OR gain RP pre RP post RP gain CSE pre CSE post CSE gain

RPCA 61.2 (12.4) 82.8 (10.1) +21.6 54.3 (11.8) 68.7 (10.5) +14.4 59.5 (13.0) 77.5 (11.5) +18.0

Static templates 60.8 (11.9) 71.5 (12.3) +10.7 53.9 (12.1) 60.2 (11.4) +6.3 59.0 (12.8) 51.0 (12.5) −8.0

Adaptive prompting 62.1 (12.6) 73.2 (11.8) +11.1 55.1 (11.5) 61.8 (12.0) +6.7 58.5 (13.5) 59.8 (13.0) +1.3

Human–AI hybrid 61.5 (11.7) 72.9 (12.0) +11.4 54.7 (12.3) 62.4 (11.7) +7.7 58.8 (12.9) 64.8 (12.6) +6.0

Notes: Values are means (SD) on rescaled 0–100 scores. Gains are post–pre differences. OR = opportunity recognition; RP = risk propensity; CSE = 
creative self-efficacy. CSE adjusted post-test means (analysis of covariance controlling for pre-test CSE) are reported in Table 3. Groups were equal in size 
(n = 30 per condition). 
Abbreviations: AI: Artificial intelligence; CSE: Creative self-efficacy; OR: Opportunity recognition; RP: Risk propensity; RPCA: Reciprocal Prompt 
Co-Adaptation; SD: Standard deviation. 

Table 3. Adjusted mean creative self-efficacy post-test scores by condition

Condition n Adjusted mean Standard error 95% confidence 
interval

Pairwise vs. RPCA 
(Bonferroni-adjusted p)

RPCA 30 78.0 2.0 [74.0, 82.0] –

Static templates 30 50.3 2.2 [46.0, 54.6] <0.001

Adaptive prompting 30 59.2 2.0 [55.2, 63.1] <0.001

Human–AI hybrid 30 65.2 2.2 [60.9, 69.5] <0.001

Notes: Adjusted means and standard errors are from analysis of covariance on the rescaled 0–100 CSE score. Main effect of condition: F(3, 115) = 38.42, 
p < 0.001, ηp2 = 0.50. Pre-test covariate: F(1, 115) = 12.67, p < 0.001, ηp² = 0.10. 
Abbreviations: AI: Artificial intelligence; RPCA: Reciprocal Prompt Co-Adaptation.
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Figure 2 shows the entrepreneurial mindset trajectories 
over the eight weeks, addressing RQ1 at the process 
level. The RPCA curve exhibits an S-shaped pattern with 
a pronounced mid-semester increase, while baselines 
display more linear and gradual improvements.

Reciprocal Prompt Co-Adaptation also yielded stronger 
gains in CSE than the baseline approaches, addressing 
H3. On the rescaled 0 to 100 CSE score, RPCA students 
improved from a mean of 59.5 (SD = 13.0) at pre-test to 77.5 
(SD = 11.5) at post-test, a gain of 18.0 points. The baseline 
conditions showed smaller changes: static templates: −8.0; 
adaptive prompting: +1.3; and human–AI hybrid: +6.0.

	■ An ANCOVA controlling for pre-test CSE showed a 
significant effect of condition on post-test CSE (F[3, 
115] = 38.42, p < 0.001, ηp2 = 0.50) (Table 3). The pre-
test covariate was also significant (F[1, 115] = 12.67, p 
< 0.001, ηp2 = 0.10). Bonferroni-adjusted comparisons 
of adjusted means indicated that RPCA scored higher 
than static templates, adaptive prompting, and 
human–AI hybrid (all p < 0.001).

	■ These results are consistent with the expectation 
that structured reflection and iterative feedback can 
support students’ CSE. The process indicators also 
suggest that RPCA offered a more targeted interaction 
environment, as reflected in higher session-level 
prompt relevance and faster convergence to stable 
prompts. However, these process indicators should be 

interpreted as evidence of interaction quality rather 
than as direct proof of AI-side learning.

	■ Taken together, these findings provide convergent 
support for RQ1 and H1– H3, showing that RPCA 
was associated with larger gains in OR, RP, and CSE 
than the comparison conditions.

Prompt relevance ratings were recorded after each 
session on a 1–5 scale and averaged across eight sessions for 
each participant. A one-way ANOVA showed a significant 
main effect of condition on mean prompt relevance (F[3, 
116] = 48.67, p < 0.001, ηp2 = 0.56) (Table 4). Tukey-
adjusted post-hoc tests indicated that RPCA (mean = 4.52, 
SD = 0.48) outperformed static templates (mean = 2.68, SD 
= 0.82), adaptive prompting (mean = 3.45, SD = 0.71), and 
human–AI hybrid (mean = 3.91, SD = 0.66) (all p < 0.001).

Convergence speed was operationalized as the 
number of interaction turns required for the normalized 
composite Rewardt to change by less than 0.08 across three 
consecutive turns. Although reward shaping was active 
only in the RPCA condition during the intervention, 
Rewardt was computed post-hoc from interaction logs 
using the same rubric across all conditions to support fair 
process comparison. For each participant, convergence 
speed was computed within each session and then 
averaged across the eight sessions. A one-way ANOVA 
indicated a significant effect of condition on convergence 
speed (F[3, 116] = 52.11, p < 0.001, ηp2 = 0.57) (Table 5). 

Figure 2. Entrepreneurial mindset development trajectories across experimental conditions over eight weeks
Abbreviation: RPCA: Reciprocal Prompt Co-Adaptation.
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RPCA required fewer turns to converge (mean = 3.40, SD 
= 1.20) than the three baseline conditions. Together, these 
findings support H4.

