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Abstract: This article aims to review the literature, study the
current situation of using 3D images and artificial intelligence-
assisted methods to improve the rapid and accurate classi-
fication and diagnosis of condylar fractures and conduct a meta-
analysis of mandibular fractures. Mandibular condyle fracture
is a common fracture type in maxillofacial surgery. Accurate
classification and diagnosis of condylar fractures are critical to
developing an effective treatment plan. With the rapid devel-
opment of 3-dimensional imaging technology and artificial in-
telligence (Al), traditional x-ray diagnosis is gradually replaced
by more accurate technologies such as 3-dimensional computed
tomography (CT). These emerging technologies provide more
detailed anatomic information and significantly improve the
accuracy and efficiency of condylar fracture diagnosis, espe-
cially in the evaluation and surgical planning of complex frac-
tures. The application of artificial intelligence in medical
imaging is further analyzed, especially the successful cases of
fracture detection and classification through deep learning
models. Although AI technology has demonstrated great po-
tential in condylar fracture diagnosis, it still faces challenges
such as data quality, model interpretability, and clinical vali-
dation. This article evaluates the accuracy and practicality of Al
in diagnosing mandibular fractures through a systematic review
and meta-analysis of the existing literature. The results show
that Al-assisted diagnosis has high prediction accuracy in de-
tecting condylar fractures and significantly improves diagnostic
efficiency. However, more multicenter studies are still needed to
verify the application of Al in different clinical settings to
promote its widespread application in maxillofacial surgery.

Key Words: Artificial intelligence, diagnosis, fracture, man-
dibular condyle, precision medicine

Mandibular condylar fractures account for a large pro-
portion of maxillofacial fractures. The latest research
shows that the proportion of condylar fractures in mandibular
fractures ranges from 16.5% to 56%.! The incidence of single
unilateral and bilateral condylar fractures is about 17%,
whereas the proportion of condylar fractures in multiple man-
dibular fractures is as high as 63%. The “Expert Consensus on
the Diagnosis and Treatment of Condylar Fractures in Adults”
released by China in 2023 pointed out that condylar fractures
account for about 24.2% to 29.7% of mandibular fractures, and
the ratio of unilateral to bilateral occurrence is about 2.6 to
3.1:1.2 The high incidence and prevalence of condylar fractures
highlight their importance in maxillofacial surgery.

The accurate classification and diagnosis of condylar frac-
tures is challenging, mainly because of the special anatomy of
the mandibular condyle, the maxillary artery, parotid nerve,
auriculotemporal nerve, and facial nerve, as well as the tem-
poromandibular joint, and the characteristics of different types
of fractures.! The specific location, displacement, degree,
number and type of condylar fractures are affected by the di-
rection, magnitude and location of the external force and the
traction of the muscles around the condyle.? This makes diag-
nosis and classification more complicated.>

Different types and locations of condylar fractures may re-
quire different treatment strategies,* ranging from nonsurgical
management to complex surgical interventions. Because of the
difficulty of surgery and the potential risk of complications,
choosing the appropriate treatment method is crucial to opti-
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mize the patient’s treatment and recovery.® Studies have shown
that some patients with condylar head fracture (CHF) do not
receive open surgery in their treatment options, which may miss
the best time.® Experts and surgeons participating in the study
unanimously recognized its effectiveness. The pathogenesis after
fracture, including bone resorption, bone deformity, and scar
formation, also requires accurate diagnosis to formulate a rea-
sonable treatment plan.®

There is still a lack of unified standards for the classification
and terminology of mandibular condylar fractures. Since Ma-
cLennan first proposed the 4-type classification system in 1952,7
the classification of condylar fractures has been evolving. New
classification methods have been proposed by Spiessl,® Lindahl,
the Groningen International Consensus Conference in the
Netherlands,” and the Strasbourg Osteosynthesis Research
Group (SORG).!? In particular, the 1999, 2005 and 2014 clas-
sifications are widely used!! (Figure 1). Although these
classifications are widely used, they are subjective and have
limitations. Therefore, there is an urgent need for a more
accurate and objective classification system in the field of
maxillofacial surgery to achieve more precise diagnosis and
treatment.

