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ABSTRACT

Objective: This study pilot-tested a zero-shot prompting approach for generating pedagogically appropriate AI feedback to
support nursing students’ reflective record writing. A generative AI system was developed using GPT-4o, with prompts carefully
designed to align with ethical, instructional, and contextual principles relevant to clinical practicum education. Following the
ADDIE framework, this evaluation examined the feasibility and instructional applicability of the AI-generated feedback rather
than aiming to establish generalizable effects.
Methods: Three nursing faculty members independently reviewed 126 AI-generated responses using a 5-point scale based on
clarity, relevance, and educational appropriateness. Items scoring less than 5 were revised, and a second round of evaluation was
conducted.
Results: The proportion of responses rated 5 increased from 69% to 96% after prompt refinement, confirming that even minor
adjustments—such as clarifying vague instructions or reinforcing ethical boundaries—had a measurable impact. Inter-rater
reliability was moderate, reflecting diverse faculty perspectives—a feature aligned with the contextual complexity of nursing
education. The conservative scoring approach, in which the lowest score was adopted per item, ensured that potential pedagogical
risks were not overlooked.
Conclusions: These findings suggest that zero-shot prompting offers a practical and scalable method for aligning generative AI
systems with educational goals, even without training data or programming expertise. Rather than positioning AI as a replacement
for instructors, this study frames GenAI as a formative support tool shaped by educator input. The study is limited by its use of
simulated student inputs and a small, single-institution faculty sample; therefore, future work should assess implementation with
real students to examine usability, personalization, and effectiveness in authentic practicum environments.
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1. INTRODUCTION
Clinical practicums are an essential component of nursing
education, providing students with opportunities to integrate
theoretical knowledge with real-world experiences and culti-
vate their critical thinking through direct patient care.[1, 2] In
this context, a “practicum” refers to supervised clinical train-
ing in a healthcare setting, and a “reflective record” refers to

structured student documentation used to reflect on patient
care experiences and clinical reasoning. During practicums,
the reflective record acts as a vital part of professional de-
velopment that helps deepen students’ understanding of care
recipients and their own clinical reasoning.[3] Despite its im-
portance, many students encounter difficulties in producing
high-quality reflective records, particularly in the absence of
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structured guidance and continuous supervision from faculty
members.[4] As educational demands continue to grow and
faculty resources remain limited, there has been increasing
interest in the use of generative artificial intelligence (GenAI)
to offer scalable, consistent pedagogical support.[5, 6]

Although interest in the use of GenAI in education is rapidly
increasing, concerns remain about students using such tools
without faculty supervision and the absence of models specif-
ically tailored for nursing education.[7, 8] Given that GenAI
models generate responses probabilistically based on input
prompts and prior training data, their outputs cannot be de-
terministically controlled or guaranteed to align with peda-
gogical standards.[9] This limitation highlights the need for
faculty-led evaluation methods to ensure educational valid-
ity and ethical alignment prior to practical implementation
in nursing education. Indeed, methodologies for systemat-
ically incorporating GenAI into educational practice have
not yet been clearly defined,[10] and the deployment of AI in
real-world educational contexts remains at an early stage.[11]

Furthermore, both faculty and students recognize that cur-
rent GenAI tools are not yet sufficiently advanced to replace
or fully replicate expert instruction.[6, 11] Nursing faculty
across institutions are therefore actively exploring how to re-
sponsibly adapt GenAI for educational purposes.[8] Sharing
concrete cases of such adaptation—including the time, effort,
and resources required for implementation—can contribute
to the advancement of nursing education and promote in-
formed, practice-oriented innovation within the field. Recent
reviews in healthcare AI ethics also emphasize that safe and
responsible implementation of AI necessitates attention to
technical accuracy and ethical risks, including bias, opacity,
accountability, and data governance, as well as the broader
social and institutional factors influencing adoption.[12, 13]

These findings highlight the importance of ensuring that
AI-assisted educational tools are aligned with ethical stan-
dards and supported by appropriate governance and oversight
mechanisms.

A further challenge lies in developing AI systems genuinely
optimized for nursing education. This study addressed this is-
sue by employing a zero-shot learning approach to construct
an AI model and a student-accessible application system,
drawing exclusively on information from classroom instruc-
tional materials.

