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Abstract

Background: History-taking is a core clinical competency in Korean medicine diagnostics,
but conventional training methods such as peer role-play and standardized patient-based
education have limitations in providing repeated, individualized, and scalable practice
opportunities. This study aimed to evaluate the feasibility and educational value of a
two-session Al chatbot-based history-taking practicum with automated feedback in Ko-
rean medicine diagnostics. Methods: This prospective single-arm repeated-measures
educational study was conducted with fourth-year students at the College of Korean
Medicine, Dongguk University, in May and June 2026. A total of 76 students participated
in two chatbot-assisted history-taking sessions using dizziness and shoulder pain scenar-
ios. Students completed surveys on baseline Al familiarity, chatbot experience, usability,
and self-efficacy. Self-efficacy was assessed at three time points: before the first session,
after the first session, and after the second session. Chatbot-generated feedback scores
were compared between session 1 and 2 for each scenario using paired complete-case
analyses. Open-ended responses were descriptively categorized. Results: Students rated
the chatbot-based practicum positively in terms of active participation, perceived useful-
ness, accessibility, and convenience. Item-level self-efficacy analysis showed significant
time effects in two domains: planning the conversation, and closing the conversation
appropriately. The overall mean self-efficacy score gradually increased from 3.739 £ 0.546
before the first session to 3.887 + 0.591 after the second session; however, the overall time
effect did not reach statistical significance. Chatbot-generated feedback scores showed
scenario-dependent patterns. Scores for the shoulder pain scenario increased from session
1 to session 2 before adjustment, but this change did not remain significant after Holm
correction; scores for the dizziness scenario showed a non-significant decreasing trend.
Open-ended responses indicated that students valued repeated practice and immediate
feedback, while also noting limitations related to feedback accuracy, realism of patient
responses, and the lack of physical examination or multimodal diagnostic information. Con-
clusions: The chatbot-assisted practicum was feasible and favorably perceived by students,
with selected item-level changes and a modest non-significant upward trend in overall
self-efficacy in this exploratory educational study. These findings support the potential role
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of Al chatbot-based simulation as a supplementary, scalable tool for repeated history-taking
practice and formative feedback, rather than as a replacement for performance-based clini-
cal skills training. Given the single-arm design and reliance on learner-reported outcomes,
these findings should be interpreted as exploratory. Future controlled studies should in-
corporate objective performance outcomes, expert-validated automated scoring, non-Al
comparison groups, and more realistic multimodal clinical scenarios to determine the
educational effectiveness of chatbot-assisted history-taking training.

Keywords: artificial intelligence chatbot; history-taking training; Korean medicine education;
self-efficacy; medical education

1. Introduction

History-taking is a fundamental competency for clinicians, providing the basis for accu-
rate diagnosis, effective treatment planning, and meaningful patient communication [1].
In Korean medicine education, history-taking skills are typically developed through
standardized patient (SP) programs or peer role-play exercises [2]. However, these ap-
proaches have inherent limitations, including restricted opportunities for repeated practice,
high operational costs, and challenges in ensuring consistency and expertise in patient
portrayal [3]. As a result, the development of cost-effective, scalable, and educationally
robust alternatives remains an ongoing challenge.

In recent years, artificial intelligence (AI)—driven tools, including large language model
(LLM)-based chatbots, have been introduced into medical education [4]. These technolo-
gies provide realistic, interactive simulations with virtual patients, offering flexible access,
tailored feedback, and the ability to simulate a wide range of clinical scenarios [5]. Chatbots
have been reported to enhance learners’ communication skills, diagnostic reasoning, and
self-efficacy, while reducing resource burdens associated with traditional SP programs.
To address the limitations of doctor-patient simulation training in Korean medicine edu-
cation, recent efforts have been made to develop Al-based patient chatbots [6,7]. Recent
reviews of LLM-based virtual patients and Al-assisted clinical skills education have high-
lighted their potential for scalable practice and individualized feedback, while emphasizing
unresolved challenges related to assessment validity, clinical realism, learner safety, and
objective demonstration of skill improvement [8-10]. A recent study has also suggested that
LLM-based simulated patient interactions combined with structured automated feedback
may support clinical decision-making and history-taking practice [11].

Despite these advances, evidence regarding the educational value of Al chatbots
in Korean medicine history-taking training remains limited. Previous studies in this
area have mainly focused on post-intervention satisfaction, usability, or descriptive ed-
ucational experiences [6,7]. Recently, our team developed a pilot version of a Clinical
Performance Examination (CPX) Practicing Chatbot utilizing prompt engineering, which
demonstrated the feasibility of incorporating large language model-based conversational
agents into Korean medicine education [12]. According to the report, the pilot-developed
CPX Practicing Chatbot demonstrated excellent performance, achieving near-perfect scores
across multiple evaluation criteria, including correctness, confidentiality, naturalness, and
compliance [12]. However, important challenges remain regarding the validation of auto-
mated assessment, objective demonstration of clinical skill improvement, and the limited
ability of text-based systems to reproduce non-verbal, physical examination, and multi-
modal aspects of clinical encounters [13].
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More recently, a pilot randomized controlled trial comparing Al chatbot-based sim-
ulation with peer role-play for OSCE preparation in Korean medicine suggested that the
two methods may have complementary strengths [14]. Peer role-play appeared to bet-
ter support realistic interaction and procedural performance, whereas Al chatbot-based
training showed potential for self-paced, repeatable, and feedback-supported learning, par-
ticularly in patient education and clinical reasoning-related domains [14]. These findings
indicate that Al chatbots should not be regarded simply as replacements for human-based
training, but rather as supplementary tools that may support specific components of clinical
skills education.

