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ABSTRACT

Background: Clinical reasoning is an important competency in postgraduate medical education, but
traditional feedback systems can be slow and intermittent due to faculty workload and the time available
for supervision. In case-based learning, feedback can be immediate, individualized and structured with
the support of systems supported by artificial intelligence.

Objective: To determine the impact of artificial intelligence-assisted feedback on clinical reasoning
skills among postgraduate medical trainees.

Methods: The study was a prospective quasi-experimental comparative study carried out at Rawal
Institute of Health Sciences Islamabad, from January 2025 to June 2025. In total, there were 76
postgraduate medical trainees, half of whom received feedback via artificial intelligence (38 trainees)
and the other half received it from the faculty (38 trainees). Both groups answered clinical cases and
had pre- and post-test clinical reasoning assessments. The main outcome was the difference from the
overall clinical reasoning score. Secondary outcomes were diagnostic accuracy, generation of
differential diagnosis, selection of investigations, planning for management, diagnostic errors, time to
complete the case, confidence and satisfaction. Analysis of the data was done by suitable descriptive
and inferential statistical tests, and the p-value of < 0.05 was taken as statistically significant.
Results: Baseline clinical reasoning scores were comparable between the Al-assisted and conventional-
feedback groups (61.8 + 7.4 versus 62.3 £ 7.1; p = 0.766). After the intervention, the mean score was
significantly higher in the Al-assisted group than in the conventional group (78.6 £ 6.8 versus 70.4 £
7.3; p < 0.001). The mean improvement was 16.8 £ 6.1 points in the AI group compared with 8.1 +
5.7 points in the conventional group. The Al-assisted group also demonstrated greater diagnostic
accuracy, fewer diagnostic errors, shorter case-completion time, and higher confidence and satisfaction
scores.

Conclusion: Artificial intelligence-assisted feedback was associated with greater improvement in
clinical reasoning performance than conventional feedback. It may be used as a supplementary
educational strategy under appropriate faculty supervision.

Keywords: Artificial Intelligence, Clinical Reasoning, Feedback, Postgraduate Medical Education,
Medical Trainees, Formative Assessment.

INTRODUCTION Clinical reasoning is the cognitive process
through which healthcare professionals collect
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and interpret patient information, generate
possible  diagnoses, select appropriate
investigations, and formulate management
decisions. It is a key component of clinical
practice and one of the important learning
outcomes of postgraduate medical education
and is an important aspect of safety and
effectiveness. Although postgraduate trainees
have sufficient theoretical knowledge, they may
find it difficult to integrate the clinical findings,
prioritize differential diagnoses and apply
evidence to complex patient situations. Hence,
clinical reasoning needs to be repeated in the
context of clinical problems, deliberate practice,
reflection and timely feedback. Problems with
reasoning can lead to inappropriate
investigation or delay of diagnosis, clinical
errors in diagnosis and management, and
ineffective management of patients [1-3].
Feedback is a significant aspect in enabling
trainees to reflect on their clinical work and
understand where they have fallen short of a
desired standard and what their line of thinking
was during the activity. Feedback should be
prompt, specific, constructive and related to
decisions that the learner has made that can be
observed. Typical sources of conventional
feedback are clinical supervision, teaching
rounds, case presentations, workplace-based
assessment or formal education sessions. While
faculty feedback is crucial, it can be hindered
by a limited number of teaching hours,
inconsistent feedback from faculty supervisors,
high clinical demands and a delay between the
time of the performance and when feedback is
provided. These restrictions are especially
relevant in postgraduate training situations
where trainees need to be guided in a large
number of clinical situations. Feedback that
uses technology can get people over some of
these hurdles because it can provide
opportunities for more individualized practice
without the need for direct faculty supervision
[4-6].