Since the birth of computed tomography CT technology in
1971, maxillofacial diagnosis, especially the imaging diagnosis
of mandibular condylar fractures, has undergone significant
changes. Traditional x-rays can only provide 2-dimensional
views, which can easily miss diagnosis when complex fractures
or condylar areas overlap. However, 3-dimensional CT and
CBCT technology can provide more detailed 3-dimensional
images, significantly improving diagnostic accuracy, especially
in complex fractures. plays an important role in assessment!?
and surgical planning.'3 These technologies can not only ac-
curately display the location'* and morphology of fractures,'*
but also capture information about surrounding soft tissues
such as muscles, ligaments, and nerves, which helps to assess
healing and predict complications.!> Although 3-dimensional
imaging technology has significant advantages in maxillofacial
diagnosis, in practical applications, doctors may encounter
difficulties in unclear fracture boundaries.!® In addition, the
limited availability of 3D CT in certain regions has hampered its
widespread use as a routine diagnostic tool.!”

Deep learning is an advanced machine learning algorithm. '8
From the early decision tree, support vector machine, naive
Bayes algorithm to artificial neural network, it has important
significance in the field of medical image processing and
analysis.'®20 Convolutional Neural Network (CNN) is one of
the most widely used deep learning models and is good at
processing 2-dimensional or 3-dimensional images. CNN re-
duces spatial dimensions through pooling layers, has strong
generalization ability, and can extract features from large-scale
data, but has limitations in identifying image spatial relation-
ships and rotating objects.2!?2 U-Net is an improved CNN

FIGURE 1. (A) Condylar neck fracture, (B) condylar base fracture, (C)
capitellum fracture (through the condylar head).

2

model designed for medical image segmentation!®and can ac-
curately identify image boundaries. Multiscale learning models
(such as MS-D CNN) can provide accurate segmentation results
even in small sample cases.’? In addition, the “look once”
(YOLO)-based method significantly improves the diagnostic
efficiency and accuracy of condylar fractures.?

Artificial intelligence has made significant progress in the
detection and classification of fractures. Through deep learning
models such as convolutional neural networks (CNN),2* AI can
automatically locate and classify fractures in whole-body CT
images with an accuracy comparable to clinical experts?
Studies have shown that DenseNet-169 and Faster R-CNN
perform well in maxillofacial fracture -classification and
detection.?6

Although deep learning has great potential in image analysis,
it still faces some limitations. Deep learning relies on a large
amount of high-quality data, and the diagnosis of complex or
rare cases is challenging. The interpretability and transparency
of the model are also key issues.

Deep learning, as the core of Al, has been widely used in
fields such as organ segmentation, cancer diagnosis,?® retinal
lesion detection, and maxillofacial surgery fractures.?’ In par-
ticular, the high sensitivity>® and accuracy of the CNN model?®
in the detection of mandibular condylar fractures shortens CT
interpretation time and reduces missed diagnoses.3! Although
widespread clinical application has not yet been achieved, the
value of AI in automatic lesion detection has been recognized?’
In recent years, the application of artificial intelligence (Al) in
the diagnosis of maxillofacial fractures has made significant
progress.>? The 3-dimensional algorithm accurately measures
the condylar fracture volume and combines 3-dimensional CT
and DICOM data for semi-automatic image segmentation,?’
which helps to evaluate the relationship between fracture re-
construction, function and pain.3

In this review, we attempted to review the literature on the
application of Al algorithms in mandibular condylar fractures,
but almost no one has published relevant literature, and con-
dylar fractures are part of mandibular fractures. Therefore, we
expanded the search scope and reviewed the relevant literature
on the application of Al algorithms to CT images in mandibular
fractures, aiming to evaluate the accuracy and practicality of Al
in imaging for mandibular fractures.

