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Abstract
Objective  To evaluate the diagnostic performance of artificial intelligence (AI) models for detecting facial bone fractures on 
computed tomography (CT), cone-beam CT (CBCT), and plain radiographs.
Methods  Original studies applying machine learning or deep learning algorithms for facial fracture detection in humans were 
included if they reported diagnostic accuracy metrics such as sensitivity, specificity, or area under the curve (AUC). PubMed-
MEDLINE, Scopus, and Web of Science databases were searched up to June 3, 2025. Risk of bias was assessed using the 
QUADAS-2 tool. The review followed PRISMA 2020 guidelines and was registered in PROSPERO (CRD420251085644).
Results  A total of 23 studies were included. Object detection models such as YOLOv5 and Faster R-CNN—demonstrated 
high diagnostic accuracy in localizing facial fractures. Classification models such as ResNet and Swin Transformer achieved 
AUCs frequently exceeding 0.90. Segmentation and hybrid frameworks further improved anatomical specificity. However, 
the generalizability of findings was constrained by predominantly retrospective, single-centre study designs, limited sample 
sizes, inconsistent annotation practices, and the absence of external or prospective validation.
Conclusion  AI models show high diagnostic performance for detecting facial fractures across multiple anatomical regions 
and imaging modalities. Further multicentre prospective studies and the integration of explainable AI are essential for clini-
cal adoption.
Clinical relevance  AI-assisted diagnostic models have the potential to enhance facial fracture detection accuracy, especially 
in emergency and resource-limited settings. Their integration into radiology workflows could reduce interpretation time, 
support less experienced clinicians, and improve patient outcomes.

Keywords  Artificial intelligence · Convolutional neural networks · CT imaging · Deep learning · Diagnostic accuracy · 
Facial bone fractures
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Introduction

Facial trauma frequently results in fractures involving the 
frontal, zygomatic, maxillary, mandibular, nasal, and orbital 
bones [1, 2]. These injuries, which often encompass both soft 
and hard tissue damage, are collectively categorized as oral 
and maxillofacial trauma. Due to the anatomical complexity 
and functional importance of the facial skeleton, fractures 
in this region demand prompt and accurate diagnosis to pre-
vent complications such as malocclusion, cosmetic defor-
mity, or neurological impairment. In recent years, trauma 
management has emphasized rapid diagnosis and interven-
tion during the critical “golden hour” post-injury—a period 
where timely care has the greatest influence on patient out-
comes [3–5]. In addition to clinical urgency, identification 
of injury patterns has become vital for safeguarding vulner-
able populations and optimizing treatment pathways.

Conventional diagnostic imaging—including radio-
graphs, computed tomography (CT), and cone-beam CT 
(CBCT)—remains the gold standard for fracture evaluation. 
However, interpreting these images is inherently subjec-
tive and relies heavily on the expertise of radiologists and 
surgeons. In high demanding clinical environment, such as 
emergency departments, the interpretation of facial trauma 
imaging can be delayed or subject to inter-observer vari-
ability, especially among less experienced readers [6, 7]. 
This variability can result in missed diagnoses or incorrect 
treatment decisions. For example, subtle fractures may be 
overlooked in complex anatomical regions like the midface 
or orbital walls, where overlapping structures and soft tissue 
swelling obscure fracture lines [8, 9].

The emergence of artificial intelligence (AI), particularly 
deep learning methods like convolutional neural networks 
(CNNs), offers a transformative opportunity in diagnostic 
radiology. These models have demonstrated strong potential 
for automating fracture detection across several anatomical 
regions. Recent systematic reviews have shown that AI sys-
tems for skeletal imaging—such as for the wrist, hip, spine, 
and ribs—can achieve pooled sensitivities and specificities 
ranging from 90% to 94% on CT and radiographic datas-
ets [10, 11]. Architectures including ResNet, DenseNet, 
EfficientNet, VGG, and the more recent Swin Transformer 
have demonstrated diagnostic performance comparable to 
or exceeding that of human experts [7, 12].

Despite these successes, the application of AI to facial 
fracture detection has lagged. Several unique challenges 
contribute to this gap. Craniofacial anatomy is highly com-
plex and varies across individuals, with frequent anatomic 
overlap and image artifacts that complicate fracture identi-
fication [13]. Coexisting soft tissue injuries often obscure 
osseous landmarks, and fractures may be subtle or multilin-
ear—particularly in the orbit, nasal, or zygomatic regions 

[14, 15]. In addition, variability in imaging acquisition 
parameters and inconsistent labelling or annotation prac-
tices across datasets limit the reproducibility of deep learn-
ing models. Clinically, there are also systemic challenges. 
Emergency settings are often constrained by time, limited 
access to experienced radiologists, and high diagnostic 
workloads—factors that increase the likelihood of missed 
fractures and support/underscore the need for reliable, auto-
mated diagnostic tools [16].

Multiple deep learning approaches have been explored 
for facial fracture detection, each with distinct strengths and 
limitations. Object detection networks, including YOLOv3, 
YOLOv4, YOLOv5, YOLOX, and Faster R-CNN, have 
demonstrated the ability to localize and classify facial frac-
tures on radiographs and CT images. For example, Mao et 
al. introduced YOLOv5-TRS for mandibular fracture detec-
tion and found it to outperform other YOLO versions and 
Faster R-CNN [17]. Jeong et al. implemented a dual-stage 
model combining YOLOX with GhostNetv2 for nasal frac-
tures, achieving 97.2% accuracy [18]. Moon et al. optimized 
YOLOX-S using CT-specific augmentation and IoU loss, 
reaching 100% sensitivity in patient-level fracture detection 
[19]. Warin et al. compared Faster R-CNN and RetinaNet 
for midfacial fracture detection and found the two-stage 
detector to provide superior sensitivity and F1 scores [20, 
21]. Anderson et al. evaluated an FDA-cleared system, 
FractureDetect, and demonstrated performance comparable 
to that of experienced clinicians [22].

Classification networks have also been widely applied 
to facial fracture detection. These networks provide binary 
outputs—fracture or no fracture—without spatial localiza-
tion. In a large comparative study, Mortezaei et al. evalu-
ated multiple CNN architectures—including ResNet50V2, 
MobileNet, Xception, InceptionV3, and Swin Trans-
former—on lateral radiographs for nasal fracture classifi-
cation [23]. Most models achieved accuracy above 90%, 
with Swin Transformer yielding the highest AUC. Seol et 
al. applied 3D-ResNet34 and ResNet50 to volumetric CT 
scans and achieved an AUC of 0.945 [24]. Wang et al. used a 
patch-based ResNet50 classifier following mandibular seg-
mentation [25], while Nishiyama et al. employed AlexNet 
on panoramic radiographs to detect condylar fractures [26]. 
Nam et al. demonstrated that EfficientNet-B7 combined 
with a multilayer perceptron could classify nasal fractures 
with AUCs above 0.85 in both internal and external vali-
dation cohorts [27]. Although classification models demon-
strate high sensitivity and specificity, they lack localization 
capability and are less interpretable, which may limit their 
standalone use in clinical workflows [28].

Segmentation models have been employed to overcome 
some of these challenges by delineating anatomical struc-
tures or fracture lines within images. U-Net and its variants 
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were most used. Wang et al. used U-Net for mandibular 
segmentation prior to classification, enhancing diagnostic 
focus [25]. Tong et al. employed U-Net to isolate the zygo-
matic region before applying ResNet-34 for classification, 
improving performance by narrowing the model’s focus to 
diagnostically relevant zones [29]. Shahnavazi et al. com-
bined U-Net with Faster R-CNN for mandibular fracture 
detection on panoramic radiographs [30]. Son et al. added 
luminance adaptation transforms to a YOLOv4 + U-Net 
system to improve visual interpretability of mandibular 
fracture detection [31]. Shan et al. applied Attention U-Net 
for skull fractures and reported better specificity than with 
YOLOv3 [32].

Hybrid and multi-stage approaches integrate detection, 
classification, and segmentation to enhance accuracy and 
interpretability. Jeong et al. used a two-stage YOLOX + 
GhostNetv2 model, which not only provided accurate local-
ization but also improved reader confidence and reduced 
error rates in nasal fracture diagnosis [18]. Van Nistelrooij 
et al. developed JawFracNet—a three-stage model com-
bining mandible segmentation, fracture segmentation, and 
classification using CBCT—highlighting the potential for 
anatomically tailored pipelines [33]. Similar combinations 
were observed in Wang et al., Shahnavazi et al., and Son 
et al., demonstrating that segmentation-enhanced pipelines 
can reduce false positives and improve precision [25, 30, 
31]. However, such models are computationally intensive 
and often trained on small, retrospective datasets, limiting 
scalability and prospective deployment.

Despite technical progress, AI for facial fracture detec-
tion has yet to achieve widespread clinical implementation. 
Furthermore, most published models lack explainability, 
are trained on small or non-representative samples, and are 
rarely validated across institutions or imaging protocols [34, 
35]. As a result, their integration into clinical workflows 
remains minimal. While early studies suggest that AI tools 
could streamline radiologic workflows, reduce inter-reader 
variability, and improve diagnostic speed [36], their impact 
on patient outcomes and clinical decision-making remains 
untested.

Therefore, this systematic review aims to synthesize the 
current evidence regarding the diagnostic performance of 
deep learning models—particularly object detection, classi-
fication, segmentation, and hybrid networks—in identifying 
facial bone fractures from medical imaging. By evaluating 
the strengths, limitations, and clinical readiness of these AI 
models, we seek to provide insights into future research 
directions and identify opportunities for integration into 
clinical care.

Methods

This systematic review was conducted in accordance with 
the PRISMA (Preferred Reporting Items for Systematic 
Reviews and Meta-Analyses) guidelines [37] and was 
prospectively registered in the PROSPERO database (reg-
istration ID: CRD420251085644) to ensure methodologi-
cal transparency and reproducibility. The review aimed to 
evaluate the diagnostic performance of AI models in detect-
ing facial bone fractures in human trauma patients using 
medical imaging modalities such as CT, CBCT, and plain 
radiographs. The study selection was structured using the 
PICOS (Population, Intervention, Comparison, Outcome, 
Study design) framework to ensure consistency in inclu-
sion criteria and research focus. Studies were included if 
they reported original data on AI-based detection of facial 
fractures and provided measurable diagnostic performance 
outcomes. Non-human, in vitro, review, or non-diagnostic 
articles were excluded. A total of 23 studies met the eligibil-
ity criteria and were documented through a PRISMA-com-
pliant flow diagram.