Self-efficacy refers to an individual’s belief in their capacity to successfully perform a
specific task or handle a given situation [15]. In medical education, self-efficacy is a critical
determinant of learners’ clinical competence and problem-solving ability [16]. Students
with higher self-efficacy are more likely to engage actively in learning, persist in chal-
lenging circumstances, and ultimately achieve better clinical performance [17]. Although
self-efficacy does not directly represent objective competence, it remains a meaningful
educational outcome in exploratory studies of new instructional tools. When combined
with usability assessment, chatbot-generated feedback scores, and open-ended learner re-
flections, self-efficacy can provide useful insight into how students experience and respond
to Al-assisted clinical skills training.

Therefore, the present study aimed to evaluate a two-session Al chatbot-based history-
taking practicum embedded within a Korean medicine diagnostics course. Unlike previous
studies that primarily examined one-time chatbot use or compared chatbot training with
peer role-play, the present study focused on repeated chatbot-assisted practice with auto-
mated scoring and individualized feedback within a regular Korean medicine diagnostics
course. Specifically, we examined students’ baseline familiarity with AI chatbots, their
perceptions of chatbot usability and learning experience, changes in history-taking self-
efficacy across three assessment points, scenario-specific changes in chatbot-generated
feedback scores, and qualitative feedback regarding the strengths, limitations, and future
improvement of the chatbot-based practicum. Through this approach, we sought to clarify
the feasibility and educational value of Al chatbot-assisted history-taking practice as a
supplementary learning tool in Korean medicine diagnostics education.

2. Materials and Methods
2.1. Study Design and Participants

This study employed a prospective, single-arm, repeated-measures educational design
to evaluate a two-session Al chatbot-based history-taking practicum embedded within
a Korean medicine diagnostics course. The study was conducted with fourth-year un-
dergraduate students enrolled in the College of Korean Medicine at Dongguk University
in 2026.

A total of 88 students participated in the practicum. Among them, 76 students vol-
untarily agreed to participate in the study and completed the relevant surveys across the
two-session practicum; these students were included in the analysis (46 men and 30 women).
Participation in the educational activity was part of the regular curriculum; however, partic-
ipation in the research survey was voluntary. The survey data were collected anonymously,
and no personally identifiable information was included in the analysis.

The study protocol was reviewed and approved by the Institutional Review Board of
Dongguk University (DGU IRB 20260022; initial approval). Written consent information
was provided to all students before data collection.
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2.2. Educational Intervention

The intervention was embedded within the Korean medicine diagnostics practicum
and consisted of two chatbot-assisted history-taking sessions conducted on separate class
days. The first session was conducted on 22 May 2026, and the second session was
conducted on 5 June 2026. Each session was designed to provide students with repeated
opportunities to practice medical history-taking and receive immediate feedback using an
Al-based virtual patient chatbot.

A CPX chatbot platform was used to simulate virtual patients presenting with com-
mon clinical scenarios relevant to Korean medicine diagnostics [12]. The scenarios in-
cluded two cases each of dizziness and shoulder pain. The chatbot system was developed
by adapting standardized patient scenarios into a text-based conversational format and
implementing prompt engineering techniques, including role prompting and few-shot
prompting [12]. The platform was designed to respond within the boundaries of prede-
fined clinical scenarios while allowing students to conduct history-taking in a free-text
conversational format.

During each session, students individually accessed the chatbot through a web-based
interface, reviewed the patient’s background information, and conducted a history-taking
interview with the virtual patient. After completing the interview, students submitted their
results and received chatbot-generated feedback. The feedback included scenario-specific
scores and comments regarding strengths, missing or insufficiently explored history-taking
items, and areas for improvement.

A visual flow diagram of the two-session chatbot-based history-taking practicum is
presented in Figure 1.

Day 1 (22.05.26) Day 2 (05.06.26)
Il‘(de“CllO“ and Explanation of the Practice Class SICp | Introduction and Explanation of the Practice Class
Informed consent document (n=76)
Utilize Chatbot for Medical History Taking and Interview:
Complete Pre-Class Survey Step 2 Submit Results and Receive Feedback
Dizziness (Case ITI) and Shoulder tain (Case II)
Utilize Chatbot for Medical History Taking and Interview;
Submit Results and Receive Feedback Step 3 Complete Post-Class Survey
Dizziness (Case I) and Shoulder iam (Case I)
- Write a Report on Chatbot-Based History-Taking Evaluation
Complete Post-Class Survey Step 4 Risills aid Refléctions
Write a Report on Chatbot-Based History-Taking Evaluation Res Step 5 Cliés Distiaiiong. o6 Chabior CPX-Utilizatin
ults and Reflections
End of Class and Dismissal SICp 6 End of Class and Dismissal

Figure 1. Whole process of chatbot-based medical history-taking class.

