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Abstract—Critical thinking is a core competency in higher ed-
ucation, particularly in learning contexts involving ill-structured
problems, uncertainty, and reasoned decision-making. Although
case-based learning can foster higher-order thinking, it often
scales poorly and provides limited support for timely, struc-
tured assessment of students’ reasoning. Large language models
(LLMs) offer opportunities for scalable learning support, yet
many existing AI-based systems lack pedagogically grounded
mechanisms for developing critical thinking. To address these
gaps, this study proposes an AI-driven closed-loop learning
framework that integrates case-based learning with two spe-
cialized LLM agents, a Content Generation Agent (CGA) that
produces context-rich scenarios and a Feedback Generation
Agent (FGA) that evaluates student reasoning and delivers
structured, dimension-specific feedback. A mixed-methods study
with 38 postgraduate financial planning students found a sta-
tistically significant improvement in domain knowledge and
strong performance across critical thinking dimensions, especially
evaluation and analysis. Students also reported high engagement
and perceived learning effectiveness; however, variability in ex-
planation skills and concerns about feedback timeliness highlight
areas for improvement. Overall, the findings suggest that AI-
supported closed-loop learning is a promising, scalable approach
to developing critical thinking in higher education.

Index Terms—Critical thinking, Case-based learning, Genera-
tive AI, Reflective feedback, Personal finance education

I. INTRODUCTION

In higher education, critical thinking develops not through
passive knowledge reception, but through repeated cycles of
articulating, scrutinizing, and revising one’s reasoning [1], [2].
From this perspective, learning is a reflective cognitive process
in which learners externalize judgments, receive responses to
their thinking, and refine their understanding accordingly [3].
This process, conceptualized as a form of “cognitive echo”,
is especially important when students confront complex, ill-
structured problems with no single predetermined solution [4].
In such contexts, the educational challenge is not simply to
help students reach answers, but to support how they reason,
justify, and improve those answers over time.

Case-based learning (CBL) offers a strong pedagogical
foundation for this kind of reflective reasoning [5]. By en-
gaging students with authentic, context-rich scenarios, CBL
prompts them to interpret evidence, analyze competing factors,

evaluate alternatives, and justify their decisions [6], [7]. Prior
research [8], [9]consistently show that CBL can promote
critical thinking by situating learning in realistic problem
contexts and requiring active application of knowledge. This
is particularly relevant in domains such as personal finance,
where decisions often involve uncertainty, trade-offs, and long-
term consequences. In such settings, effective learning requires
more than factual recall or procedural accuracy; it requires
reasoned judgment and reflection on the quality of one’s
thinking [10].

However, despite its pedagogical strengths, current CBL
practice still faces important limitations [5], [8]. First, de-
signing high-quality cases and providing timely, individualized
feedback are labor-intensive, making sustained implementation
difficult at scale. Second, although CBL aims to develop
higher-order thinking, assessment in many case-based settings
still emphasizes the correctness of final answers over the
quality of the reasoning that produced them. As a result,
students may complete case activities without sufficiently
structured support to improve specific dimensions of critical
thinking [11]. More broadly, many instructional approaches
lack a closed-loop mechanism in which student reasoning is
elicited, evaluated, responded to, and progressively refined.

Recent advances in large language models (LLMs) offer a
promising path for addressing these challenges. LLM-based
systems can generate contextualized learning materials, sup-
port adaptive interaction, and provide automated feedback at
scale [12]. These affordances could reduce the implementation
burden of case-based instruction while making reasoning-
oriented support more immediate and continuous. However,
many current AI-supported educational systems remain ori-
ented toward well-structured tasks, answer generation, or
efficiency-driven assistance [13], [14]. Therefore, their capac-
ity to support higher-order reasoning in ill-structured contexts
is still limited, and the role of teacher oversight in validating
AI-generated content and feedback remains underdeveloped.

These limitations highlight the need for an integrated learn-
ing framework that combines the pedagogical strengths of
CBL with the scalability of LLM-based support, while still
prioritizing reasoning quality and instructional alignment. To



meet this need, this study proposes an AI-driven closed-
loop learning framework for critical thinking development in
higher education and applies it to personal finance, which is
a domain that well suited to the study’s objectives. Personal
finance requires students to develop and apply core knowledge
in financial planning, risk, and decision-making, while also
grappling with ill-structured problems involving uncertainty,
trade-offs, and long-term consequences that demand inter-
pretation, evaluation, justification, and reflection [15]. The
framework integrates two specialized LLM-based agents, a
Content Generation Agent (CGA) that creates context-rich
case scenarios aligned with learning objectives and targeted
critical thinking dimensions, and a Feedback Generation Agent
(FGA) that evaluates student responses and provides struc-
tured, dimension-specific feedback. Teacher oversight is incor-
porated throughout to ensure pedagogical appropriateness and
feedback reliability, enabling an iterative cycle in which stu-
dent reasoning is continuously elicited, assessed, and refined.
Accordingly, this study addresses two research questions:

• RQ1: Does the AI-driven learning framework improve
students’ domain knowledge?