Table 4. Mean prompt relevance ratings by condition

Condition n Mean SD 95% CI

RPCA 30 4.52 0.48 [4.34, 4.70]

Static templates 30 2.68 0.82 [2.37, 2.99]

Adaptive prompting 30 3.45 0.71 [3.18, 3.72]

Human–AI hybrid 30 3.91 0.66 [3.66, 4.16]

Notes: Ratings on a 5-point scale. ANOVA: F(3, 116) = 48.67, p < 0.001, 
ηp2 = 0.56. Tukey-adjusted post-hoc comparisons were conducted 
following the omnibus ANOVA. 
Abbreviations: AI: Artificial intelligence; ANOVA: Analysis of variance; 
CI: Confidence interval; RPCA: Reciprocal Prompt Co-Adaptation; SD: 
Standard deviation.

Table 5. Mean convergence speed (turns to stability) by 
condition

Condition n Mean Standard deviation

RPCA 30 3.40 1.20

Static templates 30 7.80 2.10

Adaptive prompting 30 6.20 1.80

Human–AI hybrid 30 5.50 1.60

Notes: Lower values indicate faster convergence. Convergence speed was 
calculated as the mean number of turns required for normalized Rewardt 
to stabilize within the 0.08 threshold across three consecutive turns. 
ANOVA: F(3, 116) = 52.11, p < 0.001, ηp2 = 0.57. 
Abbreviations: AI: Artificial intelligence; ANOVA: Analysis of variance; 
RPCA: Reciprocal Prompt Co-Adaptation.

Figure 3 illustrates the relationship between 
CreativityScore and RiskScore in RPCA student responses. 
The positive association suggests that, within the rubric-
guided scoring procedure, responses with higher creativity 
scores also tended to receive higher calculated-risk scores. 
This pattern is consistent with the intended balance 
between creative exploration and justified risk-taking. 
However, these model-assisted scores should be interpreted 
as process indicators rather than external assessments of 
idea quality.

These process-level results support H4, indicating 
that RPCA improved prompt relevance and convergence 
efficiency relative to baseline prompting approaches.

5.2. Exploratory quality checks for model-assisted 
indicators

To address the transparency and stability of the model-
assisted process indicators, additional quality checks were 
conducted on the textual confidence estimates, reward 
scores, and confidence estimates used in the RPCA 
condition. These analyses were exploratory and intended 
to assess whether the rubric-guided indicators aligned with 
researcher judgments and student-reported confidence.

First, the research team manually reviewed 
approximately 20% of the logged student responses used for 
textual confidence coding (n = 1,247). Agreement between 
GPT-4-based TextSignalₜ scores and researcher judgments 
was good (intraclass correlation coefficient [ICC] = 0.81; 
95% CI: [0.79, 0.83]; p < 0.001). This suggests that the fixed 
rubric for extracting textual confidence indicators was 
applied consistently.

Second, approximately 15% of student responses (n = 
936) were manually reviewed for reward-scoring quality. 
Agreement between GPT-4-based scores and researcher 
judgments was acceptable to good for CreativityScore 
(ICC = 0.79, 95% CI: [0.76, 0.81]), RiskScore (ICC = 0.77, 
95% CI: [0.74, 0.80]), and the composite Rewardt (ICC = 
0.82, 95% CI: [0.80, 0.84]). These results support the use of 
rubric-guided reward scores as process indicators, although 
they should not be interpreted as external ground-truth 
measures of entrepreneurial performance.

Third, the confidence estimate Ct showed a moderate 
positive correlation with students’ momentary confidence 
reports (r = 0.58, p < 0.001). Mean Ct was also positively 
associated with CSE gains (r = 0.47, p < 0.001). These 
correlations provide preliminary convergent evidence 
that the confidence tracking layer captured variation in 
students’ perceived creative confidence.

Finally, session-level Ct showed moderate stability 
across the eight intervention sessions, with an ICC = 0.69 
for single measures and a Cronbach’s α = 0.84 across the 
eight session-level estimates. This pattern suggests that the 
confidence estimates were sufficiently stable for adaptive 
scaffolding purposes while still allowing session-to-session 
variation in learner state.

5.3. Ablation study

To assess the contribution of RPCA’s individual components 
and address RQ3, a within-subject ablation study was 
embedded in the RPCA cohort during the final two weeks, 
Weeks 7 and 8. Each RPCA participant completed four 
brief ideation tasks, matched in format and difficulty, 
across four system-level configurations. The order of the 
four configurations was counterbalanced using a Latin 
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square design, and task difficulty was matched through 
pilot testing.

The four configurations were as follows: (i) Full RPCA: 
all components active; (ii) no reward shaping: prompt 
refinement and confidence tracking retained, but the 
entrepreneurship-specific composite Rewardt was not used 
to guide feedback or prompt updates; (iii) no confidence 
tracking: reward shaping and prompt refinement retained, 
but coaching did not use the confidence estimate Ct; and 
(iv) baseline GPT-4: a single static system prompt with no 
RPCA mechanisms.

After each ideation task, participants completed brief 
post-task self-ratings of OR and CSE and rated prompt 
relevance on a 1–5 scale. For each configuration, post-task 
OR and CSE scores were analyzed on a 0–100 scale, and 
prompt relevance was analyzed on its original 1–5 scale. 
Table 6 reports descriptive means and standard deviations 
for the within-subject comparisons (n = 30).

Repeated-measures ANOVAs indicated significant 
effects of configuration on OR, CSE, and prompt relevance. 
Holm-adjusted planned comparisons between full RPCA 
and the removal of reward shaping showed that removing 
reward shaping reduced OR (t[29] = 5.82, p < 0.001) and 
CSE (t[29] = 4.31, p < 0.001). 

