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A B S T R A C T

Introduction and Aims: Advances in artificial intelligence (AI) technology have generated a revo-

lution in medical and dental education, which may offer promising solutions to tackle the

challenges of traditional problem-based learning (PBL) and case-based learning (CBL). The

objective of this studywas to assess the available evidence concerning AI-powered PBL/CBL on

students’ knowledge acquisition, clinical reasoning capability and satisfaction.

Methods: An electronic searchwas carried out on PubMed,MEDLINE, the Cochrane Central Regis-

ter of Controlled Trials andWeb of Science. Clinical trials published in Englishwith full text avail-

able, which implemented AI technologies in PBL/CBL in the medical/dental field and evaluated

knowledge acquisition, clinical reasoning and/or satisfaction were included. The quality assess-

ment was conducted using RoB 2 by two calibrated assessors. Data synthesis andmeta-analysis

were performed, the standardised mean difference (SMD) or standardised mean (SM) and 95%

confidence intervals (CIs) were calculated, and heterogeneitywas quantified.

Results: Six randomized controlled trials were included, with an overall risk of bias judged to

have ‘some concerns’. For knowledge acquisition, 4 studies were included in the meta-analy-

sis. A low heterogeneity (I2 = 20%) was detected and a fixed-effect model was utilised. Com-

pared with the control group, the AI intervention significantly improved knowledge

acquisition by 46% (95% Cls [0.18-0.73], P = .001). For clinical reasoning capability, due to meth-

odological and measurement heterogeneity among studies, statistical analysis was not feasi-

ble. Three studies were selected for the meta-analysis of students’ satisfaction. Heterogeneity

was moderate (I2 = 32%), and a generic inverse variance method was selected. The pooled SM

scorewas 0.7 (95% Cls [0.47-0.92]), and the overall effect was statistically significant (P< .00001).

Conclusion: Despite limitations such as the limited number of included studies and the over-

all risk of bias concerns, AI-powered PBL/CBL has the potential to enhance students’ knowl-

edge acquisition and learner satisfaction compared to traditional learning approaches.

Clinical Relevance: Not applicable.

� 2025 The Authors. Published by Elsevier Inc. on behalf of FDI World Dental Federation.
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Introduction

Problem-based learning (PBL) and case-based learning (CBL)

are student-centred, inquiry-based pedagogical approaches

which are commonly used in medical and dental

education.1,2 Compared with traditional passive teaching

approaches, students are more actively engaged in PBL and

CBL, where they work collaboratively in small groups to solve

clinical problems based on real-life scenarios.3,4 Previous

studies showed that PBL and CBL facilitated the development

of critical thinking skill, clinical reasoning capability, analytic

and problem-solving skill, as well as self-directed learning

ability.5-8 Systematic reviews andmeta-analyses showed that

PBL and CBL significantly enhanced students’ knowledge

acquisition as compared to traditional education methods.9,10

In spite of these benefits, the limitations and challenges of

PBL and CBL including high workload and delivery costs, the

requirement of special training for facilitators, the lack of stan-

dardized clinical cases, increased demands for case materials,

hardware, software and other facilities11-13 may hinder their

application inmanaging a large cohort of students.

In recent years, rapid advancements in artificial intelligence

(AI) technology have generated a revolution in healthcare edu-

cation,14-16 which may offer promising solutions to tackle these

challenges. Large language models (LLMs) such as ChatGPT

(OpenAI), which can automatically process and generate natu-

ral language, have been integrated into PBL/CBL to enrich the

learning experience.17,18 Intelligent tutoring systems (ITSs) such

as COMET (Collaborative MEdical Tutor) and METEOR (Medical

Tutor Employing Ontology for Robustness) are computer-based

educational platforms which utilise AI and adaptive technolo-

gies to mimic human tutoring by providing real-time, custom-

ised and interactive feedback to learners.19,20 AI can further

assist PBL and CBL by leveraging generative models such as

LLMs, generative adversarial networks (GANs), variational

autoencoders (VAEs) and diffusion models to create synthetic

multimodal cases which integrate medical text, imaging and

physiological signals to stimulate realistic clinical scenarios.21,22

In addition, the integration of virtual reality (VR), augmented

reality (AR) and haptic systems has revolutionised the develop-

ment of virtual patients, enabling learners to practise commu-

nication, clinical diagnosis, decision-making and treatment in a

safe and adaptative environment.23,24

Despite the growing interest and popularity of AI-powered

medical and dental education, there is a lack of a comprehen-

sive evaluation of its effectiveness in improving the learning

outcomes of PBL and CBL. Therefore, in this systematic review

and meta-analysis, we aim to critically assess the available evi-

dence on students’ knowledge acquisition, clinical reasoning

capability and satisfaction. The overall objective is to provide

deeper insights into this emerging education trend, as well as to

offer valuable recommendations for future development and

optimisation of AI-powered educational tools and platforms.
Method

Protocol registration and review question

This systematic review was conducted following the PRISMA

2020 statement, and the protocol has been registered in the
PROSPERO database (CRD42024626780). The research ques-

tion was formulated using the PICO framework: For medical

and dental students [Population (P)], does AI-powered PBL or

CBL [Intervention (I)] improve knowledge acquisition, clinical

reasoning capability and satisfaction [Outcome (O)], com-

pared to PBL/CBL without the use of AI technologies or tradi-

tional lectures/seminars [Comparison (C)]?

Information sources and search strategy

The search was carried out in four databases including

PubMed, MEDLINE, the Cochrane Central Register of Con-

trolled Trials (CENTRAL) and Web of Science. To capture grey

literature, a supplementary search was performed in Google

Scholar, targeting unpublished manuscripts, conference

papers, and research reports. The detailed search strategy is

illustrated in Table 1. The first search was conducted on 11

November 2024. An update was performed on 24 March 2025.