• RQ2: How does the framework affect students’ critical
thinking across key dimensions?

II. METHODOLOGY

To meet the need for scalable yet pedagogically grounded
support for critical thinking in ill-structured learning contexts,
this study proposes an AI-driven closed-loop learning frame-
work. The framework integrates case-based learning, LLM-
based support, teacher oversight, and student engagement into
a structured instructional cycle.

A. AI-Driven Learning Framework

The framework is implemented through four interconnected
phases: Design, Development, Implementation, and Evalua-
tion. In the Design phase, the teacher defines the learning
objectives, subject scope, and targeted critical thinking dimen-
sions. During the Development phase, the Content Generation
Agent (CGA) produces case-based learning materials, which
the teacher then reviews and approves to ensure pedagogical
alignment. In the Implementation phase, students engage with
the AI-generated scenarios and submit their responses. The
Evaluation phase is supported by the Feedback Generation
Agent (FGA), which assesses student responses, generates
structured feedback, and identifies learning gaps. Based on
these evaluation outcomes, the system generates adaptive
follow-up tasks targeting the identified weaknesses, forming a
continuous feedback loop that iteratively refines both learning
content and student reasoning.

Fig. 1 illustrates the framework and the interactions among
the teacher, the CGA, the student, and the FGA across these
phases. By combining AI-driven content generation with struc-
tured feedback and teacher oversight, the framework integrates
formative assessment and adaptive learning into a single,
coherent process.

B. AI Agent Design

To operationalize the proposed framework, two specialized
AI agents: the CGA and the FGA, are designed, with each
being responsible for a distinct pedagogical function. The
workflow is illustrated in Fig. 2.

1) Content Generation Agent (CGA): The CGA serves
as an instructional design component that generates struc-
tured case-based learning materials aligned with the intended
pedagogical objectives. It operates on teacher-defined inputs,
including the subject domain, learning objectives, and targeted
critical thinking dimensions. Using these inputs, the CGA
explicitly aligns generated scenarios with the specified critical
thinking dimensions, ensuring that tasks elicit higher-order
reasoning.

To enhance learning effectiveness, the CGA adopts a multi-
modal content-generation approach with two integrated mod-
ules. The textual content generation module produces scenario
narratives and reflective questions, while the visual content
generation module generates supporting representations that
provide contextual cues and facilitate problem interpretation.
This multimodal design supports learners’ early-stage reason-
ing by strengthening situational understanding.

During the adaptive learning phase, the CGA generates
targeted follow-up cases based on the learning gaps identi-
fied. These adaptive materials are designed to strengthen the
specific critical thinking dimensions in which students show
weaknesses, supporting personalized and iterative learning.

2) Feedback Generation Agent (FGA): The FGA func-
tions as the framework’s evaluation and feedback component,
converting student responses into structured assessments and
actionable guidance. It provides a systematic mechanism for
assessing reasoning quality through three stages:

• Dimension mapping to identify critical thinking elements
in responses

• Rubric-based scoring using a four-point scale (1–4)
• Generation of structured and evidence-based feedback
The evaluation framework is grounded in five critical

thinking dimensions: interpretation, analysis, evaluation, in-
ference and explanation [3], [16]. Feedback is delivered using
What Went Well (WWW), Even Better If (EBI), and Situ-
ation–Behavior–Impact (SBI) formats, consistent with princi-
ples of effective formative and behaviorally grounded feedback
[17], [18].

III. EXPERIMENTAL DESIGN

A. Participants

A total of 38 postgraduate students enrolled in a Financial
Planning programme participated in the study. All participants
had foundational financial knowledge but limited experience
with structured critical thinking assessment.

B. Procedure

The study consisted of four stages. First, participants com-
pleted a 15-minute pre-test using the Financial Planning
Achievement Test (FPAT) to establish baseline knowledge.



Fig. 1: AI-Driven Closed-Loop Learning Pipeline.

Fig. 2: Workflow on the AI-Driven Closed-Loop Learning
Framework.

Second, during a 60-minute intervention, participants worked
through AI-generated, case-based scenarios that required anal-
ysis, evaluation, and decision justification. Third, participants
completed a 15-minute post-test using the same FPAT to
measure learning gains. Finally, the FGA evaluated students’
case responses, producing dimension-level scores and struc-
tured feedback based on a predefined critical thinking rubric.
The instructor then verified the evaluation results to ensure
accuracy and consistency.