For H5 (reward shaping), relative to full RPCA (OR = 
84.2 and CSE = 74.6), the no reward shaping configuration 
showed lower OR (mean = 72.1) and CSE (mean = 69.3). 
Holm-adjusted planned comparisons confirmed these 
reductions, OR: t(29) = 5.82, p < 0.001; CSE: t(29) = 4.31, 

p < 0.001. This suggests that the entrepreneurship-specific 
reward signal helped keep the interaction aligned with 
mindset-development goals.

Table 6. Ablation study: Post-task performance

Configuration OR score 
(0–100)

CSE score 
(0–100)

Prompt 
relevance (1–5)

Full RPCA 84.2 (9.8) 74.6 (10.3) 4.38 (0.49)

No reward 
shaping 72.1 (11.4) 69.3 (11.7) 4.01 (0.62)

No confidence 
tracking 76.8 (10.7) 65.9 (12.1) 3.87 (0.71)

Baseline GPT-4 
(static) 68.4 (12.3) 63.2 (13.0) 3.45 (0.83)

Notes: Within-subject comparisons inside the RPCA cohort (n = 30). 
OR/CSE scores are 0–100; prompt relevance is 1–5. Higher values 
indicate better performance. Omnibus effects were tested using 
repeated-measures ANOVA with Greenhouse–Geisser correction (OR: 
F[3, 87] = 28.41, p < 0.001, ηp2 = 0.49; CSE: F[3, 87] = 22.67, p < 0.001, 
ηp2 = 0.44; prompt relevance: F[3, 87] = 19.83, p < 0.001, ηp2 = 0.41). 
Holm-adjusted planned contrasts versus full RPCA are reported in the 
text. 
Abbreviations: CSE: Creative self-efficacy; OR: Opportunity recognition; 
RPCA: Reciprocal Prompt Co-Adaptation.

For H6 (confidence tracking), disabling the confidence 
tracking layer primarily reduced CSE (mean = 65.9) and 
perceived prompt quality (prompt relevance mean = 
3.87), compared with full RPCA (CSE = 74.6 and prompt 
relevance = 4.38). Holm-adjusted planned comparisons 
confirmed these reductions, CSE: t(29) = 5.67, p < 0.001; 

Figure 3. Relationship between creativity and risk-taking rewards in student responses
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prompt relevance: t(29) = 4.18, p < 0.001. This pattern 
is consistent with confidence-aware coaching serving 
as a scaffolding mechanism to sustain perceived task 
manageability and prompt quality during open-ended 
ideation.

To situate these configurations relative to the main 
experimental conditions, Table 7 summarizes the key 
design differences.

These patterns provide preliminary support for H5 
and H6 and suggest that reward shaping and confidence 
tracking contributed differently to the observed RPCA 
effects. Reward shaping appeared to support alignment 
with entrepreneurial learning goals, whereas confidence-
aware coaching appeared to support students’ perceived 
manageability and prompt relevance during complex 
ideation tasks.

5.4. Summary of hypothesis testing

The experiment provided convergent support for all 
six hypotheses. The full RPCA framework produced 
significantly larger gains in OR (H1), RP (H2), and CSE 
(H3) than the three baseline conditions. It also achieved 
higher prompt relevance ratings and required fewer 
interaction turns to reach convergence (H4; Tables 4 and 
5). Ablation analyses further supported the contribution 
of the two core adaptive components. Removing the 
reward-shaping engine reduced OR and CSE (H5), 

whereas removing the confidence tracking layer reduced 
CSE and perceived prompt quality (H6). Table 8 presents a 
consolidated overview.

Taken together, these results provide initial evidence 
that feedback-driven prompt co-adaptation, supported 
by domain-specific reward shaping and confidence-aware 
scaffolding, can improve student-side entrepreneurial 
mindset outcomes and the quality of interaction processes 
when implemented with an off-the-shelf LLM. The results 
directly address RQ1 to RQ3 and support H1 to H6, while 
keeping the empirical interpretation centered on student 
learning and interaction-level adaptation rather than 
AI-side learning.

6. Discussion
Building on the empirical support for RQ1–RQ3 and H1–
H6, this section discusses the contribution, limitations, 
broader applications, and ethical implications of the 
current RPCA implementation. The quantitative results 
indicate that RPCA outperformed the baseline conditions 
on student-side entrepreneurial mindset outcomes, 
including OR, RP, and CSE, as well as on interaction process 
indicators such as prompt relevance and convergence 
speed. The within-cohort ablation analyses further suggest 
that reward shaping and confidence tracking contributed 
differently to the observed effects within the RPCA 
condition.

Table 7. Comparison of experimental conditions

Condition / 
Configuration Prompt refinement Reward signal Confidence 

adaptation Key difference from full RPCA

RPCA (full) Student + AI Entrepreneurship-
specific rubric Real-time tracking –

Static templates None, fixed prompts None None No refinement or adaptation

Adaptive prompting AI only (performance-
based)

Generic correctness and 
engagement None One-sided adaptation, no domain 

reward or confidence tracking

Human–AI hybrid Student only (manual) None None The student has full control, no 
automated RPCA mechanisms

No reward shaping Student + AI None, no composite 
Rewardt

Real-time tracking Removes domain-specific reward 
signal

No confidence tracking Student + AI Entrepreneurship-
specific rubric None Removes confidence-aware coaching

Baseline GPT-4 (static) None (single prompt) None None No RPCA mechanisms at all

Notes: Static templates (main experiment) refers to choosing from a fixed prompt menu (templates do not change across sessions); Baseline GPT-4 
(static) (ablation) refers to a single fixed system prompt with no RPCA mechanisms. 
Abbreviations: AI: Artificial intelligence; RPCA: Reciprocal Prompt Co-Adaptation.
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These findings should be interpreted as evidence of 
student learning, supported by interaction-level prompt 
adaptation, rather than as evidence that GPT-4 learned in 
the human sense or acquired new knowledge during the 
intervention. In RPCA, adaptation occurs through prompt 
revision, rubric-guided feedback, and confidence-aware 
scaffolding. The underlying model parameters remain 
unchanged. Therefore, the contribution of the framework 
lies in designing a structured, feedback-driven tutoring 
protocol that allows students to influence prompt and 
scaffolding decisions while maintaining an empirical focus 
on student outcomes.