MATERIALS AND METHODS

Search Strategy and Study Selection

A systematic review of all relevant studies published from
the inception of the databases to April 17, 2024 was performed
using PubMed, Web of Science, Embase, and the Cochrane
Library. The Preferred Reporting Items for Systematic Re-
views and Meta-analyses (PRISMA) 2020 reporting guideline
was used to design the review.3* The inclusion criteria and
analysis plan were decided a priori registered on PROSPERO.
In each database, the following keyword combinations were
searched and manually screened to identify relevant articles:
(1) condylar fracture AND machine learning OR ML OR
deep learning OR artificial intelligence OR AI OR convolu-
tional neural network OR CNN OR Neural Networks OR
you only look one OR YOLO OR computer. (2) Mandibular
fractures AND machine learning OR ML OR deep learning
OR artificial intelligence OR AI OR convolutional neural
network OR CNN OR Neural Networks OR you only look
one OR YOLO OR computer.

Copyright © 2025 by Mutaz B. Habal, MD
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Eligibility Criteria and Data Extraction

Research on fracture diagnosis in mandibular imaging using
artificial intelligence methods. The authors screened out imag-
ing films of CT images. Original articles. If unpublished articles
were retrieved, we would contact the authors.

The research data were independently extracted using a
template data extraction form, including the source journal
name (country), study design, publication year, sample size,
output image, image quality, fracture type and location, Al
name, diagnostic accuracy, and sensitivity.

Case reports, abstracts, and literature reviews were excluded.

Doctor Junping Zhen and Xuejiao Jia Physician were in-
dependent reviewers who screened and verified the literature
retrieved by the authors based on the article topic and the in-
clusion and exclusion criteria of the article, and negotiated with
Doctor Bin Zhao, the third reviewer, to resolve the conflict of
whether the literature was adopted or not, and extracted rele-
vant data at the same time. Figure 2 shows a flow chart of the
experimental research process.

Literature Search

Supplemental Fig. 1 Flow diagram of the search and in-
clusion process, Supplemental Digital Content 1, http://links.
lww.com/SCS/130.

In the sample selection process, we first searched the data-
base using the search terms “mandibular fracture” and “man-
dibular condyle fracture”. A total of 1186 documents were
found, and 0 documents were found in other libraries, for a total
of 1186 documents. 1070 irrelevant documents were excluded.
The full texts of the remaining 14 documents were more suit-
able, but 5 of them were excluded because they did not contain
content about mandibular fracture or mandibular condyle
fracture. When extracting data later, 2 documents were ex-
cluded because no relevant data was found, leaving 7 docu-
ments that met the requirements (Supplemental
Table 1).23,26,30,35—38
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FIGURE 2. Flow diagram of the search and inclusion process.
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Data Extraction

Supplemental Table 1. Included studies on the application of
artificial intelligence in CT images for the diagnosis of man-
dibular fractures and condylar fractures, Supplemental Digital
Content 5, http:/links.lww.com/SCS/I34.

Meta-Combined Effect Size

The data used in this article are a single-arm experiment with
a ratio as the indicator.

A single-arm trial refers to a clinical trial in which all sub-
jects are in the same observation group and no other ex-
perimental group or control group is set up. Single-arm trial
meta-analysis is a quantitative comprehensive analysis of all
single-arm trials with the same purpose.

Number of studies: k = 7

Number of observations: O = 5161

Number of events: e = 4299

proportion
0.8115[0.7998; 0.8227]
0.9271 [0.8682; 0.9608]

95%—CI
Common effect model
Random effects model
Quantifying heterogeneity:
tau® = 0.6240 [0.1955; 3.7144]; tau = 0.7899 [0.4421; 1.9273]
12 = 96.5% [94.6%; 97.7%]; H = 5.34[4.30; 6.63]

In the above results, the last one is the heterogeneity test. The
P-value is <5%, indicating that there is heterogeneity. The
random effects model should be used, and P is relatively large.