C. Data Collection

Three types of data were collected for quantitative and
qualitative analysis: (1) FPAT pre- and post-test scores to
measure domain knowledge, (2) written case responses to cap-
ture students’ reasoning processes, and (3) a post-intervention
questionnaire using a five-point Likert scale to assess perceived
learning effectiveness, critical thinking development, and en-
gagement. The questionnaire also included an open-ended
item to gather feedback on students’ learning experiences and
suggestions for improvement.

D. Data Analysis

This study employs a convergent parallel mixed-methods
design, rooted in a pragmatic research paradigm that prioritizes
the research question by using “what works” to address the
problem [19], [20].

To evaluate domain knowledge performance, FPAT pre- and
post-test scores were analyzed using a paired-sample t-test,
and effect size was calculated using Cohen’s d to quantify the
magnitude of change.

Critical thinking performance was examined using descrip-
tive statistics (means and standard deviations) across five
dimensions to identify patterns of competency.

Student perceptions were analyzed using descriptive statis-
tics for Likert-scale items and thematic analysis of open-
ended responses. The qualitative analysis followed an induc-
tive approach to identify recurring themes related to learning
effectiveness, engagement, and feedback needs.

IV. RESULTS

A. Domain Knowledge Performance

Descriptive statistics showed an increase in FPAT scores
from the pre-test (M = 0.77, SD = 0.19) to the post-test (M =
0.82, SD = 0.21), as summarized in Table I. A paired-sample
t-test was conducted to assess the effect of the AI-driven
intervention on performance. Results indicated a statistically
significant improvement, t(37) = 2.01, p = 0.027, with a
mean difference of 0.05. The effect size (Cohen’s d = 0.326)
suggests a small-to-moderate impact.



TABLE I: Descriptive Statistics for FPAT Scores (N=38)

Test Mean Std. Deviation Min – Max
Pre-test 0.77 0.19 0.30 - 1.00
Post-test 0.82 0.21 0.20 - 1.00

B. Critical Thinking Performance

Critical thinking performance was assessed using students’
case-study responses and a five-dimension rubric. Overall
performance indicated a relatively high level of competency on
a four-point scale (M = 3.37, SD = 0.71). Table II summarizes
descriptive statistics for each critical thinking dimension based
on students’ responses.

TABLE II: Descriptive Statistics of Critical Thinking Dimen-
sions (N=38)

Dimension Mean Std. Deviation
Interpretation 3.23 0.66
Analysis 3.32 0.73
Evaluation 3.73 0.41
Inference 3.39 0.66
Explanation 3.18 0.92
Overall 3.37 0.71

Across the five dimensions, Evaluation had the highest
mean score (M = 3.73, SD = 0.41), suggesting that students
were generally effective at assessing alternatives and making
informed judgments. Inference (M = 3.39, SD = 0.66) and
Analysis (M = 3.32, SD = 0.73) also showed strong perfor-
mance, indicating that students could identify relevant factors
and draw reasonable conclusions from the case scenarios.

Interpretation (M = 3.23, SD = 0.66) and Explanation (M
= 3.18, SD = 0.92) received comparatively lower scores.
Notably, Explanation showed the greatest variability across
dimensions, suggesting that students were inconsistent in how
clearly they articulated and justified their reasoning. This pat-
tern indicates that, although many students reached appropriate
decisions, the clarity and structure of their justifications varied.

These findings suggest that the intervention supported the
development of higher-order cognitive skills, particularly eval-
uative judgment and decision-making. However, additional
support may be needed to help students communicate their
reasoning more clearly and in a more structured way.

C. Student Perceptions of Learning Experience

Post-intervention questionnaire results showed positive stu-
dent perceptions across all measured dimensions—learning
effectiveness (M = 4.79, SD = 0.52), critical thinking develop-
ment (M = 4.79, SD = 0.46), and engagement (M = 4.72, SD
= 0.55), as summarized in Table III. These consistently high
mean scores suggest that students viewed the AI-driven learn-
ing approach as both effective and engaging, with particular
strength in supporting higher-order cognitive processes.