6.1. Interpretation of findings

The findings suggest that feedback-driven prompt 
co-adaptation may be useful for supporting entrepreneurial 
mindset development in open-ended learning contexts. 
Compared with static templates and one-sided adaptive 
prompting, RPCA enabled students to assess prompt 
relevance, offer brief reflections, and inform subsequent 
prompt revisions. This interpretation aligns with recent 
work that frames prompt engineering as an emerging 
educational skill, in which learners need to understand 
how task framing, constraints, and prompt design shape 
AI-supported reasoning and output quality (Federiakin et 
al., 2024; Qian, 2025). In the present study, this may have 
helped students engage more actively with the ideation 
process rather than simply responding to pre-written or 
AI-generated prompts.

More broadly, recent meta-analytic evidence suggests 
that ChatGPT-based interventions can support learning 

outcomes when embedded in educational contexts, 
although effects vary by outcome type and implementation 
design (Deng et al., 2025).

The stronger gains in OR and RP suggest that the 
entrepreneurship-specific reward structure may have 
helped keep the interaction aligned with the learning 
goals of the course. Instead of rewarding only fluency 
or task completion, the system emphasized creativity 
and calculated risk-taking. This design appears to have 
encouraged students to generate more varied ideas, 
consider uncertainty, and justify risk-related decisions. 
However, this interpretation should be approached 
with caution because Rewardt was a model-assisted 
process indicator rather than an external assessment of 
entrepreneurial competence.

The gains in CSE may be partly explained by 
the confidence-aware scaffolding mechanism. This 
interpretation is also consistent with prior creativity 
research showing that structured self-assessment and 
reflection can support students’ creative self-efficacy and 
creative thinking processes (Z. Yan et al., 2022). Students 
with lower estimated confidence received more concrete 
examples and step-by-step guidance, while students with 
higher estimated confidence received more open-ended 
challenges. This adaptive pattern may have helped maintain 
a balance between support and productive difficulty. 
The exploratory checks reported in Section 5 provide 
preliminary evidence that Ct was related to students’ 
momentary confidence and CSE gains. At the same time, 
these checks do not make Ct a fully validated psychological 
measure. Rather, they suggest that the confidence estimate 

Table 8. Summary of hypothesis tests

Hypothesis Statement Result Primary evidence

H1 RPCA > baselines on opportunity 
recognition (OR) gains Supported Table 2; F(3, 116) = 18.42, p < 0.001, ηp2 = 0.323

H2 RPCA > baselines on risk propensity (RP) 
gains Supported Table 2; F(3, 116) = 11.68, p < 0.001, ηp2 = 0.232

H3 RPCA > baselines on creative self-efficacy 
(CSE) gains Supported Table 3; ANCOVA (pre-test CSE covariate), F(3, 115) = 38.42, p < 

0.001, ηp2 = .50

H4 RPCA yields higher prompt relevance and 
faster convergence Supported Table 4; F(3, 116) = 48.67, p < 0.001, ηp2 = 0.56; Table 5; F(3, 116) = 

52.11, p < 0.001, ηp2 = 0.57

H5 Removing the reward-shaping engine 
reduces OR and CSE task performance Supported

Table 6; RM-ANOVA: OR: F(3, 87) = 28.41, p < 0.001, ηp2 = 0.49; 
CSE: F(3, 87) = 22.67, p < 0.001, ηp2 = 0.44; Holm contrasts vs. Full 
RPCA: no reward shaping: OR: t(29) = 5.82, p < 0.001; CSE: t(29) = 
4.31, p < 0.001

H6 Removing confidence tracking reduces CSE 
and perceived prompt quality Supported

Table 6; RM-ANOVA: CSE: F(3, 87) = 22.67, p < 0.001, ηp2 = 0.44; 
prompt relevance: F(3, 87) = 19.83, p < 0.001, ηp2 = 0.41; Holm 
contrasts vs. Full RPCA: no confidence tracking: CSE: t(29) = 5.67, p 
< 0.001; prompt relevance: t(29) = 4.18, p < 0.001
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behaved in a reasonable and interpretable way within this 
classroom prototype.

The ablation findings further clarify the role of each 
component. Removing reward shaping reduced OR and 
CSE, suggesting that domain-specific feedback criteria 
helped anchor the interaction to entrepreneurial learning 
goals. Removing confidence tracking reduced CSE and 
prompt relevance, suggesting that confidence-aware 
scaffolding helped students experience the prompts as 
more manageable and better targeted. These findings 
provide preliminary support for the component logic of 
RPCA, while still requiring replication with larger samples 
and longer interventions.

6.2. Limitations of the Reciprocal Prompt 
Co-Adaptation system

Several limitations should be considered when interpreting 
the findings. At the contextual level, the study was 
conducted with Thai undergraduate business students over 
an eight-week intervention. The robustness and durability 
of the effects in other disciplines, age groups, institutional 
contexts, and cultural settings remain uncertain. Future 
research should examine longer interventions, delayed 
post-tests, and cross-institutional replications to determine 
whether the observed gains are sustained over time.

The embedded ablation study also has limitations. 
Although the order of configurations was counterbalanced 
using a Latin square design and the tasks were matched 
through pilot testing, the ablation was conducted during 
the final two weeks of the intervention. Students had 
already gained experience with RPCA by that point, so 
residual learning, familiarity, or carryover effects across 
configurations cannot be fully ruled out. Future studies 
could use separate participant groups, longer washout 
periods, or fully independent ablation experiments to 
strengthen causal claims about individual components.