Search strategy

A comprehensive electronic search was conducted using 
the PubMed-MEDLINE, Scopus, and Web of Science 
databases to identify relevant studies. The search strategy 
included combinations of keywords related to artificial 
intelligence and facial fracture detection, such as “artifi-
cial intelligence”, “deep learning”, “machine learning”, 
“neural network”, “facial fracture, “craniofacial fracture”, 
“mandibular fracture”, “maxillofacial trauma”, “zygomatic 
fracture”, “nasal fracture”, “orbital fracture”, “computed 
tomography”, “CT”, “panoramic radiograph”, “X-ray”, 
“radiographic imaging” (Table 1). The search was limited 
to original research articles published in English involving 
human subjects. Studies focusing solely on in vitro models, 
animal data, or not reporting diagnostic performance out-
comes were excluded. The last search update was conducted 
on 3rd of June 2025. Additional relevant studies were iden-
tified through manual screening of reference lists from the 
included articles.

Study selection

The initial electronic search was conducted in PubMed-
MEDLINE, Scopus, and Web of Science on 20th of May 
2025, and all identified references were imported into End-
Note software (version X20; Clarivate Analytics, Philadel-
phia, USA) to check for and remove duplicate records. Two 
reviewers (UK and NT) independently screened the titles 
and abstracts of the retrieved articles for relevance using 
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model integration into radiologic workflow were also noted 
when available. Eligible study designs included original 
diagnostic accuracy studies, both retrospective and prospec-
tive, that reported quantitative results. Only full-text arti-
cles published in English were included. Exclusion criteria 
were studies not involving AI applications for facial frac-
ture detection, studies lacking diagnostic performance out-
comes, case reports, review articles, editorials, conference 
abstracts, expert opinions, non-human or in vitro studies, 
and publications without accessible full text.

Data extraction

Two reviewers (UK and NT) independently performed 
data extraction from the full-text versions of all eligible 
articles using a standardized approach to ensure accuracy 
and consistency. The following data were extracted from 
each study: first author and publication year, study design, 
study objective, dataset size, type of imaging modality 
and sample characteristics, type of AI model employed, 
anatomical focus of fracture detection, reference standard 
used, diagnostic performance metrics, any comparator, and 
key findings (Table 2). Any discrepancies or uncertainties 
encountered during the extraction process were resolved 
through collaborative discussion between the two reviewers 
to ensure data reliability and methodological rigor.

Results

Study characteristics

A total of 2,042 records were identified through database 
searches. After removing 4 duplicates, 2,038 records were 
screened, and 1,679 were excluded based on titles and 
abstracts. A total of 90 full-text articles were assessed for 
eligibility, and 23 studies met the predefined inclusion cri-
teria and were included in the final qualitative synthesis, as 
shown in the PRISMA flow diagram (Fig. 1).

Qualitative study and outcome measures

The included studies, published between 2019 and 2025, 
investigated the diagnostic performance of various artifi-
cial intelligence models for detecting facial bone fractures 
on imaging modalities such as CT, CBCT, and panoramic 
radiographs [15, 18–22, 24–27, 29–33, 38–45]. Most stud-
ies focused on specific anatomical regions, including the 
mandible, nasal bones, and zygomatic complex, while some 
addressed generalized skull or midfacial trauma. Diagnostic 
performance varied across model types and study designs, 
but most studies reported sensitivities and specificities 

Rayyan QCRI (Rayyan, Doha, Qatar). Full-text articles 
deemed potentially eligible were retrieved and assessed in 
detail for inclusion according to the predefined eligibility 
criteria. Any disagreements during the selection process 
were resolved through discussion and consensus between 
the two reviewers.

Eligibility criteria

The inclusion criteria for this systematic review were 
defined using the PICOS framework. The population con-
sisted of human subjects with facial trauma who underwent 
diagnostic imaging (CT, CBCT, or plain radiographs) to 
evaluate suspected facial bone fractures. The intervention 
included the use of AI methods, such as deep learning or 
machine learning algorithms, applied to medical imaging 
for the purpose of detecting or diagnosing facial fractures. 
Studies were eligible regardless of whether they compared 
AI performance to traditional diagnostic approaches, other 
AI models, or included no comparator. The primary out-
comes of interest were diagnostic performance metrics, 
including sensitivity, specificity, accuracy, and area under 
the receiver operating characteristic curve (AUC). Second-
ary outcomes such as processing time, clinical utility, and 

Table 1  Literature searches from different databases
Databases Search Terms
PubMed-MEDLINE (“artificial intelligence” OR “deep learn-

ing” OR “machine learning” OR “neural 
network*”) AND (“facial fracture*” OR 
“craniofacial fracture*” OR “mandibular 
fracture*” OR “maxillofacial trauma” 
OR “zygomatic fracture*” OR “nasal 
fracture*” OR “orbital fracture*”) AND 
(“computed tomography” OR “CT” OR 
“panoramic radiograph*” OR “X-ray” 
OR “radiographic imaging”)

Scopus (artificial intelligence OR deep learn-
ing OR machine learning OR neural 
network*) AND (facial fracture* OR 
craniofacial fracture* OR mandibular 
fracture* OR maxillofacial trauma OR 
zygomatic fracture* OR nasal fracture* 
OR orbital fracture*) AND (computed 
tomography OR CT OR panoramic 
radiograph* OR X-ray OR radiographic 
imaging)

Web of Science TS=(“artificial intelligence” OR “deep 
learning” OR “machine learning” OR 
“neural network*”) AND TS=(“facial 
fracture*” OR “craniofacial fracture*” 
OR “mandibular fracture*” OR “maxil-
lofacial trauma” OR “zygomatic frac-
ture*” OR “nasal fracture*” OR “orbital 
fracture*”) AND TS=(“computed 
tomography” OR “CT” OR “panoramic 
radiograph*” OR “X-ray” OR “radio-
graphic imaging”)
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es
 (3
73
6 
fo
r 

tra
in
in
g,
 8
83
 fo
r 

va
lid
at
io
n)

A
xi

al
 fa

ci
al

 b
on

e 
C
T 
sc
an
s (
m
id

-
fa

ci
al

 fr
ac

tu
re

s 
in

cl
ud

in
g 

m
ax

il-
la

ry
, z

yg
om

at
ic

, 
na

sa
l, 

an
d 

or
bi

ta
l 

fr
ac
tu
re
s)
 fr
om

 a
 

si
ng

le
 in

st
itu

tio
n

Si
ng

le
 S

ho
t M

ul
-

tiB
ox

 D
et

ec
to

r 
(S
SD

), 
Y
O
LO

v8
 

(o
bj
ec
t d
et
ec
tio
n 

al
go
rit
hm

s)

M
id

fa
ce

Ex
pe

rt 
m

an
ua

l 
an

no
ta

tio
n 

by
 

a 
fa

ci
al

 tr
au

m
a 

su
rg

eo
n

SS
D
: P
re
ci
si
on
 0
.8
72
, R

ec
al
l 

0.
82
3,
 F
1-
sc
or
e 
0.
84
6,
 A
P 

0.
89
9;
 Y
O
LO

v8
: P
re
ci
si
on
 

0.
87
1,
 R
ec
al
l 0
.7
75
, F
1-
sc
or
e 

0.
82
, A

P 
0.
76
9

N
o 

hu
m

an
 

re
ad

er
 c

om
pa

ri-
so
n 
pe
rf
or
m
ed
; 

in
te

rn
al

 
co

m
pa

ris
on

 
be

tw
ee

n 
SS

D
 

an
d 
Y
O
LO

v8
 

m
od

el
s

SS
D

 sl
ig

ht
ly

 
ou

tp
er

fo
rm

ed
 

Y
O
LO

v8
 o
n 

m
id

fa
ci

al
 C

T

Ta
bl

e 
2 

Su
m

m
ar

y 
of

 st
ud

ie
s i

nc
lu

de
d 

in
 th

is
 sy

st
em

at
ic

 re
vi

ew
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St
ud

y 
ID

O
bj

ec
tiv

e
N

um
be

r o
f 

pa
tie

nt
 d

at
as

et
Ty

pe
 o

f s
am

pl
e/

da
ta

A
I M

od
el

Si
te

R
ef

. S
ta

nd
ar

d
Pe

rf
or

m
an

ce
C

om
pa

ra
to

r
K
ey
 fi
nd
in
gs

A
nd

er
so

n 
et

 a
l. 

[2
2]

To
 te

st
 if

 a
n 

FD
A

-c
le

ar
ed

 A
I 

sy
st

em
 im

pr
ov

es
 

fr
ac

tu
re

 d
et

ec
tio

n 
by

 c
lin

ic
ia

ns
.

