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Abstract

Background: Orthognathic surgery is one of the main corrective treatments in patients with
maxillofacial deformities, performed for functional or aesthetic reasons. The aim of this sys-
tematic review is to examine and analyze studies published between 2020 and 2025 on the use
of machine learning algorithms in 3D modeling to predict orthognathic surgery outcomes. Ma-
terials and Methods: This study is a systematic review of articles published between 2021 and
2025. To find relevant articles, the Google Scholar and PubMed databases were searched. The
reference lists of relevant articles were also manually checked to ensure comprehensiveness
of the search. Inclusion criteria for the systematic review were original studies published be-
tween 2020 and 2025, studies that used machine learning or deep learning algorithms to predict
orthognathic surgery outcomes using 3D modeling, articles published in English, and studies
with access to the full text of the article. Results: A total of 42 articles were identified. After
careful review, 12 articles were included as eligible studies in the final analysis. The flow chart
of study selection in PRISMA format is provided. All studies used machine learning algorithms
such as deep neural networks, reinforcement learning, random forest, or graph-based models to
predict orthognathic surgery outcomes. Most studies used 3D facial models or CBCT images
for preoperative design and prediction of postoperative outcomes. All studies were assessed
based on quality criteria. Conclusion: The findings of this review demonstrate that new digital
technologies, particularly artificial intelligence, 3D modeling, and virtual planning, are playing
an increasingly important role in the transformation of maxillofacial and cosmetic surgical care.
[GMJ.2025;14:e4014] DOI:10.31661/gmj.vi.4014
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Introduction

Oﬂhognathic surgery is one of the main
corrective treatments in patients with
maxillofacial deformities, performed for
functional (such as chewing and breathing
disorders) or aesthetic reasons. This type of
surgery is often associated with significant
changes in skeletal structures and soft tissues,
so accurate prediction of treatment outcomes
before surgery is of vital importance [1].

In the past, surgical planning was based on
two-dimensional models and the surgeon's
subjective decision-making. However, with
the development of imaging and modeling
technologies, especially 3D modeling and vir-
tual surgical planning, it has become possible
to accurately visualize jaw structures, tooth
positions, and soft tissues [2]. These advances
have provided a new perspective on surgical
outcome assessment, allowing surgeons to
visually and numerically assess potential out-
comes before surgery [3].

Meanwhile, the emergence of new technolo-
gies in the field of machine learning and ar-
tificial intelligence (Al) has created a turning
point in the analysis of complex clinical data.
By simultaneously analyzing large volumes
of image, biometric, and clinical data, these
algorithms can be used to predict outcomes
after orthognathic surgery, including facial
symmetry, final profile, patient satisfaction,
and postoperative outcome stability [4, 5].
The use of these models can reduce the need
for reoperations, reduce human error, and im-
prove individual decision-making [6].
However, despite the rapid growth of related
studies, there are still serious challenges in the
path of clinical application of these technol-
ogies; including heterogeneity in the type of
input data, diversity of algorithms used (such
as neural networks, reinforcement learning,
random forest, etc.), differences in the criteria
for evaluating prediction accuracy, and lack of
standardization in study design. This hetero-
geneity has made it difficult to compare the
results of different studies and extract strong
evidence [7].

In such circumstances, conducting a system-
atic review is necessary to summarize, catego-
rize, and critically evaluate existing studies in
this field. This review can identify prevailing
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trends and effective algorithms, identify exist-
ing research gaps, and pave the way for future
research and the development of clinical tools
based on artificial intelligence in orthognathic
surgery.

Therefore, the aim of this systematic review
is to examine and analyze studies published
between 2020 and 2025 on the use of machine
learning algorithms in 3D modeling to predict
orthognathic surgery outcomes.

Materials and Methods

This study is a systematic review of articles
published between 2021 and 2025 that exam-
ined the use of machine learning algorithms in
3D modeling to predict orthognathic surgery
outcomes. The study procedures were con-
ducted in accordance with the PRISMA 2020
guidelines [8].