Study selection

Data from four databases were combined and duplicates were

removed. The inclusion and exclusion criteria are listed in

Table 2. Clinical trials published in English with full text avail-

able which implemented AI technologies in PBL/CBL in medi-

cal or dental education and evaluated students’ knowledge

acquisition, clinical reasoning capability and/or satisfaction

were included. The exclusion criteria were irrelevant topics,

review papers, comments, editorial or short communications,

non-English, lacking an appropriate control group and

unavailable full texts or missing data. From included studies,

data including study design (type, duration, sample size), par-

ticipant demographics (age, gender, academic year), interven-

tion measures (AI intervention type, name of the AI tools,

PBL/CBL delivery) and outcome metrics (knowledge acquisi-

tion, clinical reasoning capability, satisfaction) were

extracted. The selection and data extraction were conducted

independently by 2 calibrated investigators. Discrepancies/

disagreements were resolved through consensus-based dis-

cussion. If an agreement could not be reached, a third

researcher was consulted.

Quality assessment and data synthesis

The risk of bias of each included study was assessed indepen-

dently by 2 investigators using version 2 of the Cochrane risk-

of-bias tool for randomized trials (RoB 2). Bias arising from 5

domains including the randomisation process (D1), devia-

tions from intended interventions (D2), missing outcome

data (D3), outcome measurement (D4) and selection of the

reported result (D5) was evaluated. The risk of bias for each

domain was judged as ‘low risk of bias’, ‘some concerns’, or

‘high risk of bias’. When all domains were judged to be at low

risk of bias, the overall risk-of-bias judgement was ‘low risk

of bias’; when some concerns were raised in 1 or more

domains, the overall risk-of-bias judgement was ‘some con-

cerns’; the overall risk-of-bias was judged to be at ‘high risk

of bias’ when at least 1 domain showed a high risk of bias or

some concerns were raised in multiple domains which sub-

stantially lowered the confidence in the result. In the case of



Table 2 – Inclusion and exclusion criteria.

Parameter Inclusion criteria Exclusion criteria

Population (P) Medical or dental students who were participating in PBL/CBL Non-medical or dental students

Students who were not engaged in PBL/CBL

Intervention (I) AI technologies were applied in PBL/CBL

AI-assisted teaching software, such as intelligent tutoring systems

Platforms that use AI for case analysis and problem-solving

Introducing AI tools to assist problem analysis in group discussions

Comparison (C) Traditional teaching methods

PBL/CBL without the use of AI technologies

No appropriate control group

Outcome (O) Students’ knowledge acquisition, clinical reasoning capability,

satisfaction

Study design Clinical trials Review, comment, editorial, short communication

Language English Other than English

Table 1 – The detailed search strategy for each database.

Database Searching strategy

PubMed ((((((problem-based learning[Title/Abstract]) OR (problem-oriented learning[Title/Abstract])) OR (flipped classroom[Title/

Abstract])) OR (inquiry-based learning[Title/Abstract])) OR (case-based learning[Title/Abstract])) AND (((((artificial intelligence

[Title/Abstract]) OR (deep learning[Title/Abstract])) OR (machine learning[Title/Abstract])) OR (data science[Title/Abstract]))

OR (intelligent systems[Title/Abstract]))) AND (((((dentistry[Title/Abstract]) OR (medicine[Title/Abstract])) OR (healthcare

[Title/Abstract])) OR (medical[Title/Abstract])) OR (dental[Title/Abstract]))

MEDLINE (artificial intelligence or deep learning or machine learning or data science or intelligent systems).mp. [mp=title, book title,

abstract, original title, name of substance word, subject heading word, floating sub-heading word, keyword heading word,

organism supplementary concept word, protocol supplementary concept word, rare disease supplementary concept word,

unique identifier, synonyms, population supplementary concept word, anatomy supplementary concept word] AND (prob-

lem-based learning or problem-oriented learning or flipped classroom or inquiry-based learning).mp. [mp=title, book title,

abstract, original title, name of substance word, subject heading word, floating sub-heading word, keyword heading word,

organism supplementary concept word, protocol supplementary concept word, rare disease supplementary concept word,

unique identifier, synonyms, population supplementary concept word, anatomy supplementary concept word] AND (den-

tistry or medicine or healthcare or medical or dental).mp. [mp=title, book title, abstract, original title, name of substance

word, subject heading word, floating sub-heading word, keyword heading word, organism supplementary concept word,

protocol supplementary concept word, rare disease supplementary concept word, unique identifier, synonyms, population

supplementary concept word, anatomy supplementary concept word]

CENTRAL ((problem-based learning):ti,ab,kw OR (problem-oriented learning):ti,ab,kw OR (flipped classroom):ti,ab,kw OR (inquiry-based

learning):ti,ab,kw OR (case-based learning):ti,ab,kw) AND ((artificial intelligence):ti,ab,kw OR (deep learning):ti,ab,kw OR

(machine learning):ti,ab,kw OR (data science):ti,ab,kw OR (intelligent systems):ti,ab,kw) AND ((dentistry):ti,ab,kw OR (health-

care):ti,ab,kw OR (medicine):ti,ab,kw OR (medical):ti,ab,kw OR (dental):ti,ab,kw)

Web of Science (((((TS=(problem-based learning)) OR TS=(problem-oriented learning)) OR TS=(flipped classroom)) OR TS=(inquiry-based learn-

ing)) OR TS=(case-based learning)) AND (((((TS=(artificial intelligence)) OR TS=(deep learning)) OR TS=(machine learning)) OR

TS=(data science)) OR TS=(intelligent systems)) AND (((((TS=(dentistry)) OR TS=(medicine)) OR TS=(healthcare)) OR TS=(medi-

cal)) OR TS=(dental))

a i i n p r o b l em - and ca s e - b a s ed l e a rn ing 3
disagreement, differences were discussed until a consensus

was reached.