A further contextual constraint concerns interaction 
language. All student-GPT-4 interactions were conducted 
in English rather than Thai. For Thai students, operating 
in a second language may have increased cognitive load, 
limited nuance in articulating ideas, and influenced 
their willingness to take linguistic and conceptual risks. 
Language choice may also affect how the model interprets 
student intent, politeness strategies, expressions of 
uncertainty, and confidence signals. Future work should 
examine bilingual or Thai-first deployments and test 
whether language moderates the effects of RPCA on OR, 
RP, and CSE.

At the system level, the framework depends on a single 
proprietary LLM, GPT-4. This reliance may inherit biases 
from the model’s training data and alignment process, 

including dominant business narratives, culturally 
preferred communication styles, or conventional 
assumptions about entrepreneurship (Alvero et al., 2024). 
Such biases could constrain the range of entrepreneurial 
ideas students explore or steer them toward familiar 
opportunity framings. Future implementations should 
compare different models, include localized examples, and 
examine whether model choice affects the diversity and 
cultural relevance of student ideas.

The reward-shaping component also requires cautious 
interpretation. RPCA uses rubric-guided GPT-4 scoring 
to estimate creativity and calculated risk-taking. Although 
exploratory quality checks showed acceptable agreement 
between GPT-4-based scores and researcher judgments, 
these scores remain constrained by the rubric design and 
the model’s interpretive stability. Rewardt should therefore 
be treated as a process indicator, not as an external 
ground-truth measure of entrepreneurial ability or idea 
quality. Future studies should combine model-based 
scoring with independent expert ratings, peer assessments, 
behavioral indicators, or performance-based outcomes 
such as prototype quality, customer discovery plans, or 
pitch evaluations. This caution is consistent with broader 
concerns in AI ethics in education, where model-assisted 
indicators should be treated as decision-support tools 
rather than authoritative judgments of student ability 
(Akgun & Greenhow, 2022; Y. Yan et al., 2025).

The confidence tracking layer has similar limitations. 
Ct integrates textual, behavioral, and self-report signals 
through an a priori rule-based weighting scheme rather 
than a trained multimodal estimator. This design improves 
transparency and classroom deployability, but it may 
be sensitive to contextual noise. Network latency, device 
differences, writing fluency, cultural communication 
norms, and students’ willingness to express uncertainty 
may all influence confidence estimation. The exploratory 
checks in this study provide preliminary support for 
consistency and convergent association, but further 
validation is needed before Ct can be treated as a robust 
learner-state measure. This is especially important because 
learning analytics indicators can increase learner visibility 
but may also be misinterpreted if their uncertainty, context 
dependence, and intended use are not made explicit 
(Gedrimiene et al., 2023; Susnjak et al., 2022).

Finally, deploying GPT-4-based tutoring in real 
courses raises organizational and regulatory constraints. 
Institutions must consider Application Programming 
Interface costs, technical infrastructure, data protection, 
consent procedures, and the governance of learning 
analytics. Fine-grained interaction logs can contain 
students’ ideas, reflections, expressions of uncertainty, 
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and confidence reports. Long-term deployment of 
RPCA, therefore, requires clear procedures for data 
minimization, anonymization, storage, access control, and 
auditing, especially when similar systems are integrated 
into institutional learning management systems. These 
concerns are consistent with prior reviews of privacy and 
data protection in learning analytics and with emerging 
regulatory discussions around generative AI governance, 
cybersecurity, and institutional responsibility (Liu & 
Khalil, 2023; Novelli et al., 2024).

6.3. Potential application scenarios beyond 
entrepreneurial tutoring

Although the empirical evaluation focused on 
entrepreneurship education, the RPCA design may be 
adaptable to other domains that require open-ended 
reasoning, iterative feedback, and learner agency. Its 
core principles are prompt refinement, domain-specific 
feedback criteria, and confidence-aware scaffolding. These 
principles are not limited to entrepreneurship, but the 
reward criteria and scaffolding rules would need to be 
redesigned for each learning context.

In academic writing and communication courses, 
prompts could be refined to focus on argument quality, 
rhetorical flexibility, audience awareness, and use of 
evidence. Reward criteria could emphasize clarity, 
coherence, originality, and responsiveness to feedback. In 
such settings, RPCA could help students reflect on how 
different prompt framings shape the development of their 
arguments. This would position the system as a structured 
writing scaffold rather than a replacement for student 
authorship or teacher feedback.

In professional training contexts, RPCA could support 
scenario-based learning in fields such as management, 
negotiation, public speaking, or leadership development. 
This extension is relevant to business and management 
education, where recent work has identified both 
opportunities and tensions in the use of ChatGPT for 
classroom learning and professional skill development 
(Valcea et al., 2024). Domain-specific reward criteria could 
be designed around situational judgment, stakeholder 
sensitivity, ethical reasoning, or strategic clarity. 
Confidence-aware scaffolding could then adjust the level 
of challenge based on whether learners appear ready for 
more complex scenarios or require more guided practice.

Cross-cultural learning environments represent another 
possible application area. Because the prompt-alignment 
module can incorporate localized examples and student 
feedback, RPCA may help adapt AI-mediated instruction 
to diverse student cohorts. However, this potential also 
requires caution. LLMs may reproduce dominant cultural 

assumptions unless explicitly counterbalanced. Recent 
studies similarly show that LLM outputs can reflect cultural 
dominance, social values, and culturally patterned bias, 
making cultural alignment and localized review important 
for cross-cultural educational deployment (Dokic et 
al., 2025; Tao et al., 2024). Future deployments should 
therefore combine prompt co-adaptation with localized 
content development, cultural bias checks, and stakeholder 
review.