In recent years, innovative technologies have
emerged in the field of medical education,
notably generative Al and large language
models, which have introduced novel avenues
for case-based learning. AI can review written
clinical reasoning, detect missing data, suggest
other potential diagnoses and give instant
feedback to individual learners that
corresponds to their response. Researchers
conducted a randomized controlled trial to
determine whether feedback generated by
ChatGPT is effective in helping to improve
clinical reasoning, with the results showing that

ChatGPT feedback provided some benefits, but
expert feedback continued to have advantages
in certain complex situations [7]. One
randomized crossover study found that when
the response was provided in a timely manner
and the AI system was well-developed, it was
feasible to use Al tools to deliver personalized
feedback on medical questions and that the
educational value was affected by the prompt
quality and development of the AI system [8].
The use of Al for generating and feeding back
to script concordance tests, testing reasoning
under clinical uncertainty, has also been
examined [9]. A multi-institutional research
effort also showed that large language models
could assist in the evaluation of documented
clinical reasoning and provide opportunities for
feedback [10].

Despite these potential benefits, Al-generated
feedback may contain inaccurate, incomplete,
or overly confident information. Easy access to
suggested diagnoses may also encourage
cognitive dependence when trainees accept
outputs without critically evaluating them.
Research involving physicians has shown that
simply providing access to a large language
model does not necessarily improve clinical
reasoning, indicating that educational design,
learner preparation, and human—Al interaction
are important determinants of effectiveness
[11]. Reviews of Al in medical education have
consequently highlighted the need for further
empirical studies examining educational
outcomes, critical thinking, ethical safeguards,
and appropriate integration with faculty
teaching [12]. Evidence is particularly limited
regarding the impact of structured Al-assisted
feedback on the clinical reasoning performance
of postgraduate trainees in Pakistan. Therefore,
the present study was conducted to compare
Al-assisted feedback with conventional faculty
feedback and determine its effect on clinical
reasoning scores, diagnostic accuracy, error
frequency, case-completion time, confidence,
and satisfaction among postgraduate medical
trainees at Rawal Institute of Health Sciences,
Islamabad.

MATERIALS AND METHODS

This prospective quasi-experimental
comparative study was conducted at Rawal
Institute of Health Sciences, Islamabad, from
January 2025 to June 2025. The study was
designed to evaluate the impact of artificial
intelligence-assisted feedback on the clinical
reasoning skills of postgraduate medical
trainees. A total of 76 postgraduate trainees
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were included and divided into two equal
groups of 38 participants each. One group
received Al-assisted feedback, while the
comparison group received conventional
faculty-based feedback. The study was carried
out within structured postgraduate teaching
sessions using standardized clinical case
scenarios. Ethical approval was obtained from
the institutional review committee of Rawal
Institute of Health Sciences before the
commencement of data collection. Written
informed consent was obtained from all
participants, and confidentiality of their
personal and academic information was
maintained throughout the study.

All the postgraduate medical trainees, who
were pursuing recognized residency or
postgraduate training program at the institution
were included. Non-probability consecutive
sampling was used to approach trainees from
different years of post-graduate training and
clinical specialties. Those who were actively
engaged in clinical training, were willing to
attend all educational sessions and gave written
informed consent were included. Trainees that
did not complete the clinical cases, were not
available for baseline or follow-up assessment
or had previously completed a formal clinical
reasoning program based on artificial
intelligence were excluded. There were 76
trainees who completed all phases of the study
and were included in the final sample.
Participants were randomly assigned to the Al-
assisted group and conventional feedback
group, with reasonable similarity between
groups in terms of postgraduate years and
initial clinical reasoning performance.
Demographic and academic data was gathered
through a proforma prior to the intervention.
The variables that were recorded were age,
gender, post-graduate training year, specialty,
prior academic  performance, previous
experience in using Al tools, and how often
they are using digital learning resources. All
subjects underwent an initial clinical reasoning
task using standardized written dlinical
scenarios. The assessment looked at the
identification of relevant clinical information,
generation of differential diagnoses, selection
of investigations, interpretation of diagnostic
findings, formulation of a management plan,
and justification of clinical decisions. The
domains were each assessed with a
predetermined assessment rubric and the
individual domain scores were added together
to create an overall clinical reasoning score,
which ranged from 0 to 100. The baseline

assessment was conducted with the same
instructions, time limits, and case complexity
for both groups.