Zero-shot prompting offers a practical method for adapting
GenAI to nursing education. In this approach, a language
model is guided by standalone instructions without requir-
ing any example responses.[14] Through such prompting,
even a general-purpose AI model not originally designed for
nursing education can be directed to generate responses that

align with specific learning goals—or even with the unique
needs of particular domains within nursing education, such
as clinical practicum documentation or institution-specific
instructional priorities. This approach also offers significant
advantages: it requires no training data, programming ex-
pertise, or high-performance computing resources. These
features make zero-shot learning especially suitable for clini-
cal practicum settings, where time and technical resources
are often limited. In contrast, “few-shot learning” embeds
several input–output examples into the prompt, requiring
additional preparation and potentially limiting generalizabil-
ity.[15] “Fine-tuning” goes further by retraining the model on
domain-specific datasets, improving accuracy but demand-
ing substantial resources, technical expertise, and annotated
data—and it may also introduce biases.[15] Given these con-
straints, zero-shot prompting provides an efficient, scalable,
and educator-friendly strategy for implementing GenAI in
nursing education.

Given the emerging nature of AI-assisted instruction in nurs-
ing education, this study was deliberately designed as a pilot
instructional method. Rather than generating generalizable
findings, this pilot study aimed to explore the feasibility,
instructional alignment, and practical considerations associ-
ated with implementing a zero-shot prompting approach in
clinical practicum education.

To examine the pedagogical viability of this approach, the
present study evaluated an AI-based support system designed
to assist nursing students with reflective documentation dur-
ing clinical practicums. The system was developed using
classroom-based instructional materials and implemented via
a web-based interface. Faculty members with expertise in
practicum education systematically reviewed AI-generated
responses to simulated student inputs, assessing their clarity,
relevance, and instructional appropriateness. Through this
evaluation, the study aimed to determine whether a carefully
designed zero-shot prompting approach could serve as a prac-
tical and ethically sound tool for supporting individualized
learning in resource-constrained clinical settings.

2. METHODS
2.1 Study design
This study employed a pilot instructional evaluation, using
a cross-sectional design with repeated evaluation points to
assess and refine AI-generated feedback using a zero-shot
prompting approach in nursing education. The development
of the generative AI (GenAI) system was guided by the
ADDIE framework[16] —Analysis, Design, Development,
Implementation, and Evaluation. The present study specif-
ically focused on the Development, Implementation, and
Evaluation phases, examining the pedagogical quality of AI-
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generated responses and refining prompt design based on
faculty feedback (see Figure 1).

Figure 1. ADDIE-based development and evaluation
workflow for zero-shot GenAI assistant
Note. This figure summarizes the instructional design process
employed in this study. The Analysis and Design phases involved
reviewing instructional materials and constructing zero-shot
behavioral rules. The Development encompassed integrating
prompts with GPT-4o and building a web interface. During
Implementation, AI responses to simulated inputs were generated.
Additionally, the Evaluation phase included faculty scoring,
inter-rater reliability assessment, and iterative prompt refinement.

2.2 Participants
Participants were nursing faculty members who agreed to
participate in the study and were involved in practicum educa-
tion within the institution where the AI system was intended
for implementation. There were no specific inclusion or
exclusion criteria regarding teaching experience, academic
rank, or clinical background. Faculty were recruited based
on their familiarity with the educational context and their
willingness to participate in the evaluation of AI-generated
feedback.

2.3 Sampling procedures
A purposive sampling strategy was employed to recruit nurs-
ing faculty members directly involved in the development
and utilization of the Zero-Shot GenAI Assistant for Reflec-
tive Record Writing. As the purpose of the study was to
evaluate a specific AI system designed with a single stan-
dardized prompt, participants were selected from the edu-
cational context in which this particular AI tool had been

implemented.

2.4 Development of the zero-shot GenAI assistant
An AI-based support system was developed to assist nursing
students with reflective clinical record writing during their
practicums. This development process consisted of three
main stages:
(1) Analysis
Instructional materials routinely used to teach reflective doc-
umentation, such as rubrics, classroom worksheets, and ex-
emplar records, were reviewed to identify common student
challenges and key learning objectives.

(2) Design
A set of instructional rules was developed to guide AI re-
sponses, defining:
• Expected tone and pedagogical stance
• Ethical constraints (e.g., no sample answers, no specula-
tion)
• Structural requirements for practicum documentation
• Reflective prompts to support student reasoning

These instructional constraints provided the foundation for
the zero-shot prompting approach. Table 1 summarizes the
general behavioral rules applied across all documentation
items, whereas Table 2 presents additional section-specific
rules developed for the nursing problem statement item, as
an illustrative example.