A descriptive summary of the included studies was ini-

tially prepared to assess the quantity, characteristics and var-

iability of the data. Meta-analysis was performed using

Review Manager (RevMan) version 5.4 when studies were suf-

ficiently homogeneous in terms of assessment tools and

interventions and when data approximated a normal distri-

bution. Primary outcomes were knowledge acquisition and

clinical reasoning capability, and the effect measure was

standardised mean differences (SMD). Secondary outcome

was students’ satisfaction; standardised means (SM) without

comparison was selected as an effective measure. Both effect

measures were extracted only when the normal distribution

assumptions were met. When studies used only non-

parametric test and summary statistics, such as medians

with standard deviations or medians with interquartile

ranges (IQRs), skewness was first estimated from reported
summaries using validated methods.25 If the studies passed

the skewness test, means and standard deviations (SDs) were

estimated from medians and IQRs (or ranges) using estab-

lished transformation methods26-28 to enable the calculation

of effect measures for meta-analysis. Studies with severely

skewed data (which did not pass the skewness test) were

excluded from quantitative synthesis but summarised

descriptively, accompanied by P values from non-parametric

tests (e.g. Mann-Whitney U). For the effect measures, the cor-

responding 95% confidence intervals (CIs) were also esti-

mated. Heterogeneity was quantified by I2 statistics (I2 < 25%:

low; 25%-50%: moderate; >75%: high),29 and publication bias

was assessed using funnel plots, Begg’s rank test or Egger’s

regression test (≥10 studies). Continuous data were pooled

using fixed-effect models (I2 < 50%) or random-effects models

(I2 ≥ 50%) with subgroup analyses according to control type

(PBL/CBL without AI integration or traditional lectures/semi-

nars). In cases of high heterogeneity, a sensitivity analysis
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was performed to evaluate the impact of each study on the

pooled results. When statistical pooling was not feasible due

to heterogeneity or insufficient data, results were summar-

ised using descriptive statistics.
Results

Search results

The selection process and the search results are outlined in

the PRISMA flow diagram in Figure 1. Forty-one full-text

articles were assessed for eligibility, and 35 of them were

excluded. The reasons for exclusion were as follows: 13

articles did not focus on PBL/CBL, 6 articles investigated vir-

tual patients, the research subjects of 2 articles were not stu-

dents, 1 article did not include any appropriate control group,

2 articles did not present the results of the control, and 11

articles were reviews. Finally, 6 articles that met the inclusion

criteria were included,18,30-34 and they were all randomised

controlled trials (RCTs). The details of the included studies

are summarised in Table 3.

Quality assessment of included studies

The overall risk of bias for all studies was judged with ‘some

concerns’ (Figure 2). For the randomisation process (D1), 5

studies mentioning random sampling without elaborating on

the randomization process18,30-33 were categorized as ‘some

concerns’. For deviations from intended interventions (D2),
Fig. 1 –A PRISMA flowchart illustrati
participants from all studies adhered to assigned interven-

tion; only in 1 study a student was lost to follow-up and 1

withdrew,34 suggesting ‘low risk of bias’. D3 missing outcome

data was judged as ‘low risk of bias’ because data were avail-

able for all studies. As for the measurement of the outcome

(D4), knowledge acquisition was assessed using objective

multiple-choice tests31 or theoretical knowledge exams,18,32

and clinical reasoning capability was evaluated using clinical

reasoning problem (CRP) approach,30 representing ‘low risk of

bias’. In one study, knowledge acquisition was measured

using the same examination pre- and post-intervention,33 so

the potential testing effect could have resulted in an overesti-

mation of the outcome. To evaluate clinical reasoning capa-

bility, one study used the Cornell Critical Thinking Test

(CCTT) Level Z which relied on a subjective self-assessment,34

and these participants were aware of group allocation, which

might have resulted in response bias. Therefore, for the latter

2 studies, a judgement of ‘some concerns’ was indicated.33,34

Only 1 study was preregistered, and the outcomes reported

were in accordance with those specified in preregistered pro-

tocol,34 indicating ‘low risk of bias’ in selection of the reported

result (D5), while the other 5 studies were identified as ‘some

concerns’. Due to the limited number of studies included,

publication bias could not be assessed.
Knowledge acquisition

Four studies using objective examinations for knowledge

acquisition were selected for meta-analysis,18,31-33 and
ng the article screening process.



Table 3 – General characteristics of the included studies.

Author (year) Journal Population Learning

approach

Intervention Comparison Outcome

Parameter Tool Findings

Suebnukarn

(2009)

Journal of Dental

Education

36 second-year dental

students (n = 18 per

group)

PBL ITS COMET Traditional PBL Clinical reasoning

capability

CRP approach Clinical reasoning gains for COMET-tutored stu-

dents were similar to those for human-tutored

students, the average post-test score for

COMET students (61.45) was comparable to that

obtained for human-tutored students (59.46)

(Mann-Whitney, P = .058).

Aparicio et al.

(2012)

Computers &

Education

60 second-year medical

students (n = 34 for AI

group and n = 26 for

the control)

CBL IIAS Free internet-

based learning

in CBL

Knowledge acqui-

sition and

satisfaction

Objective tests

and subjective

questionnaires

(1) Knowledge acquisition: the results of the

objective test in IIAS group was not signifi-

cantly different from free internet-based learn-

ing group, the overall percentage of correct

answers was 78.53% and 76.92%, respectively.

(2) Satisfaction: the results of subjective ques-

tionnaires showed that 58.82% and 64.71% of

the students strongly agreed or agreed about

the usefulness of the system for finding rele-

vant clinical case terms and for reducing the

time taken to understand the text, respectively;

61.76% felt that the interface was user-friendly,

67.65% considered the required information

was easy to find and felt comfortable using the

system, 76.47% perceived the system speed

reasonable and 94.12% found the system easy

to use.

Wu et al. (2020) Annals of Trans-

lational

Medicine

38 second-year medical

students (n = 19 per

group)

PBL ITS CC-Crusier Traditional

lectures

Knowledge acqui-

sition and

satisfaction

Test covering the

signs, diagnosis

and treatment,

as well as a

questionnaire

(1) Knowledge acquisition: the post-lecture scores

were significantly higher than the pre-lecture

scores for both groups (P < .001), the total post-

lecture score of AI tutoring was significantly

higher than that of traditional lectures

(P = .034). (2) Satisfaction: all students in AI

tutoring group were satisfied and agreed that

the platform was helpful, effective, and benefi-

cial; a higher requirement of hardware and

more time needed for previewing were

reported.