In both the groups, during the intervention
period, they completed the same number of
standardized clinical cases which included the
common diagnostic and management issues in
postgraduate medical training. The participants
completed an Al-supported educational system
by providing their diagnostic reasoning,
investigation plans, and proposed decisions for
patient care. The participants used an Al-
supported educational system to submit their
diagnostic reasoning, investigation plans, and
proposed decisions for patient care. It
immediately gave the trainee structured, case-
specific  feedback for missing clinical
information, inconsistencies in the differential
diagnosis, areas that needed to be
reconsidered, and compared the trainee's
reasoning with the criteria of the evidence-
based cases. The feedback was only for
educational support and should not substitute
for faculty supervision or clinical decision
making. The conventional-feedback group
performed the same clinical cases and were
provided with feedback using the traditional
way (lecturing style) of faculty feedback, which
involved verbal or written comments on the
diagnostic accuracy, selection of investigations
and planning for management. The length of
time, number of cases, learning goals, and
overall instructional content were also
maintained the same across both groups.

Both groups faced a post-intervention clinical
reasoning test at the end of the intervention,
with the same clinical cases of similar difficulty
as the pre-intervention clinical reasoning test.
The major outcome measure was the
differences in the overall clinical reasoning
score between pre- and post-test. Secondary
outcomes were diagnostic accuracy, generation
of appropriate differential diagnoses, selection
of relevant investigations, quality of the
management plan, number of diagnostic errors,
case-completion time, confidence of clinical
decision making and satisfaction with the
feedback method. A five-pointed Likert scale
was used as the instrument for measuring level
of confidence and satisfaction. IBM SPSS
Statistics was used to enter and analyse data.
Continuous variables were expressed as means
* standard deviations whereas categorical
variables were expressed as frequencies and
percentages. Independent-samples t-test was
performed to compare continuous outcomes
across groups, and paired-samples t-test was
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performed to examine the change in continuous
outcomes over time within groups. The chi-
square test or Fisher’s exact test was used for
categorical variables, as appropriate. Multiple
linear regression was used to assess the
independent effect of Al-assisted feedback on
improvement in clinical reasoning scores, after
controlling for relevant baseline characteristics.
A p value of < 0.05 was considered statistically
significant.

RESULTS

There were 76 postgraduate medical trainees,
of whom 38 received feedback from artificial
intelligence while 38 received feedback from
the faculty. Baseline and post assessment was
administered to all participants. The overall
mean age was 28.9 % 2.6 years. There were 43
male trainees (56.6%) and 33 female trainees
(43.4%). Neither group had any significant
difference in terms of their age, gender,
postgraduate  training year, specialty
distribution, previous academic performance or
prior experience of using Al tools.

Table 1. Baseline Characteristics of Postgraduate Medical Trainees

Variable Al-assisted feedback | Conventional feedback p-
group (n = 38) group (n = 38) value
Age, years, mean £ SD 28.7 £ 2.5 29.1 +£ 2.7 0.506
Male gender, n (%) 22 (57.9) 21 (55.3) 0.818
Female gender, n (%) 16 (42.1) 17 (44.7)
PGY-1, n (%) 11 (28.9) 10 (26.3) 0.972
PGY-2, n (%) 10 (26.3) 11 (28.9)
PGY-3, n (%) 9(23.7) 9(23.7)
PGY-4, n (%) 8 (21.1) 8 (21.1)
Previous use of Al tools, n (%) 17 (44.7) 15 (39.5) 0.644
Baseline clinical reasoning score, 61.8 + 7.4 623+ 7.1 0.766
mean = SD

There was no difference between the groups in
the base line clinical reasoning score. Prior to
the intervention, there was no difference
between the two groups in their clinical
reasoning ability, with both groups showing a
mean baseline score of 61.8 + 7.4 (p = 0.766)
in the conventional-feedback group, and 62.3 +
7.1 (p = 0.766) in the Al-assisted feedback
group. After the intervention, the clinical
reasoning performance of the trainees who

were provided with feedback using Al was
higher. They showed a higher score at the end
of the intervention (78.6 + 6.8) than at baseline
(61.8 £ 7.4). Conventional feedback group had
a gain of 62.3 £ 7.1 to 70.4 £ 7.3. The Al-
assisted group showed a mean improvement of
16.8 £ 6.1 points, while the conventional group
showed a mean improvement of 8.1 + 5.7
points. The difference in scores between the
groups was significant (p<0.001).