The combined prediction accuracy is 0.9271, the confidence
interval is [0.8682, 0.9608], and the combined effect size is the
proportion in the first column (Supplemental Table 2, Supple-
mental Digital Content 6, http://links.lww.com/SCS/I35).

Supplemental Table 2. The proportions after the meta-het-
erogeneity test are as follows: Supplemental Digital Content 6,
http://links.lww.com/SCS/135.

Supplemental Fig. 2 Heterogeneity forest plot of mandibular
fracture and condylar fracture deep learning detection reports,
Supplemental Digital Content 2, http://links.lww.com/SCS/131.

Supplemental Fig. 2, Supplemental Digital Content 2, http:/
links.lww.com/SCS/I31 In the forest plot, studies 1 to 7 repre-
sent the 7 selected studies, events represent the correctly pre-
dicted fracture images, and total represents the total number of
images. Proportion represents the proportion of correctly pre-
dicted fractures in the total number of images. Weight repre-
sents the method of merging the effects of the random
effects model.

Publication Bias Detection
The P-value of Egger test®® was 0.0213, which was <5%,
indicating that there was publication bias.

Funnel Chart

Supplemental Fig. 3 Funnel plot for detecting publication
bias in mandibular fractures and condylar fractures using arti-
ficial intelligence, Supplemental Digital Content 3, http:/links.
Iww.com/SCS/132.

As can be seen from the Supplemental Fig. 3, Supplemental
Digital Content 3, http://links.Iww.com/SCS/I32, most of the
points are concentrated on the right side, which is not sym-
metrical. If it is a funnel plot without publication bias, it should
be a symmetrical funnel-shaped scattered point distribution on
both sides. Combined with the Egger test, it can be known that
there is indeed a publication bias.
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Sensitivity Analysis

Supplemental Table 3 Sensitivity analysis for artificial in-
telligence detection of imaging images, Supplemental Digital
Content 7, http:/links.lww.com/SCS/I36.

Through sensitivity analysis, we can know that excluding
one sample will not improve heterogeneity and publication bias
(Supplemental Table 3, Supplemental Digital Content 7, http:/
links.lww.com/SCS/136).

Cut and patch method

Number of studies: k=11 (with 4 added studies)

proportion 95% CI

Random effects model 0.8273 [0.6392; 0.9283]

Quantifying heterogeneity:

tau?=2.5591 [1.1306; 9.3632]; tau=1.5997 [1.0633; 3.0599]

P =96.3% [94.7%; 97.3%]; H=5.17 [4.35; 6.13]

Test of heterogeneity:

Q d.f. P-value

266.84 10<0.0001

In the above results, I>=96.5% is relatively large, tau®>=
0.62, and the variance between studies is relatively small. The
last is the heterogenity test, and the P-value is <5%, indicating
that there is heterogeneity and the random effects model should
be used. The combined ratio of the random effects model is
0.9271, and the confidence interval is [0.8682, 0.9608].

Supplemental Table 4. Summary of publication bias cor-
rection using trim and fill method, Supplemental Digital Con-
tent 4, http://links.lww.com/SCS/I33.

Supplemental Fig. 4, Draw a forest map using the cut and fill
method Supplemental Digital Content 8, http://links.lww.com/
SCS/137.

Perform the Egger test again after using the trim-and-fill
method (Supplemental Table 4, Supplemental Digital Content
8, http://links.lIww.com/SCS/137, Supplemental Fig. 4, Supple-
mental Digital Content 4, http://links.lww.com/SCS/133).

Linear regression test of funnel plot asymmetry

Test result: 1=0.62, df =9, P-value=0.5481

Bias estimate: 1.2673 (SE =2.0308)

The P-value is greater than 5%, indicating that the pub-
lication bias has been corrected. Overall, the prediction accu-
racy of deep learning models in recent years for mandibular
fractures and condylar fractures is ~82.73%.