Zhao et al. (2023) International

Journal of

Medical

Informatics

72 medical undergradu-

ates (n = 36 per group)

CBL WFO Traditional CBL Knowledge acqui-

sition and

satisfaction

Examination and

teaching assess-

ment

questionnaire

(1) Knowledge acquisition: the exam score in

WFO-based group (89.50 § 5.86) was similar as

that of the control group (85.92§ 8.33) (P = .139),

the pass rate was 100% for both groups (≥60).
(2) Satisfaction: the overall satisfaction of WFO

group was higher than the control group (89.25

§ 5.92 versus 80.75 § 3.42, P = .001), the differ-

ence was mainly reflected in cultivating inde-

pendent learning ability, increasing knowledge

mastery, enhancing learning interest, and

increasing course participation, no significant

difference was observed in improving the abil-

ity of expression.

(continued on next page)

a
i
in

p
r
o
b
l
e
m
-
a
n
d

c
a
s
e
-
b
a
s
e
d

l
e
a
r
n
in

g
5



T
a
b
le

3
.(
C
on

ti
n
u
ed

)

A
u
th

o
r
(y
e
a
r)

Jo
u
rn

a
l

P
o
p
u
la
ti
o
n

L
e
a
rn

in
g

a
p
p
ro

a
ch

In
te
rv
e
n
ti
o
n

C
o
m
p
a
ri
so

n
O
u
tc
o
m
e

P
a
ra
m
e
te
r

T
o
o
l

F
in
d
in
g
s

W
a
n
g
e
t
a
l.

(2
0
2
4
)

M
e
d
ic
a
l
T
e
a
ch

e
r

1
0
1
m
e
d
ic
a
l
u
n
d
e
rg
ra
d
-

u
a
te
s
a
n
d
p
o
st
g
ra
d
u
-

a
te
s
(n

=
5
1
fo
r
A
I

g
ro

u
p
a
n
d
n
=
5
0
fo
r

co
n
tr
o
l
g
ro

u
p
)

P
B
L

L
e
a
rn

G
u
id
e
,a

cu
s-

to
m
iz
e
d
to
o
l

b
a
se

d
o
n

C
h
a
tG

P
T

T
ra
d
it
io
n
a
l
P
B
L

C
li
n
ic
a
l
re
a
so

n
in
g

ca
p
a
b
il
it
y

C
C
T
T
L
e
v
e
l
Z

B
o
th

g
ro

u
p
s
sh

o
w
e
d
h
ig
h
e
r
C
C
T
T
sc

o
re
s
a
ft
e
r
1
2

w
e
e
k
s
co

m
p
a
re
d
to

b
a
se

li
n
e
;t
h
e
d
if
fe
re
n
ce

b
e
tw

e
e
n
th

e
2
g
ro

u
p
s
w
a
s
n
o
t
st
a
ti
st
ic
a
ll
y
si
g
-

n
ifi
ca

n
t
a
t
6
w
e
e
k
s,

w
h
il
e
b
y
1
2
w
e
e
k
s,

th
e

L
e
a
rn

G
u
id
e
g
ro

u
p
sh

o
w
e
d
a
si
g
n
ifi
ca

n
t

im
p
ro

v
e
m
e
n
t
(P

<
.0
0
1
),
w
h
ic
h
re
m
a
in
e
d
si
g
n
if
-

ic
a
n
t
a
t
1
4
-w

e
e
k
fo
ll
o
w
-u

p
(P

<
.0
0
1
).

Z
e
n
g
e
t
a
l.
(2
0
2
5
)

B
M
C
M
e
d
ic
a
l

E
d
u
ca

ti
o
n

4
2
fi
ft
h
-y
e
a
r
m
e
d
ic
a
l

in
te
rn

s
(n

=
2
1
p
e
r

g
ro

u
p
)

P
B
L

C
h
a
tG

P
T

T
ra
d
it
io
n
a
l

te
a
ch

in
g

K
n
o
w
le
d
g
e
a
cq

u
i-

si
ti
o
n
,c

li
n
ic
a
l

re
a
so

n
in
g
ca

p
a
-

b
il
it
y
,a

n
d

sa
ti
sf
a
ct
io
n

T
h
e
o
re
ti
ca

l

k
n
o
w
le
d
g
e

e
x
a
m
,m

in
i-
C
E
X

a
ss
e
ss
m
e
n
t
a
n
d

q
u
e
st
io
n
n
a
ir
e

(1
)
K
n
o
w
le
d
g
e
a
cq

u
is
it
io
n
:t
h
e
sc

o
re
s
o
f
th

e
o
re
ti
-

ca
l
k
n
o
w
le
d
g
e
e
x
a
m

in
C
h
a
tG

P
T
-a
ss
is
te
d
g
ro

u
p

w
e
re

si
g
n
ifi
ca

n
tl
y
h
ig
h
e
r
th

a
n
th

o
se

in
tr
a
d
i-

ti
o
n
a
l
te
a
ch

in
g
g
ro

u
p
3
d
a
y
s
a
ft
e
r
th

e
co

u
rs
e

e
n
d
e
d
(9
3
.9
0
§

3
.6
5
v
e
rs
u
s
9
0
.3
3
§

4
.0
8
;P

<
.0
1
).

(2
)
C
li
n
ic
a
l
re
a
so

n
in
g
ca

p
a
b
il
it
y
:m

in
i-
C
E
X
e
v
a
l-

u
a
ti
o
n
sh

o
w
e
d
th

a
t
th

e
C
h
a
tG

P
T
g
ro

u
p
d
e
m
o
n
-

st
ra
te
d
st
a
ti
st
ic
a
ll
y
si
g
n
ifi
ca

n
t
im

p
ro

v
e
m
e
n
ts

in
cl
in
ic
a
l
ju
d
g
m
e
n
t
(P

<
.0
1
)
a
n
d
o
v
e
ra
ll
cl
in
ic
a
l

co
m
p
e
te
n
ce

(P
<
.0
1
)
co

m
p
a
re
d
to

th
e
co

n
tr
o
l

g
ro

u
p
.(
3
)
S
a
ti
sf
a
ct
io
n
:t
h
e
st
u
d
e
n
ts

g
a
v
e
h
ig
h
ly

p
o
si
ti
v
e
fe
e
d
b
a
ck

o
n
C
h
a
tG

P
T
te
a
ch

in
g
m
e
th

o
d

a
n
d
n
o
d
is
sa

ti
sfi

e
d
si
tu

a
ti
o
n
w
a
s
re
p
o
rt
e
d
.