2.3. Data Collection: Questionnaire

The survey consisted of four main components: baseline understanding and expe-
rience of Al chatbots, evaluation of chatbot experience, evaluation of chatbot utilization,
and self-efficacy in medical communication and history-taking. Self-efficacy was assessed
using 12 items adapted from the Korean version of the Self-Efficacy Scale for Medical
Communication (KSE-12) [18]. The wording of the items was modified to fit the context of
chatbot-based history-taking practice in Korean medicine diagnostics.

The KSE-12 items were adapted to reflect chatbot-based history-taking practice in
Korean medicine diagnostics while preserving the original focus on self-efficacy in medical
communication. The wording was modified by the research team to fit the context of
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student—chatbot interaction and Korean medicine diagnostic inquiry. Formal pilot testing
or independent psychometric validation of the adapted wording was not conducted.

Chatbot usability was measured using items adapted and refined from previously
developed Al usability and satisfaction measures [7]. The Questionnaire for Evaluation of
Chatbot Experience was designed from a previous survey conducted with students after
role-play in clerkship training [19].

A five-point Likert scale ranging from 1 (“strongly disagree”) to 5 (“strongly agree”)
was applied to the survey items, and the responses were evaluated accordingly. For open-
ended feedback, students provided qualitative comments on strengths, weaknesses, and
suggestions for improvement, based on a modified version of the open-ended question
format used in Min et al. (2023) [20].

2.4. Chatbot-Generated Feedback Scores

The chatbot provided scenario-specific feedback scores after each history-taking in-
teraction. Feedback scores were collected for the shoulder pain and dizziness scenarios
on both session 1 and 2. For the analysis of chatbot-generated feedback scores, scenario-
specific paired complete-case analyses were conducted. Students were included in the
paired comparison for a given scenario only if they had available scores for both Session 1
and 2 for that scenario.

The chatbot-generated scores were interpreted as formative assessment indicators re-
flecting scenario-specific history-taking performance and feedback, rather than as definitive
objective measures of clinical competence.

2.5. Data Analysis and Statistical Analysis

Responses to the survey were collected anonymously using de-identified participant
codes via Google Forms before and after the chatbot-based history-taking practice session,
and the data were subsequently analyzed.

Categorical variables are presented as frequencies and percentages, and continuous or
Likert-scale variables are presented as mean + standard deviation.

For item-level self-efficacy analyses, Friedman tests were used to evaluate changes
across the three repeated measurements: before the first training session, after the first
session, and after the second session. To control for multiple testing across the 12 item-level
Friedman omnibus analyses, p-values were adjusted using the Benjamini—-Hochberg false
discovery rate procedure. When appropriate, post hoc pairwise comparisons were con-
ducted using Wilcoxon signed-rank tests with Holm correction for multiple comparisons.

The overall self-efficacy score was calculated as the mean of the 12 self-efficacy
items for each student at each assessment point. Changes in the overall mean self-
efficacy score across the three assessment points were analyzed using repeated-measures
analysis of variance (ANOVA), with assessment of residual normality and sphericity.
Greenhouse—Geisser-corrected results were reported when the sphericity assumption was
violated. Pairwise comparisons between assessment points were performed using paired
t-tests, and Holm-adjusted p-values were calculated to account for multiple comparisons.

For chatbot-generated feedback scores, scenario-specific paired comparisons between
Session 1 and 2 were performed using Wilcoxon signed-rank tests. Holm correction was
applied for multiple comparisons across the two scenarios. Because of missing feedback
scores at some time points, paired analyses were conducted using complete paired data for
each scenario.

All statistical tests were two-sided, and p-values less than 0.05 were considered statis-
tically significant. For adjusted analyses, Holm-adjusted p-values were used to determine
statistical significance. Statistical analysis was performed using GraphPad Prism (version 5.2).
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3. Results
3.1. Baseline Understanding of Artificial Intelligence

Table 1 summarizes the participants” baseline understanding and experience of Al
chatbots before the chatbot-based history-taking practicum. All participants had previously
heard of AI chatbots and had used them at least once (76/76, 100%). Regarding the
frequency of chatbot use, 37 students (48.7%) reported using Al chatbots very frequently,
almost daily, while 24 students (31.6%) used them frequently, approximately twice a week.
The remaining 15 students (19.7%) reported occasional use, approximately once a week.
No student reported seldom or no use of Al chatbots.

Table 1. Understanding of artificial intelligence chatbot (Part 1).

Question Answer (Total n = 76 (%))
Yes 76 (100)
?

1 Have you ever heard of AI chatbots? No 0(0)

Yes 76 (100)
?

2 Have you ever used an Al chatbot? No 0.(0)
Very frequently (Almost daily) 37 (48.7)
Frequently (Twice a week) 24 (31.6)
2-1 How frequently do you use Al chatbots? Ocassionaly (Once a week) 15 (19.7)

Seldom (Once a month) 0(0)

Never or nonresponse 0(0)
3 Are you familiar with the characteristics of Al chatbots, such as Yes 58 (76.3)
LLMs, conversational Al, and chatbot functionalities? No 18 (23.7)
. . . . Yes 61 (80.3)

?