17
5 

un
iq

ue
 

ra
di

og
ra

ph
ic

 
ca
se
s (
ac
ro
ss
 

12
 a

na
to

m
ic

 
re
gi
on
s)
 in
te
r-

pr
et

ed
 in

 4
20

0 
cl

in
ic

ia
n-

ca
se

 
pa

irs

M
us

cu
lo

sk
el

-
et

al
 ra

di
og

ra
ph

s 
co

ve
rin

g 
an

kl
e,

 
cl

av
ic

le
, e

lb
ow

, 
fe

m
ur

, f
or

ea
rm

, 
hi

p,
 h

um
er

us
, 

kn
ee

, p
el

vi
s, 

sh
ou

ld
er

, t
ib

ia
/

fib
ul
a,
 a
nd
 w
ris
t, 

fr
om

 1
2 

U
S 

ho
sp

ita
ls

Fr
ac

tu
re

D
e-

te
ct
 (I
m
ag
en
 

Te
ch
no
lo
gi
es
) —

 
FD

A
-c

le
ar

ed
 d

ee
p 

le
ar

ni
ng

 m
od

el
 fo

r 
fr

ac
tu

re
 d

et
ec

tio
n

M
ul

-
tip
le
 si
te
s;
 

va
rio

us
 

an
at

om
ic

al
 

re
gi

on
s

M
aj

or
ity

 in
te

r-
pr

et
at

io
n 

of
 3

 
bo
ar
d-
ce
rti
fie
d 

or
th

op
ed

ic
 

su
rg

eo
ns

 o
r 

ra
di

ol
og

is
ts

A
id

ed
 c

on
di

tio
n:

 A
U

C
 0

.9
4,

 
se
ns
iti
vi
ty
 9
0%

, s
pe
ci
fic
ity
 

92
%
; U

na
id
ed
 c
on
di
tio
n:
 A
U
C
 

0.
90
, s
en
si
tiv
ity
 8
2%

, s
pe
ci
fic

-
ity
 8
9%

C
om

pa
re

d 
pe

rf
or

m
an

ce
 o

f 
cl

in
ic

ia
ns

 w
ith

 
an

d 
w

ith
ou

t 
A
I a
ss
is
ta
nc
e;
 

in
cl

ud
ed

 ra
di

-
ol

og
is

ts
, o

rth
o-

pe
di

c 
su

rg
eo

ns
, 

pr
im

ar
y 

ca
re

, 
EM

 p
hy

si
ci

an
s, 

an
d 

PA
s

A
I i

m
pr

ov
ed

 c
li-

ni
ci

an
 a

cc
ur

ac
y 

ac
ro

ss
 sp

ec
ia

l-
tie

s, 
cu

tti
ng

 m
is

s 
ra

te
s f

ro
m

 2
0%

 
to

 9
%

va
n 

N
is

te
l-

ro
oi

j e
t a

l. 
[3

3]

To
 e

va
lu

at
e 

a 
3-

st
ag

e 
de

ep
 

le
ar

ni
ng

 m
od

el
 

(J
aw

Fr
ac
N
et
) f
or
 

m
an

di
bu

la
r f

ra
c-

tu
re

s o
n 

C
B

C
T.

33
5 

C
B

C
T 

sc
an

s 
(1
71
 fr
ac
tu
re
 

ca
se

s, 
16

4 
no

n-
fr
ac
tu
re
 c
as
es
)

C
on

e-
be

am
 

C
T 
(C
B
C
T)
 

sc
an

s o
f t

he
 

m
an

di
bl

e,
 fr

om
 

a 
si

ng
le

 c
en

te
r 

in
 G
er
m
an
y;
 

in
cl

ud
ed

 v
ar

io
us

 
fr

ac
tu

re
 ty

pe
s 

an
d 

lo
ca

tio
ns

Ja
w

Fr
ac

N
et

: a
 

3-
st

ag
e 

ne
ur

al
 n

et
-

w
or
k 
(m
an
di
bl
e 

se
gm

en
ta

tio
n,

 
fr

ac
tu

re
 se

gm
en

-
ta

tio
n,

 fr
ac

tu
re

 
cl
as
si
fic
at
io
n)

M
an

di
bl

e
Ex

pe
rt 

an
no

ta
-

tio
ns

 a
nd

 c
on

-
se

ns
us

 o
f 3

 o
ra

l 
an

d 
m

ax
ill

of
a-

ci
al

 su
rg

eo
ns

Pr
ec
is
io
n 
0.
97
8,
 se
ns
iti
vi
ty
 

0.
95

6,
 A

U
C

 0
.9

56
 fo

r f
ra

ct
ur

e 
de
te
ct
io
n;
 a
na
ly
si
s t
im
e ~
 39
 s 

pe
r s

ca
n

C
om

pa
re

d 
ag

ai
ns

t 3
 o

ra
l 

an
d 

m
ax

ill
of

a-
ci

al
 su

rg
eo

ns
 o

n 
th

e 
sa

m
e 

da
ta

se
t

Ja
w

Fr
ac

N
et

 
m

at
ch

ed
 o

r 
ex

ce
ed

ed
 su

r-
ge

on
 a

cc
ur

ac
y 

on
 

C
B

C
T 

an
d 

w
as

 
fa

st
er

W
an

g 
et

 
al

. [
25

]
To

 d
et

ec
t a

nd
 

cl
as

si
fy

 m
an

di
bu

-
la

r f
ra

ct
ur

es
 o

n 
C

T 
us

in
g 

C
N

N
s.

68
6 
pa
tie
nt
s w

ith
 

15
06

 a
nn

ot
at

ed
 

m
an

di
bu

la
r 

fr
ac

tu
re

s

Sp
ira

l C
T 

sc
an

s 
of

 th
e 

m
an

di
bl

e,
 

an
no

ta
te

d 
fo

r 
fr

ac
tu

re
s i

n 
ni

ne
 

su
br

eg
io

ns

U
-N
et
 (f
or
 m
an

-
di

bu
la

r s
eg

m
en

ta
-

tio
n)
, R

es
N
et
-5
0 

(f
or
 p
at
ch
-

ba
se

d 
fr

ac
tu

re
 

cl
as
si
fic
at
io
n)

M
an

di
bl

e
C

on
se

ns
us

 o
f 

th
re

e 
ex

pe
ri-

en
ce

d 
m

ax
ill

o-
fa

ci
al

 su
rg

eo
ns

Se
gm

en
ta
tio
n 
D
ic
e 
co
effi

ci
en
t: 

0.
94
3.
 F
ra
ct
ur
e 
cl
as
si
fic
at
io
n:
 

av
er

ag
e 

ac
cu

ra
cy

 >
 90

%
, m

ea
n 

A
U
C
 0
.9
56
 a
cr
os
s s
ub
re
gi
on
s;
 

hi
gh

es
t A

U
C

s f
or

 b
od

y 
fr

ac
-

tu
re
s (
0.
97
2–
0.
97
6)

N
o 

co
m

pa
ris

on
 

w
ith

 h
um

an
 

re
ad

er
 p

er
fo

r-
m
an
ce
; i
nt
er
na
l 

ev
al

ua
tio

n 
of

 se
gm

en
-

ta
tio

n 
an

d 
cl
as
si
fic
at
io
n

H
ig
h 
A
U
C
 (0

N
is

hi
-

ya
m

a 
et

 
al

. [
26

]

To
 a

ss
es

s 
de

ep
 le

ar
ni

ng
 

pe
rf

or
m

an
ce

 in
 

de
te

ct
in

g 
co

n-
dy

la
r f

ra
ct

ur
es

 
on

 p
an

or
am

ic
 

X
-r

ay
s.

40
0 

co
nd

yl
es

 
fr

om
 tw

o 
ho
sp
ita
ls
 (2
00
 

fr
ac

tu
re

d,
 2

00
 

no
rm
al
)

Pa
no

ra
m

ic
 ra

di
o-

gr
ap

hs
 c

ro
pp

ed
 

to
 c

on
dy

la
r 

re
gi

on
s f

ro
m

 
tw

o 
in

de
pe

nd
en

t 
ho

sp
ita

l d
at

as
et

s 
in

 Ja
pa

n

A
le

xN
et

 C
N

N
 

(c
la
ss
ifi
ca
tio
n 

m
od
el
)

M
an

di
bu

la
r 

co
nd

yl
e

C
T 
co
nfi
rm
a-

tio
n 

of
 fr

ac
tu

re
s

In
te
rn
al
 v
al
id
at
io
n:
 A
U
C
 >
 0.
85
; 

H
os
pi
ta
l A

: a
cc
ur
ac
y 
80
.4
%
, 

se
ns
iti
vi
ty
 8
0%

, s
pe
ci
fic
ity
 

79
%
; H

os
pi
ta
l B

: a
cc
ur
ac
y 

81
%
, s
en
si
tiv
ity
 8
0%

, s
pe
ci
fic

-
ity
 8
2%

; E
xt
er
na
l v
al
id
at
io
n 

sh
ow

ed
 lo
w
er
 A
U
C
 (~
 0.
58
)

In
te

rn
al

 v
s. 

ex
te

rn
al

 d
at

as
et

 
pe

rf
or

m
an

ce
 

co
m
pa
ris
on
; 

no
 h

um
an

 
co

m
pa

ra
to

r

St
ro

ng
 in

te
rn

al
 

pe
rf

or
m

an
ce

 
(A
U
C
 ~
 0

To
ng

 e
t a

l. 
[2

9]
To

 d
ev

el
op

 a
 

C
N

N
 m

od
el

 fo
r 

de
te

ct
in

g 
zy

go
-

m
at

ic
 fr

ac
tu

re
s o

n 
C

T 
sc

an
s.