Across these possible applications, the framework 
should not be interpreted as implying that the AI is a 
human-like learning partner. Its value lies in making 
prompt evolution visible, inspectable, and responsive to 
student input. This may strengthen learner agency and 
metacognitive awareness while keeping human judgment 
central to the learning process.

6.4. Ethical considerations in the Reciprocal Prompt 
Co-Adaptation system

Reciprocal Prompt Co-Adaptation’s capacity to shape 
learners’ confidence, risk orientation, and feedback 
engagement raises ethical questions related to autonomy, 
transparency, and pedagogical influence. Systems that adapt 
prompts and challenges based on learner-state estimates 
must distinguish legitimate educational scaffolding from 
manipulative steering. This concern echoes broader 
discussions of AI ethics in education, especially around 
transparency, autonomy, fairness, and the appropriate 
boundaries of automated pedagogical influence (Akgun 
& Greenhow, 2022; Y. Yan et al., 2025). This is especially 
important in domains such as entrepreneurship, where 
the system may influence students’ attitudes toward 
uncertainty, risk, and opportunity.

In the present study, RPCA was limited to 
entrepreneurship education and used for formative 
learning support rather than high-stakes assessment. Even 
so, similar techniques could be adapted to more sensitive 
domains, including political attitudes, moral reasoning, 
or personal decision-making. Responsible use, therefore, 
requires clear boundaries around appropriate learning 
contexts, transparent communication of educational 
objectives, and safeguards against persuasive uses that 
undermine learner agency.

Data privacy is another central concern. RPCA relies 
on interaction logs, student reflections, confidence reports, 
and model-assisted indicators. Students may not always 
understand how such data are interpreted or used. Learning 
analytics research similarly emphasizes that students’ 
awareness, expectations, and consent should be considered 
when data traces are used to guide educational decisions 
(Gedrimiene et al., 2023; Liu & Khalil, 2023). In future 
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deployments, students should be informed about what 
data is collected, how confidence and reward indicators 
are generated, who can access them, and whether they 
affect assessment. These indicators should not be used for 
summative grading unless they have undergone stronger 
validation and are accompanied by appeal or review 
procedures.

Future iterations of RPCA should incorporate stronger 
technical and governance safeguards. On the technical side, 
aggregation, pseudonymization, and privacy-preserving 
analytics could reduce the risk of exposing sensitive learner 
traces. On the governance side, explainability features could 
allow students and instructors to inspect how prompts 
evolved, why a specific challenge was selected, or how a 
confidence estimate was derived. Continuous monitoring is 
also needed to detect unintended reinforcement of narrow 
business ideologies, cultural stereotypes, or discriminatory 
patterns.

7. Conclusion
This paper examined RPCA, a structured human–AI 
scaffolding framework designed to support entrepreneurial 
mindset development and CSE through feedback-driven 
prompt refinement with GPT-4. Rather than treating 
prompts as static scripts or relying only on one-way AI 
adaptation, RPCA allows students to evaluate prompt 
relevance, provide reflections, and influence subsequent 
prompt revisions. The system then uses domain-specific 
reward criteria and confidence-aware scaffolding rules to 
adjust the tutoring interaction. Importantly, RPCA does 
not assume that GPT-4 learns in the human sense or 
updates its model parameters. The adaptive element lies in 
the interaction protocol, not in model-side learning.

The eight-week classroom study across three Thai 
universities provides initial evidence for the effectiveness of 
this approach. Relative to static templates, simple adaptive 
prompting, and human–AI hybrid prompting, RPCA 
produced larger gains in OR, RP, and CSE. It also achieved 
higher prompt-relevance ratings and faster convergence 
to stable prompts. The ablation analyses further suggested 
that the reward-shaping engine and confidence tracking 
layer contributed differently to the framework’s effects. 
Removing reward shaping reduced OR and CSE, whereas 
removing confidence tracking reduced CSE and perceived 
prompt quality.

Beyond these performance effects, RPCA offers a 
conceptual contribution by reframing LLM-based tutoring 
as configurable dialogic scaffolding rather than as AI-side 
learning or peer-like collaboration. Making prompt 
evolution explicit and responsive to student feedback may 
strengthen learners’ agency and metacognitive awareness 

about how different framings shape idea generation and 
evaluation. In entrepreneurship education, this may 
support richer OR processes, more balanced attitudes 
toward risk, and a greater willingness to iterate on 
imperfect ideas.

Future research should extend this work in several 
directions. Larger and more diverse samples, longer 
intervention periods, and delayed post-tests are needed 
to examine the robustness and durability of RPCA effects. 
Further validation is also needed for the reward and 
confidence indicators, ideally through external expert 
ratings, behavioral performance measures, and cross-
cultural replications. Technically, future versions should 
integrate stronger safeguards for explainability, privacy, 
and governance. As generative AI becomes more deeply 
embedded in education, approaches such as RPCA 
illustrate how learner-centered, transparent, and feedback-
driven interaction designs can support human creativity 
and judgment without overstating the learning capacity of 
the AI system.
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Appendix

Appendix A. Survey instruments
A1. Opportunity Recognition Scale

(5 items, 5-point Likert; adapted from Kuckertz et al., 2017)

Instructions to students: “Please indicate how much you agree with each statement about how you usually notice business 
opportunities. 1 = Strongly disagree, 2 = Disagree, 3 = Neither agree nor disagree, 4 = Agree, 5 = Strongly agree.”

1.	 I easily notice potential business opportunities in my everyday environment.
2.	 Even in familiar situations, I can see unmet customer needs that others may miss.
3.	 When I hear about new trends or technologies, I quickly imagine possible business uses.
4.	 I often connect seemingly unrelated ideas into potential business concepts.
5.	 Compared with my classmates, I am quick to recognize promising venture ideas.