(3) Development
The instructional rules were integrated into a single prompt
and implemented using GPT-4o via an API. The system was
deployed through a web-based interface, enabling students
to receive feedback in a chat-style format (see Figure 2).

Given the length and technical detail of the complete prompt,
the full version is provided in Supplementary Appendix A
to ensure transparency and reproducibility. A conceptual
overview is presented in the main manuscript to maintain
readability.

2.5 Data sources
This study utilized two primary sources of data. First, peda-
gogical evaluation scores were collected from three nursing
faculty members who reviewed a total of 126 AI-generated
responses. Each response was independently rated on a five-
point scale for clarity, relevance, and educational appropri-
ateness. Second, background information on each evaluator,
including years of teaching experience, was gathered to sup-
port descriptive analysis and explore potential variations in
pedagogical judgment. These datasets formed the basis for
assessing the instructional quality and consistency of the
AI-generated feedback in the subsequent phase.
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Table 1. Basic rules on AI behavior
 

 

Rules Description 

Positive reinforcement Begin feedback by acknowledging the student’s effort with positive encouragement. 

Explanation of patient’s 
characteristics 

Provide guidance that reflects the specific characteristics and needs of the relevant patient population in 
the clinical domain. 

Gap identification Indicate what is missing in the student’s entry and how it can be improved. 

Character limit 
Provide comments within 500 characters (in Japanese) to maintain conciseness and encourage focused 
revision. 

No sample answers 
Avoid generating sample answers, rephrasing student input, or offering direct solutions under any 
circumstances. 

Reflective questions Ask reflective questions that help students reconsider the data they have documented. 

No speculation Avoid prompting students to speculate or fabricate missing information. 

Context-bound Refrain from referencing content outside the designated practicum period (e.g., earlier clinical settings).

Privacy protection Avoid collecting or encouraging the inclusion of personally identifiable patient information. 

 

Table 2. Zero-shot instruction for “nursing problem statement” section
 

 

Instruction area Details 

Expected format 
Students were instructed to write nursing problem statements in the format “[causal factor] related to 
[problem].” 

One problem per line 
The AI verified that each line contained only one problem. If multiple problems were listed in a single 
sentence, the AI advised separating them. 

Causal factor specificity 
If the causal factor was missing, vague, or not found in prior assessment data, the AI prompted students 
to review their clinical notes instead of making assumptions. 

No feedback on rationale 
The AI was restricted from commenting on the rationale or clinical importance of the problem, as these 
were evaluated separately. 

Role of AI 
The AI’s role was to support structural clarity, ensure logical consistency, and preserve the student’s 
authorship and reasoning. 

 

Figure 2. Screenshot of the AI interface for clinical practicum support
Note. This web-based interface allows students to interact with an AI system via a chat-style format that is accessible on both desktop and
mobile devices. The system responds to student input with feedback aligned with documentation standards and pedagogical guidance.
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2.6 Evaluation procedures and data analysis

To evaluate the educational appropriateness of the AI-
generated feedback, a structured review process was con-
ducted by the participating faculty members. This section
outlines the design and procedures used for assessing the
system’s output, including the categorization of input items,
the rating methodology, and the iterative refinement process
based on faculty review.

The system’s output was then independently reviewed by
participants. The AI was designed to support six major cate-
gories of input, which corresponded to the five structured clin-
ical practicum documentation forms (e.g., assessment sheets,
nursing problem lists, care plans) and one general category
for questions about practicum flow. These six categories con-
tained a total of 18 individual items (e.g., “long-term goals,”
“short-term goals,” “nursing interventions”), each of which
was targeted by three types of simulated student questions.
These items reflected three distinct categories:
(1) items that followed the expected documentation rules
(e.g., the correct format for nursing problem statements);
(2) items that violated structural or content rules (e.g., miss-
ing causal factors or multiple problems listed in one sen-
tence);
(3) items that vaguely asked for guidance (e.g., “What should
I write here?”) without referencing prior assessment data.

Initially, a total of 54 simulated student inputs were con-
structed by the research team, corresponding to three types
of representative questions for each of the 18 documenta-
tion items. These examples were carefully developed based
on common issues and recurring patterns observed during
practicum instruction over the past three years. As the AI sys-
tem occasionally responded with follow-up questions (e.g.,
asking the student to clarify their reasoning, requesting ad-
ditional context), some interactions evolved into multi-turn
dialogues. Each resulting student–AI exchange (consisting
of student input followed by a complete AI response) was
counted as one unit for evaluation. The 126 units fell into the
three distinct categories discussed above: 57 followed the
expected documentation rules, 37 violated structural or con-
tent conventions, and 31 vaguely requested guidance without
reference to prior assessment data.