37
9 
pa
tie
nt
s;
 4
74
 

C
T 
ca
se
s (
22
0 

fr
ac

tu
re

s, 
25

4 
no
n-
fr
ac
tu
re
s)

C
ra

ni
of

ac
ia

l 
sp

ira
l C

T 
sc

an
s f

ro
m

 a
 

si
ng

le
 in

st
itu

tio
n 

(P
ek
in
g 
U
ni
ve
r-

si
ty

 S
ch

oo
l o

f 
St
om

at
ol
og
y)

U
-N
et
 (f
or
 

zy
go

m
at

ic
 re

gi
on

 
se
gm

en
ta
tio
n)
, 

R
es
N
et
-3
4 
(f
or
 

fr
ac
tu
re
 d
et
ec
tio
n)

Zy
go

m
at

ic
 

bo
ne

M
an

ua
l a

nn
ot

a-
tio

ns
 b

y 
th

re
e 

ex
pe

rie
nc

ed
 

m
ax

ill
of

ac
ia

l 
su

rg
eo

ns

R
eg

io
n 

se
gm

en
ta

tio
n 

D
ic

e 
co
effi

ci
en
t: 
0.
93
37
 (c
or
on
al
), 

0.
92
69
 (s
ag
itt
al
). 
Fr
ac
tu
re
 

de
te

ct
io

n:
 se

ns
iti

vi
ty

 a
nd

 sp
ec

i-
fic
ity
 b
ot
h 
10
0%

 o
n 
te
st
 se
t

C
om

pa
re

d 
ag

ai
ns

t e
xp

er
t 

m
an

ua
l d

ia
gn

o-
si
s;
 n
o 
hu
m
an
 

re
ad

er
 v

ar
ia

bi
l-

ity
 re

po
rte

d

U
-

N
et

 +
 R

es
N

et
-3

4 
ac

hi
ev

ed
 1

00
%

 
se

ns
iti

vi
ty

/s
pe

ci
-

fic
ity
 fo
r z
yg
o-

m
at

ic
 fr

ac
tu

re
s

Ta
bl

e 
2 
(c
on
tin
ue
d)
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St
ud

y 
ID

O
bj

ec
tiv

e
N

um
be

r o
f 

pa
tie

nt
 d

at
as

et
Ty

pe
 o

f s
am

pl
e/

da
ta

A
I M

od
el

Si
te

R
ef

. S
ta

nd
ar

d
Pe

rf
or

m
an

ce
C

om
pa

ra
to

r
K
ey
 fi
nd
in
gs

So
n 

et
 a

l. 
[3

1]
To

 c
om

bi
ne

 
ob

je
ct

 d
et

ec
tio

n 
an

d 
se

gm
en

ta
tio

n 
fo

r m
an

di
bu

la
r 

fr
ac

tu
re

 d
et

ec
tio

n 
on

 p
an

or
am

ic
.

42
0 

pa
no

ra
m

ic
 

ra
di
og
ra
ph
s (
36
0 

tra
in

in
g,

 6
0 

te
st

 
im
ag
es
)

Pa
no

ra
m

ic
 ra

di
o-

gr
ap

hs
 o

f m
an

-
di

bu
la

r f
ra

ct
ur

es
, 

ca
te

go
riz

ed
 

by
 a

na
to

m
ic

al
 

re
gi

on

LA
T 

Y
O

LO
v4

 
(lo
ca
tio
n-
ba
se
d 

de
te
ct
io
n)
 a
nd
 

U
-N
et
 (f
ra
ct
ur
e 

lin
e 

se
gm

en
ta

-
tio
n)
; c
om

pa
re
d 

w
ith

 M
as

k 
R

-C
N

N
, s

ta
nd

ar
d 

Y
O

LO
v4

M
an

di
bl

e
M

an
ua

l a
nn

ot
a-

tio
ns

 b
y 

or
al

 
an

d 
m

ax
ill

of
a-

ci
al

 ra
di

ol
og

is
ts

C
om

bi
ne
d 
m
od
el
 (U

-N
et
 +
 L
AT

 
Y
O
LO

v4
): 
pr
ec
is
io
n 
91
.7
%
, 

re
ca
ll 
87
.0
%
, F
1-
sc
or
e >

 90
%
. 

LA
T 

Y
O

LO
v4

 a
lo

ne
: p

re
ci

si
on

 
97

.5
%

, r
ec

al
l 7

9.
4%

, F
1-

sc
or

e 
87
.5
%

In
te

rn
al

 c
om

-
pa

ris
on

 b
et

w
ee

n 
M

as
k 

R
-C

N
N

, 
Y

O
LO

v4
, 

an
d 

co
m

-
bi
ne
d 
m
od
el
; 

no
 e

xt
er

na
l 

hu
m

an
 re

ad
er

 
co

m
pa

ris
on

U
-N

et
 +

 L
AT

 
Y

O
LO

v4
 

im
pr

ov
ed

 re
ca

ll 
an

d 
F1

-s
co

re
 

(>
 90
%
) f
or
 m
an

-
di

bl
e 

fr
ac

tu
re

s

Sh
ah

n-
av

az
i e

t 
al

. [
30

]

To
 a

ss
es

s a
 tw

o-
st

ag
e A

I m
od

el
 

fo
r d

et
ec

tin
g 

m
an

di
bu

la
r f

ra
c-

tu
re

s v
s. 

ge
ne

ra
l 

de
nt

is
ts

.

19
0 

pa
no

ra
m

ic
 

ra
di

og
ra

ph
s 

(w
ith
 a
nd
 w
ith

-
ou

t m
an

di
bu

la
r 

fr
ac
tu
re
s)

Pa
no

ra
m

ic
 

ra
di

og
ra

ph
s f

ro
m

 
m

ul
tip

le
 so

ur
ce

s 
(h
os
pi
ta
l, 
pr
iv
at
e 

cl
in

ic
, o

pe
n-

ac
ce
ss
 d
at
as
et
s)

U
-N
et
 (m

an
-

di
bl

e 
se

gm
en

ta
-

tio
n)
, F
as
te
r 

R
-C
N
N
 (f
ra
ct
ur
e 

de
te
ct
io
n)

M
an

di
bl

e
C

on
se

ns
us

 
an

no
ta

tio
n 

by
 

tw
o 

or
al

 a
nd

 
m

ax
ill

of
ac

ia
l 

ra
di

ol
og

is
ts

O
bj

ec
t d

et
ec

tio
n:

 
m
A
P5
0 =

 98
.6
6%

, 
m
A
P7
5 =

 57
.9
0%

. C
la
ss
ifi

-
ca

tio
n 

ac
cu

ra
cy

 =
 91

.6
7%

, 
se

ns
iti

vi
ty

 =
 10

0%
, 

sp
ec
ifi
ci
ty
 =
 83
.3
3%

C
om

pa
re

d 
to

 5
 

ge
ne
ra
l d
en
tis
ts
; 

A
I o

ut
pe

r-
fo

rm
ed

 a
ve

ra
ge

 
cl

in
ic

ia
n 

ac
cu

-
ra
cy
 (9
1.
67
%
 

vs
. 8
7.
2%

) 
an

d 
se

ns
iti

v-
ity
 (1
00
%
 v
s. 

82
.2
%
)

A
I o

ut
pe

rf
or

m
ed

 
ge

ne
ra

l d
en

tis
ts

 
in
 a
cc
ur
ac
y 
(9
1

So
n 

et
 a

l. 
[4

0]
To

 te
st

 Y
O

LO
v4

 
fo

r m
an

di
bu

la
r 

fr
ac

tu
re

 d
et

ec
tio

n 
w

ith
 p

re
pr

oc
es

s-
in
g 
eff
ec
ts
.

42
0 

pa
no

ra
m

ic
 

ra
di
og
ra
ph
s (
36
0 

fo
r t

ra
in

in
g,

 6
0 

fo
r t
es
tin
g)

Pa
no

ra
m

ic
 

ra
di

og
ra

ph
s 

w
ith

 m
an

di
bu

la
r 

fr
ac

tu
re

s, 
pr

e-
pr

oc
es

se
d 

w
ith

 
ga

m
m

a 
m

od
ul

a-
tio

n 
an

d 
lu

m
i-

na
nc

e 
ad

ap
ta

tio
n 

tra
ns

fo
rm

s

Y
O

LO
v4

 w
ith

 
pr

ep
ro

ce
ss

ed
 in

pu
t 

us
in

g 
si

ng
le

- a
nd

 
m

ul
ti-

sc
al

e 
lu

m
i-

na
nc

e 
ad

ap
ta

tio
n 

tra
ns
fo
rm
 (S

LA
T,
 

M
LA

T)

M
an

di
bl

e
M

an
ua

l a
nn

ot
a-

tio
ns

 b
y 

or
al

 
an

d 
m

ax
ill

of
a-

ci
al

 ra
di

ol
og

is
ts

Si
x-
cl
as
s m

od
el
 (a
na
to
m
ic
 

re
gi
on
 c
la
ss
ifi
ca
tio
n)
: p
re
ci
si
on
 

57
%

, r
ec

al
l 7

1%
, F

1-
sc

or
e 

63
%

. A
na

to
m

ic
al

 re
gi

on
-b

as
ed

 
m

od
el

s p
er

fo
rm

ed
 b

et
te

r t
ha

n 
fr

ac
tu

re
 sh

ap
e-

ba
se

d 
m

od
el

s.

N
o 

hu
m

an
 

ob
se

rv
er

 c
om

-
pa
ris
on
; i
nt
er
na
l 

co
m

pa
ris

on
 o

f 
di
ffe
re
nt
 d
at
a 

pr
ep

ro
ce

ss
in

g 
an
d 
cl
as
si
fic
a-

tio
n 

st
ra

te
gi

es

Pr
ep

ro
ce

ss
in

g 
im

pr
ov

ed
 fr

ac
-

tu
re

 v
is

ib
ili

ty

V
in
ay
a-

ha
lin

ga
m

 
et

 a
l. 

[4
1]

To
 u

se
 v

is
io

n 
tra

ns
fo

rm
er

s f
or

 
de

te
ct

in
g 

an
d 

cl
as

si
fy

in
g 

m
an

-
di

bu
la

r f
ra

ct
ur

es
 

on
 p

an
or

am
ic

.

64
04

 p
an

or
am

ic
 

ra
di

og
ra

ph
s 

(1
62
4 
w
ith
 

fr
ac
tu
re
s, 
47
80
 

w
ith
ou
t)

Pa
no

ra
m

ic
 

ra
di
og
ra
ph
s (
PR

) 
fr

om
 a

 si
ng

le
 

in
st

itu
tio

n,
 a

nn
o-

ta
te

d 
fo

r f
ra

ct
ur

e 
pr

es
en

ce
 a

nd
 

ty
pe
 (a
ng
le
, c
on

-
dy

le
, c

or
on

oi
d,

 
pa

ra
m

ed
ia

n,
 

m
ed
ia
n,
 ra
m
us
)

Fa
st

er
 R

-C
N

N
 

w
ith

 S
w

in
 T

ra
ns

-
fo

rm
er

 b
ac

kb
on

e

M
an

di
bl

e
M

an
ua

l 
an

no
ta

tio
ns

 
by

 th
re

e 
or

al
 

an
d 

m
ax

ill
of

a-
ci

al
 su

rg
eo

ns
, 

co
nfi
rm
ed
 b
y 

cl
in

ic
al

 a
nd

 C
T 

fin
di
ng
s

B
in

ar
y 

fr
ac

tu
re

 d
et

ec
tio

n:
 

A
U

C
 0

.9
77

, F
1-

sc
or

e 
0.