TABLE III: Student Perceptions of Learning Experience
(N=38)

Dimension Mean Std. Deviation
Learning Effectiveness 4.79 0.52
Critical Thinking Development 4.79 0.46
Engagement 4.72 0.55

Qualitative responses suggest that students found both the
case-based and multiple-choice components beneficial, but for
different reasons. Case-based questions were most frequently
cited as the most helpful element because they enabled stu-
dents to apply theoretical knowledge to realistic financial
decision-making scenarios, strengthening practical understand-
ing and critical thinking. Several students noted that these
scenarios made abstract concepts more concrete and relevant.
Multiple-choice questions, in contrast, were valued for rein-
forcing foundational knowledge by covering key topics, such
as liquidity management, retirement planning, and risk control,
in a clear and structured manner. A recurring suggestion
for improvement was to provide immediate access to correct
answers and detailed explanations after submission; without
such feedback, students reported limited ability to verify their
understanding and learn from mistakes. Overall, the responses
suggest that combining theory-based assessment with applied
case analysis is effective, but could be strengthened through
improved feedback mechanisms.

V. DISCUSSION

This study examined the effectiveness of an AI-driven
closed-loop learning framework for supporting domain knowl-
edge acquisition and critical thinking in financial planning
education. Overall, the findings suggest that the framework
created a structured learning environment in which students
could engage with disciplinary knowledge, apply it to realistic
cases, and receive targeted support for reasoning development.
However, the framework’s effectiveness depended not only on
the instructional design itself, but also on broader pedagogical
conditions, including task structure, feedback timing, and
human oversight.

For RQ1, the results indicate a statistically significant
improvement in domain knowledge, although the effect size
was small (d = 0.326). This suggests that the intervention
supported conceptual learning, but that gains were limited
by the short implementation period. This pattern aligns with
prior work on AI-supported and case-based learning, which
often reports incremental, rather than substantial gains in
knowledge improvements from contextualized activities [21].
One possible explanation is that domain knowledge devel-
ops through repeated exposure and consolidation over time,
whereas the present intervention provided only a brief but
intensive experience. Thus, while AI-supported case-based
learning may enrich learning tasks, stronger knowledge gains
may require more sustained curricular integration.

For RQ2, students showed relatively strong performance
across the critical thinking dimensions, particularly evaluation,
inference, and analysis, suggesting that the case-based design
successfully engaged them in the higher-order reasoning re-
quired for ill-structured decision-making [5], [6]. The personal
finance context may have further supported this outcome by
prompting students to weigh alternatives, consider risk, and
make judgments under uncertainty. However, the lower and
more variable performance in interpretation and explanation
point to a more nuanced pattern of development. Although



students often arrived at reasonable judgments, they were
less consistent in interpreting information early in the task
and in articulating the logic behind their decisions clearly.
This pattern suggests that critical thinking performance can
differ by dimension and may be influenced by task structure
and response format. More broadly, it reflects a persistent
challenge in higher education, where students may develop
evaluative judgment sooner than they develop the ability to
communicate their reasoning coherently.

The qualitative findings reinforce this interpretation. Stu-
dents valued opportunities to apply theory in realistic contexts,
suggesting that authenticity and contextual relevance were key
drivers of engagement and perceived learning. At the same
time, many participants called for immediate access to correct
answers and more detailed explanations, underscoring that the
effectiveness of AI-supported learning is closely tied to the
responsiveness of the feedback environment [22]. Even when
case tasks are well designed, delayed or insufficiently transpar-
ent feedback can weaken the reflective loop the framework is
intended to create. This suggests that successful AI-supported
critical thinking interventions depend not only on automated
evaluation, but also on how quickly and how clearly learners
can use feedback to revise their understanding.

These findings suggest that AI’s value in critical think-
ing education lies less in replacing instruction and more in
strengthening the learning environment that supports reason-
ing. In this study, the framework did more than generate cases
or score responses; it created a structured cycle in which
students’ reasoning was elicited, examined and addressed. This
closed-loop structure appears especially important in domains
such as personal finance, where learners must navigate ambi-
guity, competing priorities and long-term consequences. The
results also underscore the continuing importance of human
involvement: teacher oversight was critical for ensuring the
pedagogical appropriateness of AI-generated cases and the
reliability of feedback. Thus, in higher-order learning contexts,
AI should be framed not as an autonomous instructional sub-
stitute, but as part of a human–AI collaborative arrangement.

VI. CONCLUSION

This study proposed an AI-driven closed-loop learning
framework that integrates case-based learning with LLM-
based content generation and structured feedback to support
critical thinking development in higher education. Applied to
personal finance, the framework was designed to meet the need
for scalable yet pedagogically grounded support for reasoning
in ill-structured problem settings. The findings suggest that
the framework can improve domain knowledge, support key
dimensions of critical thinking, and foster positive learning
experiences. At the same time, the results underscore the
importance of timely feedback and human oversight for sus-
taining an effective reflective learning loop. Given the single-
group design and short intervention period, future research
should adopt controlled and longitudinal designs to evaluate
the framework’s effectiveness across broader educational con-
texts.
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