C
C
T
T
,
C
o
rn

e
ll
C
ri
ti
ca

l
T
h
in
k
in
g
T
e
st
;
C
O
M
E
T
,
C
O
ll
a
b
o
ra
ti
v
e
M
E
d
ic
a
l
T
u
to
r;

C
R
P
,
cl
in
ic
a
l
re
a
so

n
in
g
p
ro

b
le
m
;
II
A
S
,
in
te
ll
ig
e
n
t
in
fo
rm

a
ti
o
n
a
cc

e
ss

sy
st
e
m
;
IT
S
,
in
te
ll
ig
e
n
t
tu

to
ri
n
g
sy

st
e
m
;
M
in
i-
C
E
X
,
M
in
i

C
li
n
ic
a
l
E
v
a
lu
a
ti
o
n
E
x
e
rc
is
e
;W

F
O
,W

a
ts
o
n
fo
r
O
n
co

lo
g
y
.

6 we i e t a l .
subgroup analyses were performed based on different types

of control groups (PBL/CBL without AI integration or tradi-

tional lectures/seminars) (Figure 3).

A total number of 110 and 102 students were included in

the meta-analysis of the AI-assisted group and the control

group, respectively. A low heterogeneity was observed among

the 4 included studies (P = .29 and I2 = 20%), and a fixed-effect

model was selected. The overall result showed that AI inter-

vention significantly improved students’ knowledge acquisi-

tion by 46% when compared to the control group (95% Cls

[0.18-0.73], P = .001). No statistical difference was detected

between the 2 subgroups (P = .19). Subgroup analysis of the AI

intervention group and the traditional PBL/CBL group31,33

indicated that the knowledge acquisition in the AI group was

31% higher than those in the traditional group, but this differ-

ence was not statistically significant (95% Cls [-0.33 to 0.66],

P = .07). Subgroup analysis of the AI intervention group and

the traditional lectures group18,32 showed that the knowledge

acquisition in the AI group was 70% higher than that in the

traditional lectures group, and the difference was statistically

significant (95% Cls [0.24-1.15], P = .003).
Clinical reasoning capability

The impact of AI-powered PBL/CBL on clinical reasoning

capability was investigated in 3 studies, each employing dis-

tinct assessment approaches including CRP, CCTT Level Z

and mini Clinical Evaluation Exercise (mini-CEX).18,30,34 Meth-

odological heterogeneity arose from the use of diverse instru-

ments that evaluated different constructs within the domain

of clinical reasoning. Measurement heterogeneity further

limited data synthesis because sufficient data for SMD calcu-

lation were provided in only 2 studies,18,34 whereas in the

other study,30 non-parametric testing was employed without

reporting the necessary summary statistics for normality

assessment, thus precluding effect size estimation. There-

fore, statistical pooling was not feasible, and a descriptive

synthesis was employed to summarise the findings in

Figure 4. Previous studies using the CRP approach showed

that the clinical reasoning gains for AI-tutored students were

similar to those for human-tutored students, with no signifi-

cant difference in the average post-test score observed for the

2 groups (Mann-Whitney, P = .058).30 This study used non-

parametric tests for comparison, and the normality test was

not fulfilled.30 Compared with traditional PBL, the integration

of LearnGuide, a customised tool based on ChatGPT, showed

higher effectiveness in enhancing clinical reasoning capabil-

ity (SMD = 1.34, 95% CIs [0.91,1.77]).34 A weaker favourable

effect was observed in ChatGPT-assisted PBL when compared

to traditional teaching (SMD = 0.90, 95% CIs [0.26,1.54]).18
Satisfaction with AI-powered PBL/CBL approach

Students’ satisfaction with the AI-assisted PBL/CBL approach

was assessed in 4 studies18,31-33 using subjective question-

naires. The questionnaires were distributed to students from

both the AI intervention group and the control group in 1

study.33 For the other 3 studies,18,31,32 the questionnaires

were answered only by students in the AI group, and these



Fig. 2 –The risk of bias in each study included in this systematic review. D1: bias arising from the randomization process;

D2: bias due to deviations from intended interventions; D3: bias due to missing outcome data; D4: bias in measurement of

the outcome; D5: bias in selection of the reported result. The green, yellow, and red colours represent a low risk of bias, some

concerns, and a high risk of bias, respectively. CBL, case-based learning; COMET, COllaborative MEdical Tutor; IIAS, intelli-

gent information access system; ITS, intelligent tutoring system; PBL, problem-based learning; WFO,Watson for Oncology.

Fig. 3 –A forest plot of meta-analysis of the studies comparing students’ knowledge acquisition in AI-powered PBL/CBL with

PBL/CBL without AI integration or traditional lectures. The box represents the point estimate of the SMD of the study, the

horizontal line indicates the 95% CI, and the size of the box reflects the weight of the study in relation to the pooled estimate.

The diamond represents the overall effect estimate derived from the meta-analysis.
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studies with 74 participants in total were included in the

meta-analysis (Figure 5).

Given that the answers to the questionnaires regarding

satisfaction were rated on different scales ranging from 1

(strongly disagree) to 4 or 5 (strongly agree), SM was selected

as the effect measure. The result of each question was first

converted to the average satisfaction score and SD individu-

ally, and then the average satisfaction score and the corre-

sponding SD for all questions included were calculated, after

which the SM and the corresponding standard error (SE) were

estimated. Heterogeneity was moderate (I2 = 32%), and a

fixed-effect generic inverse variance method was selected for

meta-analysis. The pooled SM satisfaction score was 0.7 (95%
Cls [0.47-0.92]), indicating students were generally satisfied

with AI-assisted PBL/CBL, and the variability in the satisfac-

tion score across 3 studies was moderate. The overall effect

was statistically significant (Z = 6, P < 0.0001), suggesting that

the observed high satisfaction with AI-assisted PBL/CBL was

consistent and robust across all included studies.
Discussion

This systematic review and meta-analysis of 6 RCTs showed

that compared with PBL/CBL without AI integration, tradi-

tional lectures or seminars, AI-empowered PBL/CBL



Fig. 4 –A forest plot of the studies comparing clinical reasoning capability of AI-powered PBL/CBL with PBL/CBL without AI

integration or traditional lectures. The box represents the point estimate of the SMD of the study, the horizontal line indi-

cates the 95% CI, and the size of the box reflects the weight of the study in relation to the pooled estimate.