Data Sources and Search Strategy

To find relevant articles, the Google Scholar
and PubMed databases were searched on July
12, 2025. The reference lists of relevant ar-
ticles were also manually checked to ensure
comprehensiveness of the search.

The search terms used in Google Scholar were
as follows:

"Orthognathic surgery" AND ("3D modeling"
OR "virtual surgical planning") AND ("ma-
chine learning"” OR "deep learning") AND
("outcomes" OR "prediction").

The following search terms were also used in
PubMed:

("orthognathic surgery"[Title/Abstract] OR
"jaw surgery"[Title/ Abstract])

AND ("3D modeling"[Title/Abstract] OR
"virtual surgical planning"[Title/Abstract])
AND ("machine learning"[Title/Abstract] OR
"deep learning"[Title/Abstract])

AND ("predictive modeling"[Title/Abstract]
OR "outcomes"[Title/Abstract])

AND ("2020/01/01"[Date - Publication]:
"2025/12/31"[Date - Publication]).

Inclusion and Exclusion Criteria

Inclusion criteria for the systematic review
were original studies published between 2020
and 2025, studies that used machine learning
or deep learning algorithms to predict orthog-
nathic surgery outcomes using 3D modeling,
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articles published in English, and studies with
access to the full text of the article. Irrelevant
studies, review articles, letters to the editor,
animal studies, and articles without outcome
predictions were excluded from the review.

Study Screening and Selection Process

First, titles and abstracts were independently
screened by two researchers. Next, the full
text of the selected articles was assessed, and
disagreements were resolved through discus-
sion or third-party review. The article selec-
tion process was documented using the PRIS-
MA 2020 flow chart.

Results

A total of 42 articles were identified through
a search of Google Scholar and PubMed da-
tabases. After removing duplicate articles, 39
articles remained for title and abstract review.
Of these, 17 articles were excluded due to
non-compliance with the inclusion criteria,

E Records removed before
‘5 Records identified from™: screening-:
= Databases (n = 42) [F———» Duplicate records removed (n
€ =3)
3
ey i
Records screened » Records excluded*™
(n =39) (n=17)
Reports sought for retrieval Reports not retrieved
e
2 (n=22) (n=0)
£
a2 hd
Assessment of eligibility
- EE—
(n=22)
Reports excluded:
review (n = 5)
unrelated (n = 5)

Studies included in review
(n=12)

Included
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and finally 22 articles were selected for full-
text review. After careful review, 12 articles
were included as eligible studies in the final
analysis. The flow chart of study selection in
PRISMA format is shown in Figure-1.

Characteristics of Included Studies

This systematic review encompassed 13 stud-
ies evaluating deep learning and advanced vir-
tual planning techniques in orthognathic sur-
gery, published between 2017 and 2025, com-
prising primarily retrospective single-center
cohorts (n=11), one prospective study, one
multi-center retrospective analysis, and one
technical note. The total number of patients
across studies exceeded 1,200, with individu-
al sample sizes ranging from 24 to 383 in real
clinical cohorts (mean ~150), supplemented
by substantial synthetic data augmentation in
several investigations (up to 3,600 simulat-
ed cases per subject). Studies predominantly
utilized preoperative and postoperative CT/
CBCT imaging modalities, often incorporat-

Figure 1. Flowchart for literature related to this systematic review
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ing point clouds, cephalometric landmarks,
surface meshes, or lateral cephalograms, with
validation approaches including train-valida-
tion-test splits, k-fold cross-validation (up to
9-fold), prospective clinical testing, and com-
parative analyses against traditional planning
or finite-element methods, demonstrating
consistent high accuracy in surgical simula-
tion and outcome prediction across diverse
dentofacial deformities.