4 Do you subscribe to a paid service of a conversational AI? No 15 (19.7)

Most participants also reported familiarity with the characteristics of Al chatbots, in-
cluding large language models, conversational Al, and chatbot functionalities. Specifically,
58 students (76.3%) answered that they were familiar with these characteristics, whereas
18 students (23.7%) were not. In addition, 61 students (80.3%) reported subscribing to a
paid conversational Al service, while 15 students (19.7%) did not. These findings indicate
that the participants entered the practicum with a high level of prior exposure to and
familiarity with AI chatbot technologies.

Table 2 presents students’ baseline perceptions of Al chatbots and their potential role
in medical and Korean medicine education. Overall, students showed favorable attitudes
toward Al-based education. The highest-rated item was “I believe that AI chatbots have
educational benefits” (4.487 £ 0.600), followed by “I believe that clinical education using
Al chatbots should be implemented” (4.342 £ 0.664), “I believe that Korean medicine
education should incorporate Al chatbots” (4.316 + 0.752), and “Education based on Al
chatbot technology will improve clinical skills” (4.289 %+ 0.689). Students also reported
that they had frequently observed Al chatbots being used in their immediate environment
(4.289 £ 0.727) and showed interest in participating in Korean medicine education using
Al chatbots (4.276 £ 0.723).

In contrast, the item “I find information about Al chatbots difficult to understand”
showed a relatively low mean score (2.395 & 0.967), suggesting that most students did
not perceive Al chatbot-related information as highly difficult to understand. Collectively,
these results suggest that the participants were not only familiar with Al chatbots but also
generally receptive to their educational application in Korean medicine training,.
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Table 2. Understanding of artificial intelligence chatbots (Part 2).
Question Mean 4+ SD

1 I have read about Al chatbots through various media sources (e.g., internet, articles, news). 3.76 £ 0.81

2 I find information about AI chatbots difficult to understand. 2.40 £0.97

3 I have seen Al chatbots being used in my immediate environment. 429 +0.73

4 I am aware that Al chatbots are used for diagnosis or treatment in medical settings. 3.75 £1.02

5 I am aware that Al chatbots are used in medical education. 4.20 £ 0.80

6 I'believe that Al chatbots have educational benefits. 4.49 £ 0.60

7 I am interested in participating in lectures involving Al chatbots. 420+0.73

8 I believe that Korean medicine education should incorporate Al chatbots. 432 +0.75

9 I am interested in participating in Korean medicine education using Al chatbots. 428 +0.72

10 Education based on Al chatbot technology will improve clinical skills. 429 £ 0.69

11 I believe that clinical education using Al chatbots should be implemented. 4.34 + 0.66

3.2. Evaluation of Chatbot Experience and Utilization
The chatbot experience was rated positively (Table 3). In the evaluation of chatbot
experience, the highest-rated item was active participation in the medical interview practice
using a chatbot (4.59 & 0.61). Items related to perceived educational usefulness also showed
favorable scores, including assessment of diagnostic ability (4.38 &+ 0.69), improvement of
clinical knowledge (4.28 £ 0.73), and improvement of communication skills (4.22 & 0.84).
Table 3. Evaluation of chatbot experience.
Question Mean + SD
The medical history-taking practice using a chatbot was interesting. 442 +0.71

2 I actively participated in the medical history-taking practice using a chatbot. 4.59 £ 0.61

3 My interest in diagnosing patients increased after the medical interview practice using 414+ 085
a chatbot.

4 Ibeli-e\.Ie tha.t role—playing using a chatbot is appropriate for practical training in Korean 449 +0.73
Medicine Diagnostics.

5 I'would recommend applying role-playing (patient-doctor) using a chatbot in other classes. 4.38 & 0.72

6 I agree w.ith using chatb(.)t—.based role-playing for future students in Korean Medicine 451+ 062
Diagnostics practical training.

7 Role-playing with a chatbot helped improve my clinical knowledge. 4.28 +0.73
Role-playing with a chatbot was beneficial for assessing my diagnostic ability. 4.38 + 0.69
Role-playing with a chatbot helped improve my communication skills. 422 4+ 0.84

10 I gained confidence in interviewing patients with shoulder pain through role-playing with 414 + 090
a chatbot.

1 Ia%:;i;]c;i tc.onﬁdence in interviewing patients with vertigo through role-playing with 3.99 4+ 0.90

12 Role-playing with a chatbot will help improve my ability to respond to real-life situations. ~ 4.39 & 0.65

13 Role-playing with a chatbot will help me when treating patients as a future Korean 438 4 0.65

medicine doctor.

The usability evaluation also showed generally high scores (Table 4). The highest-rated
item was convenience as a non-face-to-face service (4.55 £ 0.62), followed by usability without
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prior knowledge (4.48 + 0.62). Regarding interaction quality, students agreed that the chatbot
provided appropriate responses (4.21 & 0.77) and understood their questions well (4.16 £ 0.82).
However, the item assessing whether the chatbot’s responses were similar to those of real
patients showed the lowest score among the utilization items (3.68 £ 1.13).

Table 4. Evaluation of chatbot utilization.