Each student–AI interaction unit was evaluated individually
rather than as a full conversation thread. This approach was
taken to account for the possibility that AI responses may
vary in consistency across separate turns. Evaluating each
interaction independently also allowed reviewers to detect
issues within a single exchange, even if the rest of the di-
alogue appeared appropriate. Each AI-generated response
was evaluated on a five-point scale (1 = lowest pedagogical

quality, 5 = highest pedagogical quality). Faculty members
were instructed to assign one overall score per response based
on holistic judgment. The scale represented subjective im-
pressions of pedagogical appropriateness, with 1 indicating
“not appropriate” and 5 indicating “highly appropriate.” For
each response, the lowest score among the three faculty eval-
uations was adopted as the final rating. This conservative
approach was employed to ensure that any potential concerns
regarding pedagogical validity were not overlooked. In the
context of educational applications, the identification of a
pedagogical flaw by even a single evaluator was deemed
sufficient grounds for prompt revision, reflecting the priority
placed on minimizing instructional risk in formative feed-
back environments. Evaluations were conducted using the
following three pedagogical criteria as reference points:
(1) Clarity: Was the language understandable to undergradu-
ate nursing students?
(2) Relevance: Did the response appropriately address the
student’s original input and align with the intended learning
objective?
(3) Educational appropriateness: Did the feedback encourage
reflection and independent reasoning without overguiding or
giving answers?

These criteria were used holistically to determine a single
score per response, reflecting the overall pedagogical quality.
In cases where evaluators assigned different scores to the
same response, the lower score was adopted to maintain a
conservative and rigorous standard.

Based on the faculty evaluations, the prompts were system-
atically revised to better align with educational goals and
ethical expectations. Specifically, ambiguous wording was
rewritten, and new behavioral constraints were added to pre-
vent overguidance. This study adopted a threshold consistent
with the commonly accepted standard for content valida-
tion—an average Content Validity Index (CVI) score of 0.80
or higher.[17] Accordingly, all AI-generated responses that
did not receive the highest rating (a score of 5) were subject
to revision. This decision also aimed to prevent overfitting
in educational applications, where maintaining both prompt
flexibility and instructional integrity is essential. Prompt
revision was considered complete when more than 80% of
responses were rated 5 and none received a rating below
3. Following these refinements, a second round of reviews
was conducted using the same criteria, confirming improved
clarity, consistency, and alignment of the AI output with stu-
dent learning needs. To evaluate inter-rater reliability among
faculty scorers, the intraclass correlation coefficient (ICC)
was calculated using a two-way random-effects model with
absolute agreement, implemented in SPSS version 29.
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2.7 Ethical considerations
This study involved the voluntary participation of three nurs-
ing faculty members with expertise in clinical education.
They were recruited to evaluate the pedagogical appropri-
ateness of AI-generated feedback and provided informed
consent prior to participation. No personal or identifying
information was included in any of the simulated student in-
puts or AI responses. The study did not involve any risks or
conflicts of interest for participants. The study protocol was
reviewed and approved by the institutional ethics committee
(Approval No. 2025–04).

3. RESULTS
A total of 126 AI-generated responses were evaluated by
the three nursing faculty members using the five-point scale
based on the criteria of clarity, relevance, and educational
appropriateness. The participating faculty had an average of
7 years of teaching experience (SD = 6.3).

In the initial review, 87 responses (69.0%) received a score
of 5, indicating the highest level of pedagogical quality.
Twenty-eight responses (22.2%) were rated 4, and 11 re-
sponses (8.7%) received a score of 3. Notably, no responses
were rated 1 or 2, suggesting that none of the AI-generated
feedback was perceived by faculty as clearly inappropriate
or pedagogically harmful. Items rated 3 were typically char-
acterized by vague phrasing, limited contextual relevance, or
insufficient guidance to facilitate student reflection. While

not harmful, these responses were considered pedagogically
suboptimal. In accordance with the predefined evaluation
threshold—requiring at least 80% of responses rated 5 and
none below 3—prompt revision was undertaken. All re-
sponses scoring below 5 were systematically reviewed and
revised based on faculty feedback, which included refining
ambiguous phrasing, enhancing pedagogical alignment, and
reinforcing ethical constraints.