The studies on orthognathic surgery predom-
inantly involve patients with developmental
dentofacial dysmorphosis, characterized by
skeletal malocclusions and associated defor-
mities that cannot be adequately corrected
through orthodontics alone, often leading to
functional impairments such as masticatory
difficulties, speech issues, and temporoman-
dibular joint disorders, alongside aesthetic
concerns including facial asymmetry, con-
cave or convex profiles, and dissatisfaction
with chin or jaw appearance; in the Jeong et
al. (2022) study, all 269 young adult Korean
patients presented with chief complaints of
retrognathism (mandibular deficiency), prog-
nathism (mandibular excess), or asymmetry,
excluding congenital conditions like clefts or
syndromic deformities; similarly, the Cheng
et al. (2023) study focused on 383 patients
(plus 49 in testing) with skeletal malocclusion
requiring jaw repositioning, predominantly
Class III (61%) but also Class II (17%) and
Class I (22%), while other referenced works
consistently highlight skeletal Class III as the
most common indication due to mandibular
prognathism, followed by Class II with man-
dibular retrognathism or maxillary deficiency,
and frequently compounded by vertical dis-
crepancies or asymmetry, reflecting a patient
population driven by both functional and psy-
chosocial motivations for surgical interven-
tion (Table-1).

What evidence do the studies collectively pro-
vide that deep learning can match or surpass
conventional planning tools in orthognathic
surgery?

Across eight independent datasets, deep learn-
ing models achieved landmark errors that lie
within the same sub-millimetre range previ-
ously reported for commercial finite-element
or stereolithographic splint workflows. Jeong
et al. (2022) recorded mean absolute linear
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discrepancies of 0.77-2.34 mm for the max-
illa, mandible and chin when an alignment
network was compared with ground-truth CT
pairs, while Cheng et al. (2023) reported an
overall mean absolute error of 1.34 mm for ten
reposition vectors predicted by their Trans-
former. Ma et al. (2022) demonstrated that a
facial shape-change network delivered Cham-
fer distances of 1.55 + 0.30 mm on whole-face
surfaces—statistically indistinguishable from
a state-of-the-art finite-element model (1.74 +
0.25 mm) but obtained in <2 min instead of
>30 min. Lampen et al. (2022) pushed accura-
cy further, with a PointNet++ biomechanical
surrogate that approximated FEM nodal dis-
placement with mean errors between 0.16 and
0.64 mm on five subjects.

These values converge on the 1-2 mm toler-
ance widely accepted for surgical splint fab-
rication and post-operative validation, indi-
cating that data-driven models can reproduce
the precision of physics-based or mechanical
guides while eliminating laborious meshing
or printing steps.

How generalisable are the models to new cen-
tres, imaging protocols or patient phenotypes?
Generalisation was explicitly tested in four
investigations. Cheng et al. (2023) prospec-
tively collected 49 consecutive cases from
2021 to 2022 that were unseen during training
(2019-2020) and still achieved a validation
MAE of 1.34 mm, only 0.07 mm higher than
the internal validation set. Kim et al. (2025)
externally validated a cephalogram synthesis
pipeline on two hospital cohorts and recorded
landmark errors of 1.27 = 0.51 mm and 1.29
+ 0.62 mm—below the 1.5 mm threshold that
orthodontists typically regard as clinically re-
peatable. Xiao et al. (2022) trained their refer-
ence-bone estimator exclusively on synthetic
deformations derived from 47 normal CTs
yet obtained better mandibular landmark dis-
tances (4.01 £ 0.85 mm) on 24 real post-op-
erative scans than a sparse-representation
baseline (5.50 + 1.66 mm). Lin et al. (2023)
prospectively applied an “average-skull” tem-
plate workflow to 30 consecutive Taiwanese
patients and found translational deviations
<2 mm at all cephalometric points except
pogonion (2.3 mm), confirming that a popula-
tion-specific prior can transfer to new individ-
uals without systematic bias. Taken together,
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these external evaluations suggest that once a
model is exposed to a few hundred heteroge-
neous cases it retains sub-2 mm fidelity even
when imaging field-of-view, voxel size or sur-
gical team changes.

Which input representations are most infor-
mative for predicting surgical displacement or
facial change?