Fig. 5 –A forest plot of a meta-analysis of the studies comparing students’ satisfaction with AI-powered PBL/CBL. The box

represents the point estimate of the SM of the study, the horizontal line indicates the 95% CI, and the size of the box reflects

the weight of the study in relation to the pooled estimate. The diamond represents the overall effect estimate derived from

themeta-analysis.
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facilitated an intensive interaction between students and the

system and significantly improved students’ knowledge

acquisition. Moreover, high satisfaction with this emerging

educational modality was observed. The findings were in line

with previous studies35-37 which highlighted the potential of

AI technology to revolutionise medical and dental education

by creating personalised learning experiences and improving

students’ engagement.

Regarding the application scenarios of AI technology in

PBL/CBL, 4 out of the 6 included studies used ITSs including

COMET,30 CC-Crusier,32 LearnGuide34 and ChatGPT.18 COMET

was developed in 2006 by Dr. Suebnukarn from Thammasat

University Dental School in Thailand.30 In this system, pre-

clinical domain knowledge of each problem scenario was

incorporated and a multimodal interface consisting of text

and graphics was presented. Students were asked to create a

network of hypotheses and links, which were subsequently

verified by experts in the field. Based on Bayesian networks

and generic tutoring algorithms, COMET could generate

tutoring hints. The generated hints and student dialogues

were displayed in a discussion pane to enable an open discus-

sion among students.30 An earlier study showed no signifi-

cant difference between the instructions generated by

COMET and those of experienced human tutors, indicating a

high degree of agreement.19 In 2009, COMET-integrated PBL

was introduced to second-year dental students, and the clini-

cal reasoning gains obtained from this COMET system in the

field of stroke and heart attack were similar as those obtained

from human-tutored PBL.30 In 2013, the next version of the

COMET system METEOR was developed, which used the Uni-

fied Medical Language System (UMLS) Semantic Network as

the domain ontology.38 Different from COMET, which created

the problem scenarios by encoding the expert solutions man-

ually into the system, METEOR combined problem solutions
collected from experts with UMLS tables to form a broader

domain model. The development time of a problem scenario

was largely reduced from 1 month for 1 person in the COMET

system to 4-5 hours for 1 person. Unfortunately, the previous

study evaluated the clinical reasoning capability of only those

students following the METEOR session.38 With the absence

of a control group, it is challenging to draw conclusions on

the effectiveness of this system.

CC-Cruiser, an AI platform based on image features for the

diagnosis and evaluation of paediatric cataracts, was incorpo-

rated in PBL.32 Compared to traditional lectures, CC-Cruiser

was more effective in conveying knowledge on signs and diag-

noses (P = .016), while for treatment strategy, no significant dif-

ference was detected.32 LearnGuide, a customised version of

ChatGPT, was designed to support PBL in medical education.34

LearnGuide intervention was claimed to effectively improve

students’ critical thinking skills and self-directed learning abil-

ities, and these benefits appeared more pronounced over 12

weeks of training.34 However, it should be noted that in this

study, solely subjective self-assessments were selected to

measure the learning outcomes, and the potential influence of

self-report bias could not be ruled out. In addition, ChatGPT

was also incorporated into PBL by generating open-ended

questions, as well as creating simulated patients and inter-

views, which enriched students’ learning experience by allow-

ing the practice of history-taking.18 The incorporation of

ChatGPT resulted in a significant improvement in students’

medical interviewing skills, clinical judgement and overall

clinical competence compared to traditional learning.18

Apart from ITSs, an intelligent information access system

using Medlineplus (National Institutes of Health) and Freebase

(Google) as ontologies, was developed.31 This system generated

students’ knowledge acquisition similar to free internet search,

but the drawbacks such as the slow annotation process of the
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system and the presence of irrelevant information were reported,

which may result in a lower satisfaction level with the system

(3.84 out of 5) compared with CC-Cruiser (3.65 out of 4) and

ChatGPT (4.28 out of 5). AI-generated decision-making system

WFO (Watson for Oncology, International BusinessMachines) was

recently introduced to CBL in clinical oncology, and similar knowl-

edge acquisition with a higher overall satisfaction score was

observed inWFO-integrated CBL compared to traditional CBL.33

Although the available data suggest that these AI-empow-

ered systems/platforms may be beneficial for enhancing

students’ knowledge acquisition, the limitations such as the

additional time and effort needed for building problem/case

models,30 the high requirement of hardware32 and the risk of

students’ over-reliance39,40 should be addressed in future

studies. Moreover, the knowledge base of problem/case sce-

narios should be updated in a timely manner41 so that the

students can be exposed to the most recent knowledge and

concepts, which will further optimise their learning experi-

ence. Finally but no less importantly, the roles of facilitators

remain crucial and indispensable. During the learning pro-

cess, tutors/instructors not only educated students on the uti-

lization of an AI-powered system/platform but also verified

the accuracy of the information provided by AI and provided

personalized feedback.18,30,32 To realise the full potential of

this innovative approach, AI technology should be combined

with skilled facilitators.