94
7,

 
pr
ec
is
io
n 
0.
93
5,
 re
ca
ll 
0.
96
0;
 

m
ul

ti-
cl

as
s F

1 
sc

or
es

 ra
ng

ed
 

fr
om

 0
.6
0 
(c
or
on
oi
d)
 to
 0
.8
7 

(c
on
dy
le
)

N
o 

co
m

pa
ris

on
 

w
ith

 h
um

an
 

re
ad

er
 p

er
fo

r-
m
an
ce
; i
nt
er
na
l 

pe
rf

or
m

an
ce

 
co

m
pa

ris
on

 
ac

ro
ss

 a
na

to
m

i-
ca

l s
ub

re
gi

on
s

Fa
st

er
 R

-C
N

N
 

w
ith

 S
w

in
 T

ra
ns

-
fo

rm
er

 sh
ow

ed
 

hi
gh

 o
ve

ra
ll 

ac
cu
ra
cy
; l
ow

er
 

fo
r r

ar
e 

fr
ac

tu
re

 
ty

pe
s

Ta
bl

e 
2 
(c
on
tin
ue
d)
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St
ud

y 
ID

O
bj

ec
tiv

e
N

um
be

r o
f 

pa
tie

nt
 d

at
as

et
Ty

pe
 o

f s
am

pl
e/

da
ta

A
I M

od
el

Si
te

R
ef

. S
ta

nd
ar

d
Pe

rf
or

m
an

ce
C

om
pa

ra
to

r
K
ey
 fi
nd
in
gs

Je
on

g 
et

 
al

. [
18

]
To

 d
ev

el
op

 
an

d 
te

st
 a

 
Y
O
LO

X
 +
 G
ho
st

-
N

et
v2

 m
od

el
 fo

r 
na

sa
l f

ra
ct

ur
e 

de
te

ct
io

n.

43
 fr

ac
tu

re
 

pa
tie

nt
s +

 39
 c

on
-

tro
ls
; t
ot
al
 o
f 1
30
 

fr
ac

tu
re

 v
ie

w
s 

an
d 

11
7 

co
nt

ro
l 

im
ag

es

3D
 re

co
ns

tru
ct

ed
 

C
T 

sc
an

s 
(o
rth
os
ta
tic
, l
ef
t 

an
d 

rig
ht

 la
te

ra
l 

vi
ew

s)

Y
O

LO
X

 fo
r l

oc
al

-
iz

at
io

n 
fo

llo
w

ed
 

by
 G
ho
st
N
et
v2
 fo
r 

cl
as
si
fic
at
io
n

N
as

al
 b

on
e

D
ua

l r
ad

io
lo

-
gi

st
 c

on
se

ns
us

 
re

ad
in

g

A
I a

lo
ne

: A
cc

ur
ac

y 
97

.2
%

, 
Se
ns
iti
vi
ty
 9
5.
0%

, S
pe
ci
fic

-
ity
 9
5.
2%

;J
un
io
r +
 A
I: 
A
cc
 

96
.2
%
, S
en
s 8

5.
6%

, S
pe
c 

95
.1
%
;S
en
io
r +
 A
I: 
A
cc
 

99
.2

%
, S

en
s 9

6.
3%

, S
pe

c 
99
.1
%
;A
U
C
s:
 Ju

ni
or
 a
lo
ne
 

0.
78
7 
→
 +
A
I 0
.8
89
; S
en
io
r 

al
on
e 
0.
92
8 
→
 +
A
I 0
.9
79

Ju
ni

or
 a

nd
 

se
ni

or
 ra

di
-

ol
og

is
ts

 re
ad

in
g 

w
ith

 a
nd

 w
ith

-
ou

t A
I

Y
O
LO

X
 +
 G
ho
st

-
N

et
v2

 re
ac

he
d 

97

Se
ol

 e
t a

l. 
[2

4]
To

 b
ui

ld
 a

 3
D

 
C

N
N

 fo
r n

as
al

 
fr

ac
tu

re
 d

et
ec

tio
n 

fr
om

 C
T 

da
ta

.

25
35

 p
at

ie
nt

s 
(1
35
0 
no
rm
al
, 

11
85
 fr
ac
tu
re
s)
, 

ev
al

ua
te

d 
w

ith
in

 
2 

da
ys

 o
f t

ra
um

a 
on

se
t

3D
 re

co
ns

tru
ct

ed
 

fa
ci

al
 C

T 
im

ag
es

 
(is
ot
ro
pi
c 
vo
xe
l 

in
pu
t)

3D
-R

es
N

et
34

 a
nd

 
3D

-R
es

N
et

50
 

(s
in
gl
e 
ne
tw
or
k 

ap
pr
oa
ch
)

N
as

al
 b

on
e

R
ad

io
lo

gi
st

-
co
nfi
rm
ed
 

fr
ac

tu
re

 
st

at
us

 b
as

ed
 

on
 c

lin
ic

al
 C

T 
in

te
rp

re
ta

tio
n

3D
-R

es
N

et
50

: A
U

C
 9

4.
5%

, 
Se
ns
iti
vi
ty
 8
7.
5%

, S
pe
ci

-
fic
ity
 8
7.
8%

, A
cc
ur
ac
y 

87
.6
%
;3
D
-R
es
N
et
34
: A

U
C
 

93
.4
%
, S
en
si
tiv
ity
 8
6.
4%

, 
Sp
ec
ifi
ci
ty
 8
6.
8%

, A
cc
ur
ac
y 

86
.2
%

N
on
e 
(n
o 
hu
m
an
 

co
m
pa
ra
to
r)

3D
-R

es
N

et
50

 
ha

d 
A

U
C

 0

Ya
ng

 e
t 

al
. [

42
]

To
 a

ss
es

s a
 d

ee
p 

le
ar

ni
ng

 m
od

el
’s

 
pe

rf
or

m
an

ce
 in

 
de

te
ct

in
g 

na
sa

l 
fr

ac
tu

re
s a

nd
 a

id
-

in
g 

re
ad

er
s.

25
2 

pa
tie

nt
s 

ev
al

ua
te

d 
us

in
g 

C
T 
sc
an
s;
 

20
 re

ad
er

s 
pa

rti
ci

pa
te

d 
in

 
pe

rf
or

m
an

ce
 

as
se

ss
m

en
t

Fa
ci

al
 C

T 
sc

an
s 

(a
xi
al
 a
nd
 c
or
o-

na
l v
ie
w
s)

C
us

to
m

 C
N

N
-

ba
se

d 
fr

ac
tu

re
 

de
te

ct
io

n 
al

go
rit

hm

N
as

al
 b

on
e

D
ou

bl
e-

bl
in

de
d 

co
ns

en
su

s 
di

ag
no

si
s b

y 
tw

o 
ex

pe
rt 

ra
di

ol
og

is
ts

A
I a
lo
ne
: S
en
si
tiv
ity
 8
4.
8%

, 
Sp
ec
ifi
ci
ty
 8
6.
7%

, A
U
C
 0
.8
57
; 

R
ea

de
rs

 a
lo

ne
: S

en
si

tiv
-

ity
 8
3.
5 ±

 10
.2
%
, S
pe
ci
fic
ity
 

77
.6
 ±
 11
.4
%
, A

U
C
 0
.8
1 ±

 0.
10
; 

R
ea

de
rs

 w
ith

 A
I: 

Se
ns

iti
v-

ity
 9
4.
0 ±

 3.
2%

, S
pe
ci
fic
ity
 

89
.8
 ±
 6.
2%

, A
U
C
 0
.9
2 ±

 0.
04
 

(a
ll 
im
pr
ov
em

en
ts
 st
at
is
tic
al
ly
 

si
gn
ifi
ca
nt
, P
 <
 0.
00
1)

H
um

an
 re
ad
er
s 

w
ith

ou
t A

I 
as

si
st

an
ce

A
I e

nh
an

ce
d 

re
ad

er
 se

ns
iti

v-
ity
/s
pe
ci
fic
ity
, 

es
pe

ci
al

ly
 fo

r 
le

ss
 e

xp
er

ie
nc

ed
 

us
er

s

M
oo

n 
et

 
al

. [
19

]
To

 d
ev

el
op

 a
n 

ob
je

ct
 d

et
ec

tio
n 

m
od
el
 (Y

ol
oX

-S
) 

fo
r f

ac
ia

l b
on

e 
fr

ac
tu

re
 lo

ca
liz

a-
tio

n 
on

 C
T.

69
0 

pa
tie

nt
s f

or
 

tra
in
in
g 
(6
5,
20
5 

C
T 
im
ag
es
); 
50
 

fo
r v
al
id
at
io
n;
 4
0 

fo
r t
es
tin
g 
(n
as
al
 

an
d 

ot
he

r f
ac

ia
l 

bo
ne
 fr
ac
tu
re
s)
; 

≈5
,0
00
 fr
ac
tu
re
 

bo
un

di
ng

 b
ox

es
 

in
 to

ta
l

A
xi

al
 fa

ci
al

 b
on

e 
C

T 
im

ag
es

Yo
lo

X
-S

 o
bj

ec
t 

de
te

ct
io

n 
m

od
el

, 
op

tim
iz

ed
 w

ith
 

Io
U

 lo
ss

 a
nd

 
C
T-
sp
ec
ifi
c 

au
gm

en
ta

tio
n

Fa
ci

al
 

bo
ne

s 
(n
as
al
 a
nd
 

ot
he
rs
)

Pl
as

tic
 su

rg
eo

n-
co
nfi
rm
ed
 

bo
un

di
ng

 b
ox

 
an

no
ta

tio
ns

 o
n 

C
T 

im
ag

es

Av
er
ag
e 
Pr
ec
is
io
n 
(A
P)
: 

69
.8
%
; S
en
si
tiv
ity
/p
er
so
n:
 

10
0%

; S
ig
ni
fic
an
tly
 o
ut
pe
r-

fo
rm

ed
 b

as
el

in
e Y

ol
oX

-S
 b

y 
10

.2
%

 in
 A

P 
an

d 
66

.7
%

 in
 

se
ns

iti
vi

ty
/p

er
so

n

B
as

el
in

e Y
ol

oX
-

S 
w

ith
ou

t C
T-

sp
ec
ifi
c 
tu
ni
ng

Y
O

LO
X

-S
 

re
ac

he
d 

10
0%

 
pa

tie
nt

-le
ve

l s
en

-
si

tiv
ity

 w
ith

 fa
st

 
in
fe
re
nc
e 
(0

N
am

 e
t a

l. 
[2

7]
To

 v
al

id
at

e 
a 

C
N

N
 fo

r 
de

te
ct

in
g 

na
sa

l 
fr

ac
tu

re
s o

n 
ra

di
og

ra
ph

s v
s. 

ra
di

ol
og

is
ts

.