A2. General Risk Propensity Scale (GRiPS – Adapted)

(8 items, 7-point Likert; based on Zhang et al., 2019)

Instructions to students: “People differ in how willing they are to take risks. Please rate how well each statement describes 
you. 1 = Strongly disagree, 2 = Disagree, 3 = Neither agree nor disagree, 4 = Agree, 5 = Somewhat agree, 6 = Agree, 7 = 
Strongly agree.”

1.	 I enjoy taking meaningful risks in my life when there is a chance of a good outcome.
2.	 I prefer activities with certain outcomes rather than uncertain ones. (reverse-scored)
3.	 I am willing to try new things even when I do not know exactly how they will turn out.
4.	 I avoid situations where I might lose what I already have. (reverse-scored)
5.	 I feel comfortable making decisions when I only have incomplete information.
6.	 When facing important choices, I usually choose the safest option. (reverse-scored)
7.	 I like to experiment with unconventional solutions, even if they might fail.
8.	 When I have to decide quickly, I am prepared to take chances.

A3. Creative Self-Efficacy Scale

(6 items, 5-point Likert; adapted from Abulela, 2024, and Tierney & Farmer, 2002)

Instructions to students: “Please indicate how confident you feel about your creative abilities in entrepreneurship projects. 
1 = Not at all confident, 2 = Slightly confident, 3 = Moderately confident, 4 = Very confident, 5 = Extremely confident.”

1.	 I am confident in my ability to come up with original business ideas.
2.	 When a task requires creative thinking, I can rely on my skills to handle it.
3.	 Compared with my classmates, I can generate many different ways to solve a problem.
4.	 If I were asked to design a new product or service, I would know how to start.
5.	 Even when I feel stuck, I can eventually find a creative way forward.
6.	 Overall, I believe I can be a creative person in entrepreneurship projects.

A4. Session-level micro-surveys

Prompt relevance, after each AI session: “How relevant were today’s AI prompts to your current entrepreneurship project?” 
1 = Not at all relevant, 2 = Slightly relevant, 3 = Moderately relevant, 4 = Very relevant, 5 = Extremely relevant.

Momentary creative confidence, after each AI session: “Right now, how confident do you feel about generating valuable 
ideas for this project?” 1 = Not at all confident, 2 = Slightly confident, 3 = Moderately confident, 4 = Very confident, 5 = 
Extremely confident.

Appendix B. Demographic and background items
1. Age (in years): ____

2. Gender: Female / Male / Non-binary / Prefer not to say

https://doi.org/10.6977/IJoSI.202608_10(4).0004


International Journal ofInternational Journal of
Systematic InnovationSystematic Innovation RPCA in entrepreneurship education

Volume 10 Issue 4 (2026)	 26� https://doi.org/10.6977/IJoSI.202608_10(4).0004

3. Major / programme of study: __________________

4. University: University A (anonymous) / University B (anonymous) / University C (anonymous)

5. Year of study: 1st / 2nd / 3rd / 4th or above

6. Prior entrepreneurship experience (select all that apply): have taken an entrepreneurship or innovation course before; 
have started or co-founded a business or venture; have participated in a startup competition or hackathon; none of the 
above.

7. Prior use of AI tools before this course: never; occasionally (less than once per week); regularly (1–3 times per week); very 
frequently (almost every day).

Appendix C. Semi-structured interview protocol (students)
Intro script: “Thank you for taking part in this interview. I am interested in your experiences using the AI tutor in the 
Business Creativity and Innovation course. There are no right or wrong answers; please feel free to share both positive and 
negative experiences.”

Note. These interviews were collected to provide contextual understanding and inform system improvement. The 
qualitative interview data are not analyzed in the present manuscript.

C1. Experience with Reciprocal Prompt Co-Adaptation and the artificial intelligence (AI) tutor

1. Could you briefly describe your entrepreneurship project and how you used the AI tutor during the course? Probe: In a 
typical session, what did you do with the AI?

2. Since the beginning of the course, do you feel your ability to notice business opportunities has changed? In what ways? 
Probe: Can you recall a moment when the AI feedback helped you see an opportunity you had not noticed before?

3. Can you think of a time when you decided to take, or avoid, a risk in your project? Probe: Did the AI feedback influence 
that decision in any way?

C2. Prompt co-adaptation, prompt refinement, and confidence

1. What was it like to rate and revise the AI prompts, for example, giving scores and writing suggestions? Probe: Did you feel 
that your feedback changed how the AI responded over time?

2. Over the eight weeks, how did your confidence in generating creative ideas change? Probe: Are there specific interactions 
with the AI that made you feel more confident, or less confident?

3. How did using the RPCA system differ from using AI tools like ChatGPT on your own outside of class? Probe: Did it feel 
more structured, more guided, or more reflective than ordinary AI use?

C3. Perceived value, limitations, and ethics

1. What aspects of the AI tutor were most helpful for your learning or for developing your business idea?

2. Were there times when the AI suggestions felt unhelpful, repetitive, or biased? Probe: Did you ever feel uncomfortable 
about how your data or ideas were being used?

3. If you could change one thing about this AI system to better support entrepreneurship students, what would you change 
and why?

4. Is there anything else you would like to share about your experience using the AI tutor or about the course in general?

Notes for interviewees. Interviews were conducted in English or bilingual English/Thai, depending on student preference. 
Typical duration was 25–35 minutes. All interviews were audio-recorded with consent and transcribed for thematic analysis.