The limitations of this systematic review and meta-analysis

should be considered and the results should be interpreted with

caution. First, the exclusion of non−English-language studies

may have introduced language bias and reduced the represen-

tativeness of the results. Second, the number of included stud-

ies was relatively small, which may limit the reliability and

generalisability of the finding. Due to the limited number of

studies included in meta-analyses, a robust assessment of pub-

lication bias was not feasible. Additionally, the absence of a

control group precluded the evaluation of students’ satisfaction

using SMD. Instead, satisfaction levels could only be reported as

SM in terms of standard deviations, limiting the comparability

of the findings. It should also be noted that the overall risk of

bias for all included studies was judged to have ‘some con-

cerns’. Furthermore, there is insufficient evidence supporting

the long-term effectiveness of AI-powered learning. Of the 6

included studies, 4 evaluated the learning outcomes immedi-

ately after a single learning session,18,30-32 which might not be

sufficient to fully assess the development of complex skills

such as critical thinking, clinical reasoning, problem-solving

and self-directed learning, regarded as the main benefits of PBL

and CBL. The results of objective examinations obtained from

the included studies might not accurately reflect the develop-

ment of students’ complex skills. Additionally, students might

have responded more positively because of the novelty of the

AI-integrated approach, which could have contributed to the

high level of satisfaction and might not reflect their sustained

engagement and satisfaction over time.

To address these limitations, additional high-quality and

longitudinal RCTs with large numbers of students with vary-

ing levels of prior knowledge and experience and at different

educational stages are highly desirable. A variety of compre-

hensive objective exams as well as subjective assessments

such as essays, case studies or reflective journals should be
used to provide a more comprehensive understanding of the

effectiveness and sustainability of AI-integrated learning.
Conclusions

The integration of novel AI technology in PBL and CBL may

enhance students’ knowledge acquisition and satisfaction,

which holds promise for generating a positive paradigm shift

in medical and dental education.
Conflict of interest

None disclosed.
Author contributions

Conceptualisation: HWei, X Li

Data analysis: HWei, KY Li, AHC Lee, JWW Chang, C Zhang

Data collection: HWei, Y Dai, K Yuan, X Li

Search strategy development: KF Hung, EM Hu

Study screening: HWei, Y Dai, K Yuan

Supervision: C Zhang, X Li

Writing—original draft:Wei H, X Li

Writing—review and editing: H Wei, Y Dai, K Yuan, KY Li, KF

Hung, EM Hu, AHC Lee, JWW Chang, C Zhang, X Li
Funding

This research did not receive any specific grant from funding

agencies in the public, commercial or not-for-profit sectors.
R E F E R E N C E S
1. Polyzois I, Claffey N, Mattheos N. Problem-based learning in
academic health education: a systematic literature review.
Eur J Dent Educ 2010;14(1):55–64.

2. McLean SF. Case-based learning and its application inmedical
and health-care fields: a review of worldwide literature. J Med
Educ Curric Dev 2016;3:39–49.

3. Barrows HS. Problem-based learning in medicine and beyond:
a brief overview. New Dir Teach Learn 1996;1996(68):3–12.

4. Sturdy S. Scientific method for medical practitioners: the case
method of teaching pathology in early twentieth-century
Edinburgh. Bull Hist Med 2007;81(4):760–92.

5. VanLeit B. Using the case method to develop clinical reason-
ing skills in problem-based learning. Am J Occup Ther 1995;49
(4):349–53.

6. Gade S, Chari S. Case-based learning in endocrine physiology:
an approach toward self-directed learning and the develop-
ment of soft skills in medical students. Adv Physiol Educ
2013;37(4):356–60.

7. Postma TC, White JG. Developing integrated clinical reasoning
competencies in dental students using scaffolded case-based
learning - empirical evidence. Eur J Dent Educ 2016;20(3):180–8.

8. Li N, Zhang C, Cui J, Wang Q, Li T, Peng G. Using Nobel prize
case-based learning in medical immunology to cultivate criti-
cal thinking dispositions for medical undergraduates. BMC
Med Educ 2024;24(1):1213.

http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0001
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0001
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0001
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0002
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0002
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0002
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0003
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0003
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0004
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0004
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0004
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0005
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0005
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0005
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0006
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0006
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0006
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0006
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0007
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0007
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0007
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0008
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0008
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0008
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0008


10 we i e t a l .
9. Dong H, Guo C, Zhou L, et al. Effectiveness of case-based
learning in Chinese dental education: a systematic review
andmeta-analysis. BMJ Open 2022;12(2):e048497.

10. Pang X, Li L, Liu X, Wang Y, Yang B. Application of emerging
teaching models in dental education: a systematic review and
meta-analysis. Int Dent J 2024;74(6):1185–96.

11. Finucane P, Shannon W, McGrath D. The financial costs of
delivering problem-based learning in a new, graduate-entry
medical programme. Med Educ 2009;43(6):594–8.

12. Ruiz-Gallardo J-R, Casta~no S, G�omez-Alday JJ, Vald�es A.
Assessing student workload in problem based learning: rela-
tionships among teaching method, student workload and
achievement. a case study in natural sciences. Teach Teach
Educ 2011;27(3):619–27.

13. Tefera AS, Melaku EE, Urgie BM, Hassen EM, Tamene TD,
Gebeyaw ED. Barriers to implementing problem-based learn-
ing at the school of medicine of Debre Berhan University,
Ethiopia. BMCMed Educ 2024;24(1):501.

14. Dave M, Patel N. Artificial intelligence in healthcare and edu-
cation. Br Dent J 2023;234(10):761–4.

15. Samaranayake L, Tuygunov N, Schwendicke F, et al. The
transformative role of artificial intelligence in dentistry: a
comprehensive overview. Part 1: fundamentals of AI, and its
contemporary applications in dentistry. Int Dent J 2025;75
(2):383–92.

16. Tuygunov N, Samaranayake L, Khurshid Z, et al. The transfor-
mative role of artificial intelligence in dentistry: a comprehen-
sive overview. Part 2: the promise and perils, and the
international dental federation communique. Int Dent J
2025;75(2):397–404.

17. Divito CB, Katchikian BM, Gruenwald JE, Burgoon JM. The
tools of the future are the challenges of today: the use of
chatGPT in problem-based learning medical education. Med
Teach 2024;46(3):320–2.

18. Zeng H, Zhu Z, Hu J, Cui Y. Application of ChatGPT-assisted
problem-based learning teaching method in clinical medical
education. BMCMed Educ 2025;25(1):50.

19. Suebnukarn S, Haddawy P. A Bayesian approach to generating
tutorial hints in a collaborative medical problem-based learn-
ing system. Artif Intell Med 2006;38(1):5–24.