Question Mean + SD
1 The role-playing activity using a chatbot was useful. 4.28 £+ 0.69
2 Participating in role-playing with a chatbot saved time. 437 +£0.71
3 I was able to participate in role-playing with a chatbot regardless of time and location. 428 £0.70
4 The chatbot’s design (prompts) made role-playing with the chatbot easy to perform 413 +0.82
5 It was ir.lteresting to obtain information through role-playing with a chatbot instead of a 496+ 0.79

real patient.
6 The conversation process (interaction) with the chatbot was interesting. 4.33 +£0.77
7 Accessing the chatbot was not difficult. 4.01 £1.08
8 The menu and terminology used in the chatbot’s responses were not difficult. 441+ 0.61
9 I was able to use the chatbot without prior knowledge. 4.48 +0.62
10 The chatbot understood my questions well. 416 £0.82
11 The chatbot provided appropriate responses to my questions. 421+0.77
12 I trust that the chatbot’s responses are similar to those of real patients. 3.68 = 1.13
13 Interacting with the chatbot was not difficult. 430 £ 0.67
14 Despite my spelling errors, the chatbot provided appropriate responses to my questions. 4.42 £+ 0.68
15 The instructions for using the chatbot were appropriate. 4.46 + 0.60
16 The chatbot was convenient to use as it was a non-face-to-face service. 4.55 £ 0.62

3.3. Changes in Self-Efficacy After Chatbot Training

The adapted 12-item self-efficacy measure showed high internal consistency at all three
assessment points, with Cronbach’s alpha values of 0.905, 0.934, and 0.908, respectively.
Changes in self-efficacy across the three assessment points are presented in Tables 5 and 6
and Figure 2. In the item-level analysis, self-efficacy scores generally showed increasing
trends from the 1st pre-survey to the 2nd post-survey in several items (Table 5). Significant
overall time effects were observed in two items after FDR adjustment: making an agenda
or plan for the conversation (Q2; 3.51 £ 0.81, 3.75 £ 0.80, and 3.82 £ 0.78; p = 0.045), and
closing the conversation by ensuring that the patient’s questions had been answered (Q12;
3.79 £0.66,3.97 £ 0.71, and 4.09 £ 0.73; p = 0.045). Q4 showed a non-monotonic pattern
across the three assessment points with minor changes. More consistent increasing patterns
were observed in Q1, Q2, and Q12. Other items did not show statistically significant overall
changes across the three assessment points.

The overall mean self-efficacy score, calculated as the mean of the 12 items for each
student, increased gradually across the three assessment points: 3.739 £ 0.546 before
the first training session, 3.815 £ 0.625 after the first training session, and 3.887 £ 0.591
after the second training session (Table 6). However, Mauchly’s test indicated that
the sphericity assumption was violated (W = 0.882, x2(2) =9.252, p = 0.010); therefore,
Greenhouse—Geisser-corrected results were used. The overall time effect was not statisti-
cally significant (F(1.790, 134.224) = 2.720, p = 0.076, partial n? = 0.035).
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Table 5. Comparison of Self-Efficacy score across three time points.

. Mean + SD .
Question 1st Pre-Survey 1st Post-Survey  2nd Post-Survey Raw p-Value  FDR-Adjusted p-Value
How certain are you that you are able to successfully identify the issues the patient wishes to address
1 during the conversation?
3.62 £0.83 3.82 +0.80 3.86 +0.76 0.030 * 0.097
How certain are you that you are able to successfully make an agenda/plan for the conversation with
2 the patient?
3.51+0.81 3.75+£0.80 3.82£0.78 0.004 * 0.045*
How certain are you that you are able to successfully urge the patient to expand on his or her
3 problems/worries?
3.64 £0.81 3.78 £0.79 3.87 £0.85 0.168 0.288
How certain are you that you are able to successfully listen attentively without interrupting or
4 changing of focus?
421 £0.70 411 £ 0.68 4.26 +£0.87 0.032 * 0.097
How certain are you that you are able to successfully encourage the patient to express thoughts and
5 feelings?
3.72£0.83 3.76 + 0.98 3.86 + 0.86 0.589 0.706
6 How certain are you that you are able to successfully structure the conversation with the patient?
3.50 £ 0.90 3.63 £0.91 3.75£0.90 0.082 0.196
How certain are you that you are able to successfully demonstrate appropriate non-verbal behavior
7 (eye contact, facial expression, placement, posture, and voicing)?
3.86 + 0.80 3.78 +0.87 3.95 4 0.88 0.230 0.345
How certain are you that you are able to successfully show empathy (acknowledge the patient’s
8 views and feelings)?
3.82 £0.80 3.74 £0.90 3.89 £0.83 0.409 0.545
How certain are you that you are able to successfully clarify what the patient knows in order to
9 communicate the right amount of information?
3.74 £0.79 372 £0.78 3.76 + 0.88 0.963 0.963
How certain are you that you are able to successfully check patient’s understanding of the
10 information given?
3.67 £0.72 3.89 £0.78 3.78 £0.87 0.125 0.251
How certain are you that you are able to successfully make a plan based on shared decisions between
11 you and the patient?
3.79 + 0.68 3.83 +0.82 3.76 £0.83 0.838 0.914
How certain are you that you are able to successfully close the conversation by assuring, that the
12 patient’s questions have been answered?