Following prompt refinement, a second evaluation was con-
ducted using the same criteria. In this review, 121 responses
(96.0%) were rated 5, demonstrating a substantial improve-
ment in overall quality. The remaining responses included
three rated at 4 (3.2%) and one rated at 3 (0.8%). This no-
table enhancement confirmed that even minor adjustments to
prompt wording or structure had measurable effects on the
quality of AI-generated feedback. The continued absence of
low-rated responses (scores of 2 or below) across both evalu-
ations further suggests that the prompt design maintained a
consistent baseline of educational adequacy. A visual sum-
mary of these results is provided in Table 3, which shows the
distribution of evaluation scores before and after the prompt
revision.

To assess the consistency of faculty evaluations, the ICC was
calculated. The ICC for the overall ratings across the three
faculty members was 0.58 (95% CI: 0.45–0.70), indicating
moderate inter-rater reliability.

Table 3. Improvement in highest evaluation score
 

 

Practicum documentation form Initial evaluation (%) Second evaluation (%) 

Practicum flow & timing of documentation 55.6 77.8 

Form 1: Assessment sheet 61.1 94.4 

Form 2: Patient overview 89.7 100.0 

Form 3: Nursing problem list 57.1 100.0 

Form 4: Nursing care plan 78.6 96.4 

Form 5: Daily records 52.4 95.2 

Note. This table shows the proportion of the highest evaluation scores (5) for each practicum documentation form. Each form consists of several 
sub-items, and the results shown here represent the aggregated outcomes. 

 

4. DISCUSSION

This study should be interpreted as a pilot instructional eval-
uation examining whether a zero-shot prompting approach
could feasibly generate pedagogically appropriate feedback
within clinical practicum education. Rather than demonstrat-
ing generalizable effectiveness, the findings provide prelimi-
nary insight into how carefully designed zero-shot instruc-
tions can guide a generative AI system to produce outputs
aligned with faculty expectations. These exploratory results
highlight the potential of zero-shot AI tools to contribute to

instructional support in nursing education while underscor-
ing the need for further validation with authentic student data
and more diverse faculty reviewers.

The results offer early evidence that carefully engineered
zero-shot prompts can generate output that aligns with course
goals and ethical standards, even without domain-specific
training data. This suggests that educators—regardless of
programming expertise—can construct prompts that provide
individualized, pedagogically consistent guidance while pre-
serving student autonomy and promoting reflective thinking.
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These preliminary findings also resonate with recent liter-
ature demonstrating the scalability and flexibility of zero-
shot prompting in educational contexts.[12] Importantly, all
prompts in this study were designed by educators rather than
AI specialists, reinforcing the accessibility and transferability
of this approach to various teaching contexts.

Moreover, the notable improvements observed following iter-
ative prompt refinement demonstrate the value of a feedback-
driven design cycle. Minor adjustments, such as clarifying
ambiguous phrasing or reinforcing ethical boundaries, re-
sulted in substantial improvements in clarity, relevance, and
instructional value. The decision to conclude refinement after
a single iteration was guided by predefined content-validation
criteria (≥ 80% of responses rated 5; none rated below 3),
which is in line with established validation methodologies.[17]

This process underscores the critical role of faculty expertise
in shaping AI-assisted instruction and aligns with previous re-
search highlighting the need for domain-expert involvement
to ensure pedagogical integrity.[18]

The advantages of the zero-shot approach, particularly its
scalability, adaptability, and minimal resource requirements,
were evident in this pilot implementation. Unlike few-shot
prompting, which requires curated examples, or fine-tuning,
which requires substantial technical infrastructure and anno-
tated datasets, zero-shot prompting can be quickly deployed
and easily modified by educators.[19] Although these findings
are promising, they should be interpreted cautiously because
this study represents a pilot evaluation rather than a compre-
hensive assessment across diverse instructional contexts.

A key limitation of this study is that all student inputs were
simulated rather than derived from real learners. While this
approach provided consistency for the initial evaluation, it
limits the ecological validity of the findings. Authentic stu-
dent documentation often exhibits greater ambiguity, con-
textual complexity, and variability than simulated inputs can
capture. Consequently, a logical next step is to examine
the system’s responsiveness, clarity, and ethical robustness
when interacting with genuine student submissions in real
practicum settings.