20. Kazi H, Haddawy P, Suebnukarn S. Employing UMLS for gen-
erating hints in a tutoring system for medical problem-based
learning. J Biomed Inform 2012;45(3):557–65.

21. Thamsen B, Yevtushenko P, Gundelwein L, et al. Synthetic
database of aortic morphometry and hemodynamics: over-
coming medical Imaging data availability. IEEE Trans Med
Imaging 2021;40(5):1438–49.

22. Berbenyuk A, Powell L, Zary N. Feasibility and educational
value of clinical cases generated using large language models.
Stud Health Technol Inform 2024;316:1524–8.

23. Barakat CS, Sharafutdinov K, Busch J, et al. Developing an arti-
ficial intelligence-based representation of a virtual patient
model for real-time diagnosis of acute respiratory distress
syndrome. Diagnostics (Basel) 2023;13(12):2098.

24. Matsuura T, Kawahara D, Saito A, Yamada K, Ozawa S, Nagata
Y. A synthesized gamma distribution-based patient-specific
VMAT QA using a generative adversarial network. Med Phys
2023;50(4):2488–98.

25. Shi J, Luo D, Wan X, et al. Detecting the skewness of data from
the five-number summary and its application in meta-analy-
sis. Stat Methods Med Res 2023;32(7):1338–60.

26. Wan X,WangW, Liu J, Tong T. Estimating the samplemean and
standard deviation from the sample size, median, range and/or
interquartile range. BMCMed ResMethodol 2014;14:135.

27. Luo D, Wan X, Liu J, Tong T. Optimally estimating the sample
mean from the sample size, median, mid-range, and/or mid-
quartile range. Stat Methods Med Res 2018;27(6):1785–805.

28. Shi J, Luo D, Weng H, et al. Optimally estimating the sample
standard deviation from the five-number summary. Res
Synth Methods 2020;11(5):641–54.

29. Higgins JP, Thompson SG, Deeks JJ, Altman DG. Measuring
inconsistency in meta-analyses. BMJ 2003;327(7414):557–60.

30. Suebnukarn S. Intelligent tutoring system for clinical reason-
ing skill acquisition in dental students. J Dent Educ 2009;73
(10):1178–86.

31. Aparicio F, De Buenaga M, Rubio M, Hernando A. An intelli-
gent information access system assisting a case based learn-
ing methodology evaluated in higher education with medical
students. Comput Educ 2012;58(4):1282–95.

32. Wu D, Xiang Y, Wu X, et al. Artificial intelligence-tutoring
problem-based learning in ophthalmology clerkship. Ann
Transl Med 2020;8(11):700.

33. Zhao C, Xu T, Yao Y, Song Q, Xu B. Comparison of case-based
learning using Watson for oncology and traditional method
in teaching undergraduate medical students. Int J Med Inform
2023;177:105117.

34. Wang S, Zuo Y, Zou B, et al. Enhancing self-directed
learning with custom GPT AI facilitation among medical stu-
dents: a randomized controlled trial. Med Teach 2024;19:1–8.

35. Sapci AH, Sapci HA. Artificial intelligence education and tools
for medical and health informatics students: systematic
review. JMIR Med Educ 2020;6(1):e19285.

36. Abdellatif H, Al Mushaiqri M, Albalushi H, Al-Zaabi AA, Roy-
choudhury S, Das S. Teaching, learning and assessing anat-
omy with artificial intelligence: the road to a better future. Int
J Environ Res Public Health 2022;19(21):14209.

37. de Souza LL, Pontes HAR, Martins MD, et al. ChatGPT and den-
tistry: a step toward the future. Gen Dent 2024;72(4):72–7.

38. Kazi H, Haddawy P, Suebnukarn S. Clinical reasoning gains in
medical PBL: an UMLS based tutoring system. J Intell Inf Syst
2013;41(2):269–84.

39. Meng X, Yan X, Zhang K, et al. The application of large lan-
guage models in medicine: a scoping review. iScience 2024;27
(5):109713.

40. Purohit R, Saineni S, Chalise S, et al. Artificial intelligence in
rheumatology: perspectives and insights from a nationwide
survey of U.S. rheumatology fellows. Rheumatol Int 2024;44
(12):3053–61.

41. Høj S, Thomsen SF, Ulrik CS, Meteran H, Sigsgaard T, Meteran
H. Evaluating the scientific reliability of ChatGPT as a source
of information on asthma. J Allergy Clin Immunol Glob 2024;3
(4):100330.

http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0009
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0009
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0009
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0010
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0010
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0010
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0011
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0011
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0011
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0012
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0012
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0012
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0012
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0012
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0012
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0012
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0012
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0013
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0013
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0013
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0013
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0014
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0014
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0015
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0015
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0015
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0015
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0015
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0016
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0016
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0016
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0016
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0016
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0017
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0017
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0017
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0017
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0018
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0018
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0018
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0019
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0019
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0019
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0020
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0020
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0020
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0021
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0021
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0021
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0021
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0022
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0022
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0022
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0023
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0023
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0023
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0023
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0024
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0024
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0024
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0024
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0025
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0025
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0025
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0026
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0026
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0026
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0027
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0027
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0027
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0028
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0028
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0028
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0029
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0029
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0030
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0030
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0030
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0031
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0031
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0031
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0031
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0032
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0032
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0032
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0033
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0033
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0033
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0033
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0034
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0034
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0034
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0035
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0035
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0035
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0036
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0036
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0036
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0036
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0037
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0037
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0038
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0038
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0038
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0039
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0039
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0039
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0040
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0040
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0040
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0040
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0041
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0041
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0041
http://refhub.elsevier.com/S0020-6539(25)00147-9/sbref0041

	AI-Powered Problem- and Case-based Learning in Medical and Dental Education: A Systematic Review and Meta-analysis
	Introduction
	Method
	Protocol registration and review question
	Information sources and search strategy
	Study selection
	Quality assessment and data synthesis

	Results
	Search results
	Quality assessment of included studies
	Knowledge acquisition
	Clinical reasoning capability
	Satisfaction with AI-powered PBL/CBL approach

	Discussion
	Conclusions
	Conflict of interest
	Author contributions
	Funding

	References