Table 2. Comparison of Pre-Intervention and Post-Intervention Clinical Reasoning Scores

. Conventional

.. . AI-assisted feedback _ p-
Clinical reasoning outcome group (n = 38) feedback3g;oup (n= value
Pre-inten/entioSnDscore, mean =+ 61.8 + 7.4 62.3 + 7.1 0.766
Post—lnterventlgrlmjscore, mean 78.6 + 6.8 70.4 + 7.3 <0.001
Mean change in score 16.8 £ 6.1 8.1+5.7 <0.001
Percentage improvement 27.2 £ 10.4 13.0 £ 9.1 <0.001

Within-group p-value <0.001 <0.001 —

There was no difference between the groups in
the base line clinical reasoning score. Prior to
the intervention, there was no difference
between the two groups in their clinical
reasoning ability, with both groups showing a
mean baseline score of 61.8 £ 7.4 (p = 0.766)
in the conventional-feedback group, and 62.3 £

7.1 (p = 0.766) in the Al-assisted feedback
group. After the intervention, the clinical
reasoning performance of the trainees who
were provided with feedback using Al was
higher. They showed a higher score at the end
of the intervention (78.6 + 6.8) than at baseline
(61.8 = 7.4). Conventional feedback group had
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a gain of 62.3 £ 7.1 to 70.4 £ 7.3. The Al-
assisted group showed a mean improvement of
16.8 + 6.1 points, while the conventional group

showed a mean improvement of 8.1 + 5.7
points. The difference in scores between the
groups was significant (p<0.001).

Table 3. Post-Intervention Clinical Reasoning Component Scores

Al-assisted Conventional

Clinical reasoning component feedback p-value
feedback group group

Identification of relevant clinical information 80.3+7.2 725+ 7.8 <0.001
Generation of differential diagnoses 82.1+ 75 71.8 + 8.2 <0.001
Selection of appropriate investigations 789+7.0 70.6 £ 7.7 <0.001
Interpretation of diagnostic findings 77.8 £ 7.6 70.9 £ 8.0 <0.001
Development of an aglgrnoprlate management 776 + 7.1 69.8 + 7.9 <0.001
Justification of clinical decisions 75.8 £ 7.8 68.9 + 8.1 <0.001

Diagnostic accuracy was significantly higher in
the Al-assisted feedback group. A correct final
diagnosis was reached by 32 trainees (84.2%)
in the AI group compared with 24 trainees
(63.2%) in the conventional group (p = 0.037).

The mean number of diagnostic errors was also
lower among trainees receiving Al-assisted
feedback. Furthermore, the AI group completed
the clinical cases in a shorter mean duration
than the conventional-feedback group.

Table 4. Diagnostic Accuracy, Errors, and Case-Completion Time

Al-assisted | o ontional
Outcome feedback f p-value
eedback group
group

Correct final diagnosis, n (%) 32 (84.2) 24 (63.2) 0.037

Accurate differential diagnosis, n (%) 30 (78.9) 21 (55.3) 0.029

Appropriate investigation plan, n (%) 31 (81.6) 23 (60.5) 0.043

Appropriate management plan, n (%) 30 (78.9) 22 (57.9) 0.049
Diagnostic errors per trainee, mean £ SD 1.2 £ 0.8 2.1 +1.0 <0.001
Case-completion time, minutes, mean £ SD 18.4 + 4.3 22.7 £ 5.1 <0.001

The Al-assisted feedback group showed a
greater improvement in the confidence of the
trainees in making clinical decisions. They rated
their mean confidence on a five-point Likert
scale as 3.1 £ 0.6 before and 4.2 £ 0.5 after
the intervention. In the conventional-feedback
group, the mean confidence score increased
from 3.0 £ 0.7 to 3.6 = 0.6. There was a
statistically significant difference between the

Trainees who received feedback with AI also
mentioned increased satisfaction with the
clarity, timeliness, specificity and usefulness of
feedback. Of these trainees, 34 (89.5%) agreed
or strongly agreed that the feedback helped
them find things wrong with their reasoning,
and 32 (84.2%) indicated they would like to use
Al-supported feedback in the future in clinical
learning activities.

groups in the post-intervention (p<0.001).