3.79 £ 0.66 397 +£0.71 4.09 +0.73 0.008 * 0.045 *

Raw p-values were obtained from Friedman tests. p-values were adjusted across the 12 item-level omnibus tests
using the Benjamini-Hochberg false discovery rate procedure. Statistical significance was determined based on
FDR-adjusted p-values. * indicates p < 0.05.

Pairwise comparisons showed that the increase from the 1st pre-training assessment
to the 2nd post-training assessment was statistically significant before adjustment (mean
difference, +0.148; raw p = 0.025), but this result did not remain significant after Holm
correction (adjusted p = 0.075). Comparisons between the 1st pre-training and 1st post-
training assessments and between the 1st post-training and 2nd post-training assessments
were not statistically significant.

Figure 2 visualizes the changes in self-efficacy scores across repeated chatbot-based
history-taking training. The item-level plot shows that several self-efficacy items tended
to increase across the three assessment points, while the overall mean self-efficacy score
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showed a gradual upward trend. In the pairwise comparison of overall mean self-efficacy
scores, the increase from the 1st pre-training assessment to the 2nd post-training assessment
reached statistical significance before adjustment (raw p = 0.025).

Table 6. Changes in mean self-efficacy scores across three assessment points.

Assessment Point Mean SD 95% CI
1st pre-training 3.739 0.546 3.614-3.864
1st post-training 3.815 0.625 3.672-3.958
2nd post-training 3.887 0.591 3.752-4.022
Analysis Mean difference Raw p-value Adjusted p-value
1st pre vs. 1st post +0.076 0.294 0.345
1st pre vs. 2nd post +0.148 0.025 0.075
1st post vs. 2nd post +0.072 0.172 0.345
Repeated-measures * Greenhouse—Geisser-corrected F(1.790, 134.224) = 2.720,
ANOVA p = 0.076, partial n? = 0.035

* Greenhouse-Geisser correction was applied because Mauchly’s test indicated violation of sphericity.

(A) (B)

55

*
P
5 ns
5. ns l l
'—'
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& >
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Figure 2. Changes in mean self-efficacy scores across repeated chatbot-based history-taking train-
ing. (A) Mean scores for each of the 12 adapted self-efficacy items across three assessment points:
before the first training session, after the first training session, and after the second training session.
(B) Overall self-efficacy score, calculated as the mean of the 12 items for each student, across the same
three assessment points. Data are presented as mean £ SD. * p < 0.05; n.s., not significant.

3.4. Changes in Chatbot-Generated Feedback Scores

Chatbot-generated feedback scores were compared between session 1 and 2 for the
shoulder pain and dizziness scenarios (Table 7 and Figure 3). In the shoulder pain scenario,
the mean score increased from 8.36 &= 2.37 in session 1 to 8.99 & 2.35 in session 2. This change
was significant before adjustment but did not remain significant after Holm correction
(paired n = 74; Wilcoxon signed-rank test, raw p = 0.039; Holm-adjusted p = 0.078).

Table 7. Descriptive comparison of chatbot-generated feedback scores between session-specific cases.

Case Scenario

Shoulder pain

Dizziness

Paired n Session 1 Score, Session 2 Score, Mean Wilcoxon  Holm Adjusted
(Session 1, 2) Mean + SD Mean + SD Difference p-Value p-Value
8.36 £ 2.37 8.99 +2.35 +0.61 0.039 0.078
8.41 +2.05 7.76 +£2.22 —0.59 0.053 0.078

In contrast, the dizziness scenario showed a non-significant decreasing trend from
8.41 £ 2.05 to 7.76 £ 2.22 (paired n = 74; raw p = 0.053; Holm-adjusted p = 0.078).

Although the Session 1 and Session 2 cases shared the same chief complaint within
each condition, they represented different Korean medicine pattern-identification scenarios
and therefore differed in the clinically relevant history-taking items required to elicit the
corresponding pattern.
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Figure 3. Comparison of Feedback score provided by Chatbot. (A) Distribution of feedback score
from Shoulder pain and Dizziness scenario at 1st session. (B) Distribution of feedback score from
Shoulder pain and Dizziness scenario at 2nd session. (C) Comparison of score distributions between
session 1 and 2 for each scenario.

Overall, chatbot-generated feedback scores showed scenario-dependent patterns
rather than consistent improvement across repeated practice sessions. Because the session-
specific cases differed in the Korean medicine pattern-identification scenario, required
inquiry content, and scoring structure, chatbot-generated score differences were interpreted
descriptively rather than as direct evidence of improvement or deterioration in student
performance. These findings suggest that chatbot-generated scores may reflect not only stu-
dents’ history-taking performance but also scenario-specific characteristics, case difficulty,
and the scoring structure of the chatbot.

3.5. Qualitative Feedback on the Chatbot-Based Training Session

Open-ended responses regarding the chatbot-based history-taking practicum are sum-
marized in Table 8. Students reported several positive aspects of the training, including
opportunities for objective self-assessment, detailed and reflective history-taking practice,
immediate feedback, and repeated practice without time or place restrictions. Some stu-
dents also noted that the chatbot feedback helped them recognize their weaknesses and
identify areas for improvement.
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Table 8. Open-ended responses on the history-taking class.

Theme

Category

Answer

Objective self-assessment “I was able to objectively evaluate my own history-taking skills.”

Detailed and reflective practice

“It was helpful for learning because I could think deeply while
taking a detailed history.”