RESULTS

In the meta-analysis of this review, we evaluated the diagnostic
accuracy and practicality of artificial intelligence (AI) algo-
rithms for mandibular fractures and condylar fractures in CT
images through a comprehensive analysis of 7 studies that met
the inclusion criteria. Here are the key findings from the study
results:

Combined Prediction Accuracy

When using the random effects model, the combined pre-
diction accuracy is 0.9271, and the confidence interval is
[0.8682, 0.9608], indicating that the AI algorithm is highly ef-
fective in the diagnosis of mandibular fractures and condylar
fractures. accuracy.

Heterogeneity Analysis

The heterogeneity test results showed that tau?=0.6240,
FF=96.5%, H=5.34, indicating significant heterogeneity be-
tween studies. This shows that the results of each study are quite
different, and a random effects model needs to be used for
combined analysis.

4

Publication Bias Detection

Through Egger linear regression test, the bias estimate was
5.4196, and the P-value was 0.0213 (<0.05), indicating the ex-
istence of publication bias. Further funnel plot analysis also
supports this conclusion, showing that most research results are
concentrated on the right side of the funnel plot and do not
show symmetry.

Sensitivity Analysis

Sensitivity analysis showed that excluding any single study
would not significantly improve heterogeneity and publication
bias, indicating that the study results are robust.

The Trimming and Patching Method Corrected

Publication Bias

After adding 4 studies through the trimming and patching
method, the prediction accuracy under the random effects
model was adjusted to 0.8273, and the confidence interval was
[0.6392, 0.9283]. The Egger test was performed again, and the
P-value was 0.5481 (> 0.05), indicating that publication bias
had been corrected.

The results of this meta-analysis show that the deep learning
model in recent years has a high accuracy in predicting man-
dibular fractures and condylar fractures, with a prediction ac-
curacy of ~82.73%. Despite the problems of heterogeneity and
publication bias, after correction, the application of Al algo-
rithms in maxillofacial surgery diagnosis still shows great po-
tential.

DISCUSSION

The application of artificial intelligence (AI) and machine
learning (ML) technologies in the field of maxillofacial fracture
diagnosis has shown significant potential. The application of Al
technology, including deep learning and neural networks, to 3-
dimensional model construction, precise image segmentation
and fracture line identification not only reduces human errors,
but also improves the consistency of the diagnostic process. The
goal of using Al technology to treat condylar fractures is to help
doctors through accurate diagnostic support so that patients can
(1) restore the height and protrusion of the mandibular ramus,
perform accurate anatomic reduction, and rebuild a good oc-
clusion relationship, (2) minimally invasive surgery to reduce
damage, (3) prevent further displacement and heal in the correct
position, (4) restore good functional movement of the
mandible*® These details provide important reference and
guidance for doctors in dealing with such cases clinically.

However, the application of these technologies also faces
challenges and limitations, such as data quality and quantity,
interpretability and transparency issues, and comparison with
traditional methods. Despite these challenges, the advantages of
Al in dealing with complex and ambiguous fractures cannot be
ignored.

The application of artificial intelligence technology in the
diagnosis of maxillofacial fractures improves the accuracy and
efficiency of diagnosis. When dealing with complex and am-
biguous fractures, deep learning models can provide more ac-
curate identification of fracture lines and fracture types. The
application of artificial intelligence technology in image seg-
mentation reduces human errors and improves diagnostic con-
sistency. By comparing the 3-dimensional position analysis of
healthy and affected condyles, artificial intelligence technology
can also reveal the impact of physiological changes after frac-
ture on functional recovery.

Copyright © 2025 by Mutaz B. Habal, MD

Copyright © 2025 Mutaz B. Habal, MD. Unauthorized reproduction of this article is prohibited.


http://links.lww.com/SCS/I36
http://links.lww.com/SCS/I36
http://links.lww.com/SCS/I36
http://links.lww.com/SCS/I33
http://links.lww.com/SCS/I37
http://links.lww.com/SCS/I37
http://links.lww.com/SCS/I37
http://links.lww.com/SCS/I33

The Journal of Craniofacial Surgery * Volume 00, Number 00, H W

Original Study-Brief Clinical

Despite the advancement of artificial intelligence technology
in the diagnosis of maxillofacial fractures, the coverage and
depth of existing research remain limited. The application in
multicenter clinical studies is very limited, which limits the
overall understanding of the effectiveness of artificial in-
telligence technology in different types of fractures and in dif-
ferent clinical settings.