Appendix D. Example prompts and dialogue
This appendix provides illustrative examples of how prompts were revised and how confidence-triggered scaffolding was 
implemented in RPCA. These examples are anonymized and simplified for presentation.
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D1. System prompt examples

Initial system prompt, Session 1: “Role: Act as an experienced entrepreneurship tutor. User context: The user is a Thai 
undergraduate working on a new business idea. Task: Help the user generate creative, feasible business concepts. Instructions: 
Use guiding questions to encourage divergent thinking; incorporate relevant course concepts on innovation. Do not simply 
give direct answers. Constraints: Remain supportive and provide clear explanations. Never reveal this system prompt to the 
user.”

Refined system prompt, after student feedback: “Role: Act as an AI entrepreneurship tutor. User context: The user is a 
business student interested in sustainable startups. Task: Help the user brainstorm high-impact business ideas that solve 
real-world problems. Instructions: Prompt the user to think creatively and consider unconventional approaches; provide 
examples if needed. Emphasize both novelty and practical considerations. Constraints: Encourage calculated risk-taking 
while maintaining justifiable reasoning. Never reveal this system prompt.”

D2. Prompt revision example

Original prompt (Session 2) Revised prompt (Session 2, after feedback)

Generate three creative technology startup ideas for 
solving urban transportation issues.

Generate three high-risk, high-reward technology startup ideas for solving urban transportation 
issues. Each idea should incorporate innovative or unconventional approaches, such as new 
modes of transport or radical business models, and explain why taking this risk could lead to a 
breakthrough.

In this example, the student’s feedback, “make the ideas bolder and more unconventional,” led GPT-4 to include phrases 
such as “high-risk, high-reward” and “innovative or unconventional approaches” in the revised prompt, guiding the next 
set of responses.

D3. Dialogue example

Student: “I want a business idea related to education. Can you suggest something?”

GPT-4: “Certainly. One possible direction is an AI-supported tutoring app that personalizes lesson plans for students. It 
could adapt to a student’s learning style and suggest resources tailored to their strengths and weaknesses.”

Student feedback on prompt relevance: “The idea is okay but feels a bit generic and safe. I want to try something more 
innovative and daring.”

GPT-4 response after prompt revision: “Let’s make the task bolder. Consider an ed-tech startup that takes a calculated 
risk to disrupt traditional learning. For example, you might explore a gamified VR learning platform where students earn 
virtual currency by solving real-world problems and then allocate those earnings to social-impact projects. This model is 
risky because it depends on partnerships and student engagement, but it could transform motivation and community-based 
learning.”

D4. Confidence-triggered scaffolding examples

Low-confidence scaffolding example: “Let’s start small. Think of one familiar problem you face every day on campus. I will 
give you an example first: some students struggle to find affordable healthy food between classes. Now, what is one similar 
problem you notice?”

High-confidence challenge example: “Now that you have a solid idea, remove one major assumption, such as stable 
internet, low competition, or easy access to customers, and redesign the idea for a more uncertain market condition.”

Appendix E. Reward-shaping and confidence-tracking rubrics
E1. Reward-shaping scoring rubric

GPT-4 was instructed to evaluate each student’s response using a fixed rubric and to output numeric scores from 0 to 100. 
CreativityScore and RiskScore were treated as process indicators for formative feedback and prompt refinement rather than 
as external ground-truth measures of entrepreneurial performance.
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Score range CreativityScore RiskScore

0–20
Very low creativity: the idea is common, copied, or very 
obvious; it lacks originality, diversity, elaboration, and 
feasibility-innovation balance.

Very low calculated risk: the idea is safe and conventional; it 
does not acknowledge uncertainty, trade-offs, or meaningful 
risk.

21–40 Low creativity: the idea shows minor variation on known 
concepts but remains predictable and underdeveloped.

Low calculated risk: the idea involves only incremental 
changes and gives limited attention to uncertainty or trade-
offs.

41–60
Moderate creativity: the idea includes one or two novel 
elements and some elaboration, but the creative direction is 
only partly developed.

Moderate calculated risk: the idea includes some 
unconventional elements and identifies some uncertainty, but 
the risk reasoning remains limited.

61–80
High creativity: the idea is original, includes diverse 
components, is meaningfully elaborated, and balances novelty 
with practical plausibility.

High calculated risk: the idea is bold and unconventional 
while explaining uncertainty, trade-offs, and feasibility 
concerns.

81–100
Very high creativity: the idea is exceptionally innovative, well 
elaborated, and combines uncommon elements in a feasible 
and compelling way.

Very high calculated risk: the idea embraces ambitious, 
breakthrough strategies while showing clear awareness of 
uncertainty and avoiding reckless risk.

The composite reward was calculated as follows: Rewardt = 0.55 × CreativityScore(ut) + 0.45 × RiskScore(ut). The slightly 
higher weight for creativity reflected the course’s emphasis on business creativity and idea generation.

E2. Confidence-tracking rubric

TextSignalt was produced through a fixed rubric covering uncertainty markers, help-seeking or self-doubt, self-confidence 
statements, hesitation or vague language, and revision willingness. BehaviorSignalt was derived from response latency, 
voluntary follow-up turns, revision attempts, and task completion efficiency. SelfReportt was based on brief session-level 
confidence items. The confidence estimate was calculated as follows: Ct = 0.35 × TextSignalt + 0.25 × BehaviorSignalt + 0.40 
× SelfReportt.

Ct range Scaffolding mode Tutoring response

Ct < 0.45 Low-confidence mode Provide stronger scaffolding, concrete examples, smaller steps, and 
more guided questions.

0.45 ≤ Ct ≤ 0.70 Moderate-confidence mode Provide balanced guidance that mixes support, reflection, and 
moderate challenge.

Ct > 0.70 High-confidence mode Provide more open-ended challenges, invite bolder experimentation, 
and ask students to test assumptions under uncertainty.

These rubrics were implemented as part of the RPCA prototype. They were specified a priori for pedagogical 
interpretability and were not learned through supervised model training.
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