67
13

 p
at

ie
nt

s, 
sp

lit
 in

to
 tr

ai
n-

in
g 
(n
 =
 43
25
), 

va
lid

at
io

n 
(n
 =
 48
1)
, i
nt
er
na
l 

te
st
 (n
 =
 12
50
), 

an
d 

ex
te

rn
al

 te
st

 
(n
 =
 10
2)
 c
oh
or
ts

B
ila

te
ra

l n
as

al
 

bo
ne

 ra
di

og
ra

ph
s
Effi

ci
en
tN
et
-

B
7-

ba
se

d 
C

N
N

 +
 m

ul
til

ay
er

 
pe

rc
ep

tro
n

N
as

al
 b

on
e

Su
rg

ic
al

 
fin
di
ng
s a
nd
 

ra
di

ol
og

ic
al

 
co

ns
en

su
s

In
te

rn
al

 te
st

: A
U

C
 0

.9
31

, S
en

si
-

tiv
ity
 8
2.
2%

, S
pe
ci
fic
ity
 8
9.
6%

, 
A
cc
ur
ac
y 
85
.9
%
; E

xt
er
na
l t
es
t: 

A
U
C
 0
.8
57
, S
en
si
tiv
ity
 8
3.
1%

, 
Sp
ec
ifi
ci
ty
 8
3.
7%

, A
cc
ur
ac
y 

83
.3
%

Tw
o 

ra
di

ol
og

is
ts

 
(9
 a
nd
 6
 y
ea
rs
 

ex
pe
rie
nc
e)

C
N

N
 m

at
ch

ed
 

an
d 

ex
ce

ed
ed

 
ra

di
ol

og
is

t 
ac

cu
ra

cy

Ta
bl

e 
2 
(c
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St
ud

y 
ID

O
bj

ec
tiv

e
N

um
be

r o
f 

pa
tie

nt
 d

at
as

et
Ty

pe
 o

f s
am

pl
e/

da
ta

A
I M

od
el

Si
te

R
ef

. S
ta

nd
ar

d
Pe

rf
or

m
an

ce
C

om
pa

ra
to

r
K
ey
 fi
nd
in
gs

Ya
ri 

et
 a

l. 
[4

3]
To

 e
va

lu
at

e 
Y

O
LO

v5
 fo

r 
de

te
ct

in
g 

si
x 

m
an

di
bu

la
r 

fr
ac

tu
re

 ty
pe

s o
n 

pa
no

ra
m

ic
.

49
8 
pa
no
ra
m
ic
 

im
ag
es
 (6
73
 

an
no

ta
te

d 
fr
ac
tu
re
s)

Pa
no

ra
m

ic
 

ra
di
og
ra
ph
s (
JP
G
 

fo
rm
at
)

Y
O

LO
v5

 o
bj

ec
t 

de
te

ct
io

n 
m

od
el

 
w

ith
 b

ou
nd

in
g 

bo
x 

an
no

ta
tio

n

M
an

di
bl

e 
(s
ym

ph
y-

si
s, 

bo
dy

, 
an

gl
e,

 
ra

m
us

, c
on

-
dy

la
r n

ec
k,

 
co

nd
yl

ar
 

he
ad
)

Ex
pe

rt 
an

no
ta

-
tio

ns
 b

y 
or

al
 

an
d 

m
ax

ill
of

a-
ci

al
 su

rg
eo

ns

A
cc
ur
ac
y 
ra
ng
e:
 9
1.
5–
96
.2
%
; 

Se
ns
iti
vi
ty
 ra
ng
e:
 8
0.
0–
96
.7
%
; 

Sp
ec
ifi
ci
ty
 ra
ng
e:
 8
9.
8–
98
.9
%
; 

D
ic
e 
co
effi

ci
en
t r
an
ge
: 0
.7
06
–

0.
92
1;
 A
U
C
 ra
ng
e:
 0
.8
12
–0
.9
42
 

(b
es
t r
es
ul
ts
 fo
r b
od
y 
an
d 

sy
m
ph
ys
is
 fr
ac
tu
re
s)

N
on

e
Y

O
LO

v5
 

de
te

ct
ed

 si
x 

m
an

di
bu

la
r 

fr
ac

tu
re

 ty
pe

s 
w

ith
 9

1–
96

%
 

ac
cu

ra
cy

W
ar

in
 e

t 
al

. [
21

]
To

 c
om

pa
re

 
Fa

st
er

 R
-C

N
N

 
an

d 
R

et
in

aN
et

 fo
r 

m
id

fa
ci

al
 fr

ac
tu

re
 

de
te

ct
io

n 
on

 C
T.

20
00

 C
T 

im
ag

es
 

(1
00
0 
fr
ac
tu
re
s, 

10
00

 n
or

m
al

 
ca
se
s)
, s
pl
it 
in
to
 

tra
in

in
g,

 v
al

id
a-

tio
n,

 a
nd

 te
st

 se
ts

C
T 

sc
an

s o
f m

id
-

fa
ci

al
 b

on
es

Fa
st

er
 R

-C
N

N
 

(tw
o-
st
ag
e 
de
te
c-

to
r)
 a
nd
 R
et
i-

na
N
et
 (o
ne
-s
ta
ge
 

de
te
ct
or
)

M
id

fa
ce

C
lin

ic
al

 
di

ag
no

si
s a

nd
 

ra
di

ol
og

ic
al

 
fin
di
ng
s

Fa
st

er
 R

-C
N

N
: P

re
ci

si
on

 0
.7

2,
 

R
ec
al
l 0
.8
5,
 F
1-
sc
or
e 
0.
78
, A

P 
0.
79
, A

U
C
 0
.8
0;
 R
et
in
aN

et
: 

Pr
ec
is
io
n 
0.
94
, R

ec
al
l 0
.4
8,
 

F1
-s

co
re

 0
.6

4,
 A

P 
0.

47
, A

U
C

 
0.

46

R
et
in
aN

et
 (s
am

e 
da
ta
se
t)

Fa
st

er
 R

-C
N

N
 

ou
tp

er
fo

rm
ed

 
R

et
in

aN
et

 in
 

pr
ec

is
io

n/
re

ca
ll

Sh
an

 e
t a

l. 
[3

2]
To

 c
om

pa
re

 
Y

O
LO

v3
 a

nd
 

A
tte

nt
io

n 
U

-N
et

 
fo

r s
ku

ll 
fr

ac
tu

re
 

de
te

ct
io

n 
on

 C
T.

4,
78
2 
sk
ul
l 

fr
ac

tu
re

 
pa
tie
nt
s +
 7,
85
6 

he
al
th
y 
co
nt
ro
ls
; 

Ex
te

rn
al

 te
st

: 
23
5 
pa
tie
nt
s (
93
 

fr
ac

tu
re

s, 
14

2 
co
nt
ro
ls
)

C
ra

ni
al

 C
T 

bo
ne

 
al
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scans, which demonstrated strong diagnostic performance 
for calvarial fractures, including the frontal bone [44]. The 
model achieved an AUC of 0.92 in the Qure25k dataset 
and 0.96 in the CQ500 dataset, highlighting the potential 
of AI in detecting cranial vault fractures in trauma cases. 
Similarly, Wang et al. proposed a combined approach using 
YOLOv4 for fracture detection and ResUNet + + for skull 
segmentation on head CT images [45].

Zygomatic bone fractures

Among the included studies, only one reported AI perfor-
mance specific to zygomatic bone fracture detection. Tong 
et al. developed a deep learning pipeline that combined 

above 85%, with area under the curve (AUC) values fre-
quently exceeding 0.90. However, substantial heterogeneity 
was observed in terms of dataset size, annotation protocols, 
imaging modalities, and reported performance metrics, pre-
cluding the possibility of conducting a formal meta-analy-
sis. Summary of studies included in this systematic review 
can be seen in Table 2.

Frontal bone fractures

Two of the included studies specifically addressed fracture 
detection in the frontal bone region using deep learning 
approaches. Chilamkurthy et al. developed a multi-finding 
deep learning algorithm applied to non-contrast head CT 

Fig. 1  Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) flow diagram of this selected study
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both fracture detection and region-based accuracy. Shahn-
avazi and Mohamadrahimi (2023) applied a two-step hybrid 
model using U-Net for mandible segmentation and Faster 
R-CNN for fracture detection, achieving high diagnostic 
accuracy while minimizing false positives through region-
focused analysis [30]. Van Nistelrooij et al. introduced Jaw-
FracNet, a multi-stage neural network involving mandible 
segmentation, fracture segmentation, and classification on 
CBCT scans [33]. The model demonstrated reliable identi-
fication of fracture subtypes across mandibular regions with 
improved interpretability. Son et al. used YOLOv4-based 
models on panoramic images, incorporating luminance 
adaptation transforms (LAT, MLAT) to enhance contrast, 
and paired it with U-Net for fracture line segmentation [31, 
40]. These adaptations improved both visual interpretability 
and detection metrics. Wang et al. implemented patch-based 
ResNet-50 classification after mandibular segmentation 
with U-Net, allowing high-accuracy classification by focus-
ing only on relevant bone structures [25]. Yari et al. applied 
YOLOv5 to annotate bounding boxes for mandibular frac-
tures on panoramic radiographs, achieving balanced sensi-
tivity and specificity [43].