Satisfaction

“Receiving immediate feedback was helpful because I could

Immediate feedback and improvement identify my weaknesses and areas for improvement, and I could

see how I was improving.”

Accuracy and clarity of feedback

“The chatbot feedback was accurate and clear, which was very
helpful for learning.”

“It was particularly useful that I could practice repeatedly at

Accessibility and repeated practice any time without restrictions of time or place, and that I could

receive scores again based on the feedback.”

“The chatbot provided information too readily, even without

Overly informative chatbot responses being asked, which made the history-taking process feel easier

than interviewing an actual patient.”

Dissatisfaction

“The feedback sometimes stated that I had not asked certain

Inaccuracy of chatbot feedback questions even though I had. This made the feedback seem

slightly inaccurate.”

Limited realism in human interaction

“There are still many aspects that differ from communication
with a real human patient, and further improvement is needed.”

Unrealistically precise patient responses

“The virtual patient’s answers were too accurate, which made
the interaction feel different from an actual patient encounter.”

Inclusion of physical examination “It would be helpful to add cases involving physical examination.”

Suggestions for
improvement

“The assessment of patient education seemed too narrow or

Patient education and rapport building overly detailed. It would be better to evaluate patient

education and rapport building more broadly.”

Integration of visual diagnostic information

“It would be helpful if additional information, such as images for
tongue diagnosis or pulse diagnosis, could also be incorporated.”

Students also described several limitations. Some reported that the chatbot provided
information too readily or responded too precisely compared with real patients, making
the interview feel less realistic. Others noted occasional inaccuracies in chatbot-generated
feedback, particularly when questions they had asked were not fully reflected in the
feedback. In addition, students pointed out that text-based chatbot interactions differed
from communication with real patients.

Suggestions for improvement included expanding the training to include physical ex-
amination scenarios, broadening the assessment of patient education and rapport building,
and incorporating visual diagnostic information such as tongue diagnosis or pulse-related
materials. Overall, the open-ended responses indicated that students valued the chatbot as
a flexible and feedback-oriented learning tool, while also recognizing the need for better
realism and broader clinical coverage.

4. Discussion

The advancement of artificial intelligence has the potential to significantly transform
medical education [6,21]. Incorporating generative Al into the clinical practice curriculum
of Korean medicine colleges may enhance students’ communication skills [7]. In this
prospective single-arm repeated-measures study involving Korean medicine students, we
evaluated an Al chatbot-based history-taking practicum embedded within a diagnostics
course. Specifically, we implemented a simulation-based diagnostic training method using
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a previously developed Al chatbot [12] and evaluated its usability, learner experience, and
formative feedback outcomes.

The item-level self-efficacy analysis suggested that chatbot-assisted history-taking
practice was associated with selective improvements in specific domains of perceived
competence. Significant effects of repeated practicum were observed in items related to
identifying the patient’s main concerns, preparing an agenda or plan for the conversation,
listening attentively, and closing the conversation appropriately (Table 5). These domains
are closely related to the structure and procedural organization of a medical interview,
which may be well supported by chatbot-based practice because students can repeatedly
ask questions, review the flow of the interview, and receive immediate feedback on missing
or insufficiently explored items. In contrast, the remaining eight self-efficacy items did
not show statistically significant changes. Many of these non-significant items involved
more complex communication abilities, such as encouraging patients to elaborate on their
concerns, eliciting thoughts and feelings, demonstrating non-verbal behavior (Q7), showing
empathy (Q8), checking patient understanding (Q10), and making shared decisions (Q11).
These competencies require not only appropriate questioning but also sensitivity to emo-
tional cues, conversational timing, ambiguity, rapport building, and mutual negotiation
with the patient [22]. Because the present chatbot interaction was primarily text-based and
scenario-bound, it may have provided fewer opportunities to practice the affective, rela-
tional, and interactive aspects of clinical communication that typically emerge in encounters
with real or standardized patients [23]. Therefore, SP or peer role-play training remains
important for non-verbal communication, physical examination, real-time interaction, and
exam-like performance demands.

The analysis of the overall mean self-efficacy score further supports a cautious inter-
pretation of the educational effect (Table 6). Although the mean self-efficacy score gradually
increased from the first pre-training assessment to the first post-training assessment and
then to the second post-training assessment, the overall time effect did not reach statis-
tical significance (p = 0.076). The comparison between the first pre-training and second
post-training assessments showed a significant difference before adjustment (p = 0.025),
but this result was no longer significant after Holm correction (p = 0.075). Therefore, the
findings should not be interpreted as evidence that the chatbot-based practicum signifi-
cantly improved overall history-taking self-efficacy. Rather, the results suggest a modest
upward trend in perceived competence across repeated sessions, with improvement signals
concentrated in selected components of the interview process. This pattern may indi-
cate that repeated chatbot-assisted practice is more effective for supporting the cognitive
and structural organization of history-taking than for developing nuanced interpersonal
communication skills.