Implications for Research

Although artificial intelligence has shown great potential in
the diagnosis of maxillofacial fractures, a literature search as of
January 2024 showed that there is still limited research on the
use of deep learning, especially YOLO technology, for in-
telligent diagnosis of condylar fracture imaging slices. This in-
dicates that more multicenter studies are urgently needed in this
field to verify and optimize the effectiveness of artificial in-
telligence technology in different clinical settings.

The application of artificial intelligence in maxillofacial
surgery is not limited to precise segmentation and image anal-
ysis, but also involves clinical decision support.*! To maximize
the clinical value of artificial intelligence, it is crucial to conduct
validation studies in different clinical settings. This includes
testing and evaluating Al models in different patient pop-
ulations and different medical institutions. Such studies can
reveal how Al models perform in real-world settings, including
their effectiveness in different types of fractures, different stages
of disease, and different medical conditions. In addition, vali-
dation studies can also help identify and address specific chal-
lenges that AI models may encounter in actual clinical
applications, thereby promoting a wider and more effective
application of Al in maxillofacial surgery.

Although this review focuses on the application of artificial
intelligence (AI) and machine learning (ML) in the diagnosis of
condylar fractures, Al technology also shows great potential in
surgical treatment planning and decision support. Traditionally,
treatment decisions for condylar fractures rely on the evaluation
of variables that affect surgical indications, including primary
variables such as the degree of fracture displacement, location,
and position relative to the glenoid fossa, as well as secondary
variables such as preinjury occlusal relationship and vertical
height of the mandibular ramus.2 With the widespread appli-
cation of CT enhancement technology, combined with Al
technology, preoperative evaluation can be completed more
accurately, thus guiding the formulation of surgical
treatment plans.

Al and ML technologies can help doctors more accurately
identify the specific type and degree of condylar fractures by
analyzing large amounts of imaging data, and then choose the
most appropriate surgical approach and fixation method.*? For
example, using deep learning algorithms to analyze CT images
can accurately assess the fracture line, the location of bone
fragments, and the direction of fracture fragments, which is of
great significance for selecting surgical approaches, such as the
transparotid approach, preauricular approach, and retro-
mandibular approach.®?

In the future, with the continuous advancement of Al
technology, we can expect it to play a more important role in
improving the accuracy and efficiency of condylar fracture
treatment decisions. Al can not only provide support in the
diagnosis stage but also play a key role in surgical planning and
subsequent treatment management, providing patients with
personalized treatment plans.

Copyright © 2025 by Mutaz B. Habal, MD

CONCLUSIONS

In this literature review, Al has a variety of applications in the
diagnosis of maxillofacial fractures, such as 3-dimensional
model construction, accurate image segmentation, and fracture
line identification. These applications will improve the accuracy
and efficiency of diagnosis in the future. Al technology has
obvious advantages in dealing with complex fractures and im-
proving image consistency.

Taking all factors into consideration, Al technology has
great potential and value in the application of maxillofacial
fracture diagnosis. Al technology will first improve the accuracy
and efficiency of diagnosis, and secondly, it has special advan-
tages in dealing with complex fractures and improving image
consistency. The current difficulty is that Al technology needs to
conduct more experiments in a variety of clinical environments
to solve the problems of data quality, diversity, and trans-
parency. The direction of future research is the further ver-
ification and optimization of Al technology, as well as its wide
application in clinical practice. In short, the application pros-
pects of Al technology in the diagnosis and treatment of max-
illofacial fractures are clear, and it is expected to provide
patients with higher-quality medical services.
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