Fractures in proximity

Some included studies addressed the detection of fractures 
occurring in close anatomical proximity, such as multi-
site midfacial injuries or fractures spanning adjacent bone 
regions, though few provided detailed region-by-region 
analysis. Warin et al. used object detection models (Faster 
R-CNN and RetinaNet) on midfacial CT scans and reported 
balanced detection performance for multiple facial regions, 
but without specific breakdowns for overlapping anatomi-
cal zones [20, 21]. Shan et al. evaluated a hybrid model 
(YOLOv3 + Attention U-Net) for skull fracture detection 
on head CTs, achieving high performance (AUC > 0.97), 
yet results were reported as overall skull fractures, without 
analysis of border zones such as the orbital rim or fronto-
zygomatic suture [32]. Son et al. applied YOLOv4 with 
luminance adaptation and U-Net segmentation to detect 
mandibular fractures near the angle and ramus, which may 
border parotid and submandibular regions, though no dis-
tinction was made for overlapping anatomical involvement 
[40].

Risk of bias and quality assessment

The risk of bias and applicability concerns for the included 
studies were assessed using the QUADAS-2 tool [47]. 
Among the 23 included studies, overall methodological 
quality was acceptable. All studies were judged to have low 
risk of bias and low applicability concerns in the patient 

U-Net for anatomical segmentation of the zygomatic region 
with a ResNet-34 classifier for detecting fractures on CT 
images [29]. The model achieved an overall classification 
accuracy of 88.1%, with a sensitivity of 88.5% and specific-
ity of 87.5%, indicating balanced diagnostic performance. 
The segmentation step was designed to isolate the zygo-
matic area to improve the relevance of feature extraction for 
the classification model. This study demonstrated that com-
bining segmentation and classification can enhance fracture 
detection in localized, anatomically complex facial regions 
such as the zygoma. Warin et al., for instance, applied object 
detection models (Faster R-CNN and RetinaNet) to midfa-
cial CT data, but did not report performance by individual 
bone structures [20, 21].

Nasal bone fractures

Several studies in this review specifically targeted nasal 
bone fracture detection using deep learning models, primar-
ily on CT imaging. Jeong et al. implemented a two-stage 
pipeline that combined YOLOX for fracture localization 
and GhostNetv2 for classification, reporting a diagnos-
tic accuracy of 97.2% [18]. Notably, the system improved 
diagnostic performance among less experienced readers, 
demonstrating its potential as a decision-support tool. Seol 
et al. utilized 3D-ResNet34 and 3D-ResNet50 models for 
direct nasal fracture classification on 3D CT images. Their 
best-performing model achieved an area under the curve 
(AUC) of 0.945, with a sensitivity of 85.3% and specificity 
of 90.3%, highlighting the feasibility of using volumetric 
classification networks in fracture detection. Nam et al. also 
applied an EfficientNet-B7 combined with a multilayer per-
ceptron for nasal fracture classification on plain radiographs 
[27]. Their model yielded robust performance in both inter-
nal and external test sets, achieving an AUC of 0.88 and an 
overall accuracy of 87.5%. Additionally, Yang et al. devel-
oped a custom CNN architecture trained on CT images that 
achieved competitive sensitivity and specificity in detecting 
nasal fractures [46].

Mandibular fractures

Mandibular fracture detection was the most extensively 
studied application of AI across the included articles, 
reflecting the clinical importance and diagnostic challenge 
of identifying mandibular injuries on panoramic radio-
graphs and CT scans. Mao et al. conducted a comprehensive 
comparison of object detection models, including YOLOv3, 
YOLOv4, YOLOv5-TRS, CenterNet, and Faster R-CNN, 
for mandibular fracture localization on panoramic images 
[39]. YOLOv5-TRS achieved the highest precision (89.7%) 
and sensitivity (92.3%), outperforming other models in 
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an enhanced YOLOv5-TRS model outperformed YOLOv3/
v4, Faster R-CNN, and CenterNet in mandibular fractures 
on panoramic radiographs [39]. Warin et al. found Faster 
R-CNN delivered higher sensitivity and F1-scores than 
RetinaNet in midfacial CT [20, 21], while Moon et al. lever-
aged CT-specific augmentations with YOLOX-S to achieve 
100% patient-level sensitivity [19].

Beyond craniofacial trauma, similar methods have dem-
onstrated clinical impact in other anatomical regions [50]. 
Pranata et al. combined ResNet and VGG CNNs with 
Speeded-Up Robust Features (SURF) to detect calcaneal 
fractures in CT, achieving classification accuracy of 98% 
and successful localization of fracture sites [51]. In thoracic 
imaging, Meng et al. implemented a cascaded feature pyr-
amid network for rib fracture detection on chest CT; this 
model improved junior radiologists’ recall from 0.812 to 
0.922 (p < 0.001) and reduced interpretation time from 158 
to 42 s [52]. In pelvic trauma, a YOLOv4-based system with 
DenseNet backbone matched clinician-level performance 
in detecting hip and pelvic fractures on radiographs [53]. 
Collectively, these studies validate the generalizability and 
clinical relevance of object detection models across com-
plex fracture scenarios [54–57]. Despite these promising 
results, limitations are consistent across studies: retrospec-
tive designs, heterogeneity in dataset scaling and annotation 

selection domain. The index test domain showed the high-
est number of “unclear” ratings (n = 5; Mortezaei et al. [38], 
Morita et al. [15], Nishiyama et al. [26], Shahnavazi et al. 
[30], and Son et al. [40]), largely due to insufficient report-
ing of whether AI interpretations were conducted blinded to 
the reference standard. The reference standard domain had 
two studies (Mortezaei et al. [38], Nishiyama et al. [26]) 
with unclear risk, stemming from limited details about how 
ground truth was defined. In summary, most studies dem-
onstrated low risk of bias and applicability concerns. The 
risk of bias and the factors considered for the analysis are 
presented in Table 3.

Discussion

Object detection models

In this review, object detection networks emerged as the 
predominant AI tools for facial fracture detection, most 
notably the YOLO series (v3–v8) [48] and Faster R-CNN, 
which provided precise localization of fractures across 
diverse imaging modalities [49]. These models are typi-
cally deployed within a structured diagnostic pipeline, as 
illustrated in Fig. 2. For example, Mao et al. showed that 

Table 3  Risk of bias assessment of studies included
Study ID Risk of Bias Applicability Concerns

Patient Selection Index Test Reference 
Standard

Flow and 
Timing

Patient 
Selection

Index Test Reference 
Standard

Mortezaei et al. [38] ⊕ ⨂ ⨂ ⊕ ⊕ ⊝ ⊕
Warin et al. [20] ⊕ ⊕ ⊕ ⊕ ⊕ ⊕ ⊕
Mao et al. [39] ⊝ ⊕ ⨂ ⨂ ⊕ ⊕ ⨂
Morita et al. [15] ⊕ ⨂ ⨂ ⊕ ⊕ ⊕ ⊕
Anderson et al. [22] ⊕ ⊕ ⊕ ⊕ ⊕ ⊕ ⊕
van Nistelrooij et al. [33] ⊕ ⊕ ⊕ ⊕ ⊕ ⊕ ⊕
Wang et al. [25] ⊕ ⊕ ⊕ ⊕ ⊕ ⊕ ⊕
Nishiyama et al. [26] ⊕ ⨂ ⊕ ⊕ ⊕ ⊕ ⊕
Tong et al. [29] ⊝ ⊕ ⨂ ⨂ ⊕ ⊕ ⨂
Son et al. [31] ⊕ ⨂ ⊕ ⊕ ⊕ ⊕ ⊕
Shahnavazi et al. [30] ⊝ ⊕ ⨂ ⨂ ⨂ ⊕ ⊕
Son et al. [40] ⨂ ⊕ ⨂ ⨂ ⊕ ⊕ ⊕
Vinayahalingam et al. [41] ⊕ ⊕ ⊕ ⊕ ⊕ ⊕ ⊕
Jeong et al. [18] ⊝ ⊕ ⨂ ⨂ ⊕ ⊕ ⊕
Seol et al. [24] ⨂ ⊕ ⨂ ⨂ ⊕ ⊕ ⊕
Yang et al. [42] ⊝ ⊕ ⨂ ⨂ ⨂ ⊕ ⨂
Moon et al. [19] ⊕ ⨂ ⊕ ⊕ ⊕ ⊕ ⊕
Nam et al. [27] ⨂ ⊕ ⊕ ⊕ ⊕ ⊕ ⊕
Yari et al. [43] ⊕ ⊕ ⨂ ⊕ ⊕ ⊕ ⊕
Warin et al. [21] ⊝ ⊕ ⨂ ⨂ ⊕ ⊕ ⨂
Shan et al. [32] ⊝ ⊕ ⊕ ⨂ ⊕ ⊕ ⨂
Chilamkurthy et al. [44] ⊕ ⊕ ⊕ ⊕ ⊕ ⊕ ⊕
Wang et al. [45] ⊕ ⨂ ⨂ ⊕ ⊕ ⊕ ⊕

⊕ Low ⨂ Unclear ⊝ High
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have not been tested in prospective real-world settings, and 
few provide interpretability mechanisms critical for clini-
cian acceptance [67].

Segmentation models

Segmentation models have become integral in fracture 
detection by precisely delineating anatomical structures 
and fracture zones—an essential step in clinical decision-
making and treatment planning [68–72]. Across our review, 
U-Net and its variants predominated. For instance, Wang et 
al. used U-Net to segment the mandible on CT images prior 
to ResNet-50-based classification, significantly boosting 
diagnostic accuracy by focusing analysis on relevant struc-
tures [25]. Tong et al. mirrored this strategy in the zygo-
matic region, achieving an overall classification accuracy of 
88.1% (sensitivity 88.5%, specificity 87.5%) on CT scans 
[29]. Shahnavazi et al. improved detection precision on 
panoramic radiographs by combining U-Net mandible seg-
mentation with Faster R-CNN [30]. Son et al. took a hybrid 
approach, using luminance-adapted YOLOv4 for detection 
followed by U-Net to segment fracture lines, resulting in 
clearer and more targeted localization [31]. Most notably, 
Shan et al. employed an Attention U-Net tailored for skull 
fracture segmentation on CT, outperforming a YOLOv3 
object detector—with sensitivity and specificity of 82.8% 
and 88.7%, respectively—highlighting the advantages of 
detailed segmentation in anatomically complex areas [32].