The analysis of chatbot-generated feedback scores provides an additional perspective
that was not examined in previous works (Figure 3, Table 7). In the shoulder pain scenario,
feedback scores increased from session 1 to session 2, showing a significant change before
adjustment but not after Holm correction. In contrast, the dizziness scenario showed a non-
significant decreasing trend. From an educational perspective, the absence of consistent
score improvement across both scenarios does not necessarily undermine the value of
chatbot-assisted practice. The changes in these scores may reflect not only students” history-
taking performance but also differences in case difficulty, scenario structure, expected
key history items, and the scoring criteria embedded in the chatbot system. If the second
dizziness case required more specific or discriminating questions than the first case, a lower
score may reflect increased case complexity or stricter scenario-specific expectations rather
than deterioration in students’ learning. For future implementation, automated scoring
systems should be further calibrated across scenarios, reviewed by clinical educators, and
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validated against expert-rated history-taking performance. Such refinement would allow
chatbot-generated feedback to serve as a more reliable formative assessment tool within
Korean medicine diagnostics education.

The usability results indicate that the Al chatbot was technically accessible and educa-
tionally acceptable for Korean medicine students (Table 4). Students reported high levels
of active participation, perceived usefulness, ease of use, and convenience, suggesting
that the chatbot-based practicum was feasible within a regular diagnostics course. This
favorable response may have been facilitated by the participants” high baseline familiarity
with Al chatbots and frequent prior use of conversational Al (Tables 1 and 2). In this
context, students” Al literacy may have lowered the technical barrier to participation and
supported the implementation of a new chatbot-assisted learning format. The generally
high baseline familiarity with conversational Al limited the ability to examine differential
effects by prior Al experience and may restrict generalizability to Al-naive learners. How-
ever, the relatively lower rating for similarity to real patients (Q12, Table 4) indicates that
usability and accessibility alone are insufficient to ensure authentic clinical simulation. The
naturalness of the Al chatbot’s responses, which had been regarded as a weakness by the
developer [12], was also recognized by students as an ongoing concern. The chatbot was
originally developed and tested using ChatGPT-4, and several of the limitations observed
in this study are likely to be addressed by adopting more advanced versions of GPT, which
offer improved contextual understanding and conversational naturalness. The quality of
chatbot-assisted learning, however, remains vulnerable to substantial variations depending
on service environments or policy changes in generative AI models [24].

The open-ended responses further clarified these limitations (Table 8). Students valued
the opportunity for repeated practice and immediate feedback, but they also noted that the
chatbot sometimes provided information too readily, responded more precisely than real
patients, or failed to fully reflect questions that had already been asked in its feedback. In
addition, some students suggested that future systems should include physical examination
scenarios and provide visual diagnostic information, tongue diagnosis, pulse diagnosis
information, or other examination findings. The current platform could not deliver certain
essential visual or sensory information related to the symptom/disease, which takes a great
part in diagnostics in Korean Medicine [25].

To overcome these limitations, future chatbot-based educational systems should move
beyond text-only interaction toward more realistic and multimodal simulation. Recent
advances, such as a doctor—patient interaction simulator supporting both text-based and
voice-based modes [26], suggest promising directions. Furthermore, the integration of
immersive technologies including virtual reality (VR) and augmented reality (AR)—already
applied in diverse educational contexts—could help address these shortcomings [27,28].
Incorporating such features may substantially enhance the quality of diagnostic education
and mitigate the limitations of current chatbot-based models.

In addition, this single-institution study relied primarily on voluntary, self-reported
survey responses; therefore, response-related selection bias, novelty-related engagement with
the chatbot, and limited generalizability to other educational settings cannot be excluded.

At present, the chatbot program remains in the development stage and lacks a di-
verse range of patient cases. Further refinement is required to better align the content
with the competency level of fourth-year students. In addition, external evaluation of
chatbot performance has not yet been conducted, highlighting the need for assessment
by educational experts. From an educational perspective, future studies should include
comparative analyses between Al-assisted and traditional approaches, as well as the devel-
opment and evaluation of diverse Al-integrated, project-based learning models to broaden
the applicability and effectiveness of such innovations.
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5. Conclusions

This exploratory study evaluated a two-session Al chatbot-based history-taking
practicum embedded within a regular Korean medicine diagnostics course. The study
addressed its primary aim by demonstrating that repeated chatbot-assisted practice with
automated scoring and individualized feedback was feasible to implement in a real course
setting and was generally well accepted by students. Students reported favorable usability
and perceived educational value, while overall self-efficacy scores showed a numerical
but statistically non-significant increase across the assessment points. Chatbot-generated
feedback scores were interpreted as descriptive, case-specific formative outputs rather than
validated measures of clinical competence. Although the adapted KSE-12 showed high
internal consistency in the present sample, the modified instrument was not fully validated
for chatbot-based Korean medicine diagnostics training; therefore, the self-efficacy findings
should be interpreted as exploratory learner-reported perceptions.

These findings suggest that Al chatbot-assisted training may serve as a supplementary
tool for providing accessible, repeatable history-taking practice and formative feedback in
Korean medicine education. However, the single-arm design, reliance on learner-reported
outcomes, absence of expert-rated performance assessment, and limited validation of
automated scoring restrict conclusions regarding educational effectiveness. Future studies
should use controlled or randomized designs, psychometrically matched cases, expert-rated
clinical performance outcomes, validated automated scoring systems, and more realistic
multimodal clinical scenarios to determine whether chatbot-assisted training improves
objective clinical skills.
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