Another important consideration is the ethical structure em-
bedded within the zero-shot prompts. Constraints prohibiting
direct answers, speculative advice, or breaches of confiden-
tiality demonstrate how pedagogical and ethical principles
can be operationalized within AI outputs. These pilot find-
ings suggest that carefully designed prompts may help ensure
AI systems function as responsible collaborators, support-
ing (rather than replacing) human instruction and promoting
critical thinking, professional reasoning, and individualized
learning experiences.

Furthermore, the moderate inter-rater reliability observed
in this study (ICC = 0.58) should be interpreted within the
context of this pilot study. In this regard, the purpose was not
to establish standardized scoring but to explore how faculty
interpret AI-generated feedback in relation to instructional
goals. Meanwhile, variation among evaluators is expected in
nursing education, where pedagogical judgments are shaped
by professional background, teaching philosophy, and clin-
ical expertise.[20] In this context, the observed variability
may reflect the richness of faculty perspectives rather than a
methodological limitation.

Looking ahead, the next phase of research should examine
the system’s use with actual nursing students, with attention
to usability, clarity, and the impact on reflective practice and
clinical reasoning. Further work should also expand evalua-
tion across multiple institutions, incorporate diverse faculty
perspectives, and refine prompt design based on real-world
implementation. Additional enhancements, such as personal-
ization mechanisms or integration with longitudinal learning
analytics, could provide deeper insights into how AI tools
support student growth over time.

Challenges and limitations
This study has several limitations. First, all student inputs
were simulated by faculty members rather than actual nursing
students. Although these inputs were constructed to approxi-
mate common patterns of student documentation, they may
introduce implicit bias and do not fully capture authentic
student reasoning processes. As a result, the findings should
be interpreted as preliminary until they are validated with
real student interactions.

Second, the evaluation involved only three faculty members
from a single institution. This small, institution-specific sam-
ple limits the generalizability of the results. Future research
should incorporate a larger and more diverse group of educa-
tors across multiple nursing programs to strengthen external
validity.

Third, the current system was applied only to practicum docu-
mentation forms, which served as a proof-of-concept domain.
Its applicability to other areas of nursing education—such
as clinical reasoning assignments, simulation debriefing, or
classroom-based learning activities—has yet to be examined.

Finally, although the zero-shot strategy offers scalability and
reduces the need for technical customization, it may face
challenges when responding to highly individualized or com-
plex inputs. Additional design supports, such as iterative
prompt refinement or educator oversight mechanisms, may
be necessary to improve reliability in these contexts.

To guide future development, a structured research roadmap
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is essential. The next phase should involve evaluation with
authentic student submissions to assess the system’s respon-
siveness, clarity, and pedagogical safety in real-world con-
ditions. Multi-institutional implementation across diverse
nursing programs will be critical for assessing external valid-
ity and contextual adaptability. Furthermore, future studies
should also evaluate learning outcomes, such as improve-
ments in reflective reasoning, documentation quality, and
practicum performance, to determine the educational effec-
tiveness of AI-supported feedback. As the system progresses
toward real-world deployment, ongoing refinement of safety
and ethical guardrails will be essential to ensure that AI-
generated guidance remains aligned with institutional poli-
cies, professional standards, and evolving norms for respon-
sible AI use.

5. CONCLUSIONS

This pilot instructional evaluation demonstrated that a zero-
shot prompting approach can generate AI-based feedback
that is educationally appropriate, reflective, and aligned with
clinical learning objectives. Although the results offer pre-
liminary insight into how generative AI may emulate the in-
structional stance of expert educators, the findings should be
interpreted as exploratory rather than generalizable. Iterative
refinement informed by faculty input produced substantial
improvements in pedagogical quality, underscoring the value
of educator involvement in shaping AI behavior. Even minor
prompt adjustments—such as clarifying ambiguous phrasing
or reinforcing ethical constraints—yielded measurable gains
in clarity and relevance, highlighting the importance of a
feedback-driven design process. These early results suggest
that zero-shot prompting may serve as a practical and acces-
sible preparatory phase for the responsible integration of AI
into nursing education, enabling educators to customize AI
guidance without programming expertise or large datasets.
Future work should examine system performance with real
nursing students in authentic practicum environments to eval-
uate its usability, effectiveness, and adaptability to individual
learning contexts because this is essential for determining
how AI-supported feedback can evolve into a sustainable,
ethically aligned component of clinical education.
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