These findings mirror broader trends in medical imag-
ing. In pelvic X-rays, Attention U-Net and Swin U-Net sig-
nificantly outperformed standard U-Net, with Swin U-Net 
achieving a sensitivity of 96.8%, specificity of 98.5%, 
accuracy of 98.0%, and Dice coefficient of 96.3% across 
940 cases [73]. Segmentation-based approaches have also 
demonstrated high performance in other clinical imag-
ing domains. In cervical spine X-rays, an Attention U-Net 
model achieved a sensitivity of 90.44%, specificity of 
99.51%, Dice score of 89.41%, and overall accuracy of 
99.13% for bone structure segmentation across 193 test sub-
jects [74]. In large-scale studies of femur segmentation from 
MRI—with over 11,000 scans—Attention U-Net achieved 
Dice scores up to 0.954, outperforming conventional U-Net 
and even vision transformer methods [75]. These real-world 
values underscore that segmentation augmented with atten-
tion or transformer-based encoder improves bone delinea-
tion across anatomies.

Despite their promise, segmentation models require 
extensive manual annotations and carry high computational 
costs, which may limit scalability. Additionally, few stud-
ies perform external validation or deploy real-time pipe-
lines. To bridge this gap, future research should emphasize 
semi-supervised annotation methods, multimodal U-Net 

methods, insufficient external validation, and limited inte-
gration into clinical workflows [58].

Classification networks

On the other hand, classification networks excel at distin-
guishing fractured from non-fractured facial bones, achiev-
ing high diagnostic performance in curated datasets, despite 
lacking localization capabilities. Mortezaei et al. evaluated 
seven architectures—including VGG16/19, MobileNet, 
Xception, ResNet50V2, InceptionV3, and Swin Trans-
former—on lateral X-rays for nasal fracture detection [23]. 
Swin Transformer achieved the highest AUC (~ 0.93), with 
most models recording diagnostic accuracies above 90%. 
Seol et al. applied 3D-ResNet34/50 to CT volumes, achiev-
ing an AUC of 0.945, demonstrating that volumetric clas-
sification is effective even without explicit segmentation 
[24]. In CT-based mandibular fracture analysis, Wang et 
al. reported high sensitivity using a patch-based ResNet-50 
method [25]; Nishiyama et al. achieved moderate accuracy 
with AlexNet for condylar fracture detection on panoramic 
images [26]. Additionally, Yang et al. implemented a custom 
CNN yielding improved sensitivity and specificity for nasal 
fractures [42], while Nam et al. reported AUCs exceeding 
0.85 using EfficientNet-B7 with a multilayer perceptron 
on plain radiographs [27]. Though classification networks 
offer rapid, accurate screening capabilities, their inability 
to pinpoint fracture location limits their utility in clinical 
decision-making [59–61].

Similar roles of classification models in screening for 
fractures have been demonstrated in other anatomical con-
texts. In distal radius fracture detection, a two-stage pipeline 
consisting of a YOLOv5-based region proposal network fol-
lowed by EfficientNet-B3 classification achieved an AUC of 
0.82, accuracy of 81%, sensitivity of 83%, and specificity of 
73% for differentiating intra- from extra-articular fractures 
[62, 63]. A wrist radiograph classification model using vari-
ous CNN architectures (DenseNet121, ResNet50, VGG-19, 
InceptionV3) demonstrated high AUCs between 0.936 and 
0.941 for fracture identification and AUCs of 0.96 for sub-
type classification [64]. Another study applying Explainable 
AI (Grad-CAM) achieved AUCs of 0.967–0.975, sensitivi-
ties above 93%, and specificities above 94% on wrist X-rays 
[65]. In pediatric wrist trauma, a fine-grained CNN using 
limited data achieved 97% sensitivity and nearly 86% accu-
racy, aided by Grad-CAM heatmaps [66].

These external studies echo our findings—classification 
models can approach specialist-level accuracy in fracture 
screening, given sufficient dataset quality. However, com-
mon limitations include reliance on well-annotated, homo-
geneous cohorts and lack of localization capacity, which 
hinders clinical decision support. Furthermore, most models 
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and supporting literature underscore the need for larger 
annotated datasets and streamlined architecture. Moreover, 
explainability, real-time application, and prospective clini-
cal validation remain underexplored. Future work should 
aim to rigorously compare hybrid versus single-stage mod-
els in multi-center trials, implement explainable AI meth-
ods, and directly assess their impact on clinical metrics such 
as diagnostic speed and accuracy.

Explainability and interpretability in facial fracture 
detection models

Although most reviewed AI models reported high diagnos-
tic accuracy, a notable limitation was the lack of explain-
ability mechanisms. None of the included studies employed 
visualization or model-agnostic tools such as Grad-CAM 
[80], SHAP [81], or LIME [82], which are increasingly rec-
ognized as essential components of clinical AI systems [83].

Grad-CAM has become a prevalent method in muscu-
loskeletal AI studies to generate visual attention maps that 
align with expert interpretation [64]. For instance, a two-
stage ensemble model combining YOLOv5 and Efficient-
Net-B3 on distal radius fractures achieved an AUC of 0.82 
and used Grad-CAM overlays to visually confirm fracture 
localization on wrist radiographs [64]. Similarly, Kim et al. 
used Grad-CAM in a hip fracture detection CNN, aiding 
interpretation and reducing model opacity [84].

Furthermore, a DenseNet-161/ResNet-152 ensemble in 
emergency wrist trauma achieved AUCs of 0.962 and 0.947, 
respectively, with Grad-CAM highlighting fracture regions 
and achieving test accuracy of ~ 90% [85]. A recent fine-
grained ensemble study using Grad-CAM on wrist pathol-
ogy X-rays underscored its value in enhancing classification 
accuracy from subtle visual cues [62]. Another study by 
Abdelrahman et al. employed SHAP in breast cancer mam-
mography classification, achieving AUCs above 0.90 while 
identifying key pixel-level drivers of predictions [86]. 
Figure 3 consolidates the primary insights and challenges 
related to AI models in facial fracture detection, including 
data quality, model performance, clinical applicability, and 
research gaps.

The key methodological trends and translational barriers 
in AI-assisted facial-fracture diagnosis can be seen in Fig. 
3. The predominant algorithmic paradigms (object detec-
tion, classification, and segmentation) deployed across CT, 
CBCT, and radiography, and the anatomical emphasis of 
current work (mandible, nasal, zygomatic, frontal), where 
many studies report strong internal performance (balanced 
sensitivity/specificity and AUCs) but are based largely 
on single-centre, retrospective cohorts [7, 23, 42, 45, 85]. 
These strengths are juxtaposed with recurrent limitations—
heterogeneous and labor-intensive annotation practices, 

innovations incorporating attention mechanisms, and 
streamlined models for integration into clinical imaging 
workflows.

Hybrid and multi-stage approaches

Hybrid AI architectures that integrate segmentation, object 
detection, and classification have shown marked improve-
ments in facial fracture diagnosis by leveraging each meth-
od’s strengths [6]. Among the studies in our review, Jeong 
et al. implemented a two-stage process where YOLOX 
localized the nasal bone and GhostNetv2 then classified the 
presence [31]of fractures, yielding a diagnostic accuracy of 
97.2% [18]. This approach also significantly enhanced the 
performance of less experienced readers. Van Nistelrooij et 
al. presented JawFracNet, a three-stage pipeline built upon 
CBCT images comprising mandible segmentation, fracture 
segmentation, and final classification; this model demon-
strated superior fracture delineation and improved accuracy 
for small or complex mandibular breaks [33]. Similarly, 
Shahnavazi & Mohamadrahimi (2023) combined U-Net 
segmentation with Faster R-CNN detection to reduce irrel-
evant false positives in panoramic radiographs [30]. Son et 
al. enhanced YOLOv4 with luminance-adaptation prepro-
cessing and added U-Net for segmenting fracture lines, bal-
ancing improved sensitivity with anatomical precision [31]. 
Wang et al. used a segmentation-first strategy to isolate the 
mandibular region before applying a ResNet-50 classifier, 
which reduced background interference and enhanced over-
all diagnostic accuracy [25].

These facial-focused hybrid models align with suc-
cessful multi-stage approaches in other medical domains. 
For instance, Jia et al. developed an attention-based cas-
cade R-CNN to detect sternal fractures on chest X-rays, 
achieving a mean average precision (mAP) of 0.71, preci-
sion of 0.90, and recall of 0.85—substantially higher than 
the baseline cascade R-CNN (precision 0.82, recall 0.77) 
[76]. A distal radius fracture study using RetinaNet, Faster 
R-CNN, and Cascade R-CNN also demonstrated high diag-
nostic AUCs (0.9706, 0.9658, 0.9644 respectively), with an 
ensemble model improving AUC to 0.9703 and accuracy to 
97.6% [77]. Similarly, automated scaphoid fracture detec-
tion systems employing segmentation followed by detection 
achieved segmentation DSCs of ~ 97.4%, HD ~ 1.3 mm, 
AUC ~ 0.87, and sensitivity of 65% at a fixed specificity of 
95%—matching or exceeding radiologist performance [78]. 
Another study using YOLOv8 for hip fracture detection 
reported a classification AUC of 0.981 and fracture segmen-
tation Dice of ~ 0.77 [79].

Despite these promising outcomes, multi-stage systems 
face hurdles related to computational demand, complexity 
in annotation, and workflow integration. Both our review 
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Fig. 3  Summary of key aspects in 
AI-based facial fracture detection
 

Fig. 2  AI-Based Diagnostic 
Workflow for Automated Detec-
tion of Facial Bone Fractures 
from Radiographic Images
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limited cross-site benchmarking, scarce external validation, 
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