Table 5. Trainee Confidence and Perception of the Feedback Method

Outcome Al-assisted Conventional p-value
feedback group feedback group
Post-intervention confidence score 4.2 £ 0.5 3.6 £ 0.6 <0.001
Feedback clarity score 44 £ 0.5 3.8+0.6 <0.001
Feedback specificity score 43 £0.6 3.5+0.7 <0.001
Timeliness of feedback score 4.6 £ 0.5 3.7+0.7 <0.001
Feedback usefulness score 4.5+ 0.5 3.9+ 0.6 <0.001
Overall satisfaction score 4.4 £ 0.6 3.8+0.7 <0.001
Multiple linear regression analysis was associated with improvement in the clinical

conducted to determine the factors that were

reasoning scores. These results did not change
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after adjustment for age, gender, postgraduate
year, baseline CRS, or prior experience with Al was observed with Al-assisted feedback versus
tools, with Al-assisted feedback group still conventional feedback for the clinical reasoning
being an independent predictor of higher score score.

increase. An adjusted increase of 8.2 points

Table 6. Predictors of Improvement in Clinical Reasoning Scores

Predictor Adjusted B coefficient 95% CI p-value
Al-assisted feedback 8.20 5.48 to0 10.92 <0.001
Baseline clinical reasoning score -0.21 —0.38 to —0.04 0.016
Previous experience with Al tools 1.34 -0.72t0 3.40 0.198
Postgraduate training year 0.86 -0.18t0 1.90 0.104
Age 0.12 —0.29 to 0.53 0.561
Male gender 0.74 -1.31t0 2.79 0.474

Overall, Al-assisted feedback was associated
with significantly greater improvement in
clinical reasoning scores, diagnostic accuracy,
recognition of clinical errors, confidence in
decision-making, and satisfaction with the

Feedback process. These findings suggest that
Al-supported feedback may provide an
effective  supplementary  approach  for
strengthening clinical reasoning skills among
postgraduate medical trainees.

Pre- and Post-Intervention Clinical Reasoning Scores

20

78.6

Mean clinical reasoning score
N W £ o =) ~ [
o =] =) <] 5] o o
!

a
o

[]

Al-assisted feedback

m Pre-intervention
mm Post-intervention

70.4

Conventional feedback

Feedback group

Figure 1. Comparison of Mean Pre-Intervention and Post-Intervention Clinical Reasoning Scores Between
the Al-Assisted Feedback and Conventional Feedback Groups.

The Al-assisted feedback group showed a
greater increase in mean clinical reasoning
score, from 61.8 to 78.6, compared with an
increase from 62.3 to 70.4 in the conventional
feedback group.

DISCUSSION

The present study evaluated the impact of
artificial intelligence-assisted feedback on
clinical reasoning skills among postgraduate
medical trainees. Trainees who received Al-
assisted feedback demonstrated a significantly
greater increase in their mean clinical reasoning
score than those who received conventional
faculty feedback. The mean score in the AI-
assisted group increased from 61.8 £ 7.4 at
baseline to 78.6 + 6.8 after the intervention,
whereas the conventional-feedback group
improved from 62.3 + 7.1 to 704 + 7.3.

Although both groups showed significant
improvement, the mean increase was
approximately twice as high in the Al-assisted
group. These findings suggest that immediate,
individualized, and structured Al-generated
feedback may help postgraduate trainees
recognize weaknesses in their reasoning and
correct them more effectively during case-
based learning [13-15].

The present study is consistent with emerging
evidence of the use of large language models
in education. Briigge et al. carried out a
randomized controlled study that involved
learners taking part in medical history-taking
practice sessions with simulated patients using
Al technology. Structured AI generated
feedback resulted in higher clinical decision
making scores for participants than those who
went through the simulations without the
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feedback. One area of improvement was in
providing a clinical context and gathering
important information [16]. Likewise, AI-driven
learning platforms have demonstrated their
ability to offer learners repeated opportunities
to engage in deliberate practice, which enables
them to change their practice based on
feedback, without having to wait for a clinical
supervisor to be available. Another randomized
controlled trial that tested the performance of
clinical reasoning in ChatGPT-generated
feedback versus expert-written feedback found
no overall effect of the type of feedback, but an
improvement in clinical reasoning performance
for some complex clinical cases with expert
feedback [7]. This suggests that Al feedback
could potentially be a useful supplement to
education but it could be dependent on the
complexity of the case, the quality of feedback,
and how it is incorporated into the curriculum.
The Al group scored better when it came to
identifying the relevant information, making
differential diagnoses, selecting investigations,
interpreting  findings, and  formulating
management plans in the present study. The
greatest improvement was observed in the
generation of differential diagnoses. Al systems
can help with this improvement by quickly
finding possibilities that were not mentioned
and suggesting alternative answers, as well as
prompting trainees to consider opposing
diagnoses. Al-generated script concordance
tests have also been found to be useful in
providing educationally valuable feedback, and
in mimicking some aspects of expert clinical
reasoning, when properly trained [9]. A
systematic review of virtual patients has also
found that technology-based case-based
learning can help develop clinical reasoning,
especially when the students are provided with
feedback regarding learning content and the
explanation of the case, which can be more
descriptive than just a right/wrong response
[17]. The value of AI, then, might not only be
in giving answers, but in making the learner's
thought process transparent and highlighting
any missing or conflicting components [18].

The accuracy of the diagnosis was also greater
in the group of trainees who had the Al
coaching help them. The Al-assisted group
outperformed the conventional group with a
correct final diagnosis rate of 84.2% vs 63.2%.
The AI group had fewer misdiagnoses and
cases were handled in a shorter time. Overall,
the results indicate that Al-related feedback
can enhance the precision and efficiency of
clinical problem-solving. Immediate feedback

can be used to correct an incorrect reasoning
pathway, which is still fresh in the learner's
memory. It can also give the same feedback for
a number of cases and learners, thereby
minimizing the variation that occurs if faculty
lack sufficient time or adopt a variety of
feedback methods. The postgraduate trainees
have generally indicated interest in receiving
more formal training in the application of AI,
but there has been concern that there might be
a decrease in opportunities for them to learn
clinical judgment for themselves if they rely too
heavily on Al [19]. Feedback from AI should
therefore prompt trainees to explain and
defend the diagnosis and/or management plan
that the AI has proposed, not just blindly accept
it [20].

The Al-assisted trainees had more confidence,
clarity of feedback, timeliness, usefulness, and
satisfaction overall. Feedback was immediate
and this may have helped learners to spot the
particular mistake and make changes in real
time. However, higher self-confidence does not
necessarily mean higher competency. AI
systems can create incomplete or inaccurate, or
outdated or misleading information; learners
may trust the information produced by the AI
system to be correct, even when it is not so. Al
assisted feedback should, therefore, be subject
to the appropriate faculty supervision and
supervision should involve trainees critically
assessing outputs against clinical guidance,
patient context and expert judgement. There
were several limitations in the present study. It
was carried out in one institution, with limited
sample size (76 trainees) and short intervention
duration. The differences in the clinical
reasoning performance may also have been
influenced by differences between specialties
and years of postgraduate training. It was not
possible to blind the participants and
satisfaction outcomes were self-reported.
Furthermore, long-term retention and transfer
to real-world practice and the accuracy of all Al-
generated recommendations were  not
measured. Larger samples, delayed
evaluations,  workplace-based  outcomes,
validated reasoning instruments, and detailed
evaluation of the Al errors should be included
in future multicentre studies. Comparing the
effects of feedback with AI only, faculty only,
and combined Al-faculty feedback would be
especially helpful.

CONCLUSION
Artificial intelligence-assisted feedback was
associated with greater improvement in clinical
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reasoning  scores, diagnostic  accuracy,
differential diagnosis generation, investigation
selection, management planning, and case-
completion efficiency among postgraduate
medical trainees. Participants receiving Al-
supported feedback also reported higher
confidence and satisfaction than those
receiving conventional feedback. These
findings indicate that Al can serve as a useful
supplementary tool for formative assessment
and individualized clinical reasoning practice.
However, it should not replace faculty
supervision, professional judgment, or direct
clinical teaching. Its educational use should be
supported by faculty review, learner training in
critical appraisal, protection of patient
information, and regular evaluation of the
accuracy and appropriateness of Al-generated
content.
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