Multivariate importance analyses converge
on overjet, SNB angle and sagittal position
of the soft-tissue pogonion as the strongest
drivers of skeletal repositioning. Cheng et al.
(2023) ranked these three variables at the top
of their permutation-importance list across
383 patients, irrespective of whether the pre-
diction target was maxillary or mandibular
movement. Jeong et al. (2022) showed that
excluding the cranial vault (part 1) from the
alignment network. i.e. supplying only the
osteotomised segments. did not degrade accu-
racy, implying that local morphology around
the jaw carries more signal than global skull
shape. Conversely, Ma et al. (2022) demon-
strated that adding a distance-weighted loss
centred on the gnathion point significantly
reduced prediction error in the lower third
of the face, confirming that soft-tissue land-
marks aligned with underlying bony change
add value. Finally, Li & Wang (2025) embed-
ded 137 cephalometric, dental and soft-tissue
measurements into a reinforcement-learning
state vector; post-hoc SHAP analysis revealed
that occlusal-plane inclination and ANB angle
contributed >25 % of the total reward attri-
bution, corroborating the salience of sagittal
and angular descriptors found in the regres-
sion-based studies.

Do the algorithms merely replicate average
surgical patterns or do they offer patient-spe-
cific insight?

Several designs explicitly reward departure
from population mean behaviour. Xiao et al.
(2022) trained a deformation network to out-
put patient-specific correction vectors rather
than a single “normal” template; the network
learned to leave the mid-face untouched (mean
vertex distance 0.56 mm) while selectively re-
modelling the jaw, a behaviour that mirrors
clinical practice. Kim et al. (2025) condi-
tioned a diffusion model on both pre-operative
landmarks and intended surgical displacement
vectors, enabling clinicians to query “what-if”

Hasanzade M, et al.

scenarios (0.8% to 1.2x movement). In a digi-
tal-twin evaluation, orthodontists selected the
synthetically generated cephalogram whose
underlying displacement matched the actual
surgical plan in 90 % of cases, indicating that
the model reproduced individualised rather
than average movements. Similarly, the rein-
forcement-learning framework of Li & Wang
(2025) optimised a composite reward that pe-
nalised relapse and aesthetic compromise; the
learned policy recommended non-standard
sequence orders (e.g. early posterior intru-
sion) in 27 % of complex asymmetry cases,
plans that were retrospectively judged by
surgeons to be “non-intuitive yet biomechan-
ically sound”. These findings argue that deep
learning can transcend mere regression to the
mean and propose creative, patient-specific
solutions.

How clinically efficient are the workflows
compared with conventional virtual surgical
planning?

Speed-up factors range from 15% to 60x with-
out loss of accuracy. Ma et al. (2022) reported
a complete facial-appearance prediction in <2
min versus 30—40 min for an FEM solver plus
5-7 h of model preparation. Lampen et al.
(2022) reduced a 30-min non-linear finite-ele-
ment run to a 0.2-second network forward pass
on a consumer GPU. Lee ef al. (2021) quan-
tified the entire digital splint workflow, from
cloud-based upload to 3D-printable STL—as
8.4 + 2.1 min per case, eliminating the manual
landmark-transfer and physical model phases
that typically occupy 1-2 h of technician time.
Even when hardware cost is considered, cloud
or local inference requires only a single GPU
node, contrasting with high-performance fi-
nite-element clusters or repeated prototyping
cycles. Collectively, the evidence indicates
that integrating a trained network into the
planning pipeline compresses turnaround
time from hours to minutes while maintaining
sub-2 mm fidelity, a gain that could facilitate
same-day surgical plan modification or chair-
side patient consultation.

What limitations remain before routine clini-
cal adoption?

First, all reviewed models assume that the
pre-operative scan reflects final skeletal mor-
phology; ongoing growth, temporomandibu-
lar-joint remodelling or progressive condylar
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resorption are not modelled, limiting appli-
cability to adolescents or condylar-patholo-
gy patients. Second, the ground-truth labels
themselves carry uncertainty: inter-observer
landmark identification errors of 0.5-1.0 mm
are common, so networks cannot realistically
outperform the manual reference. Third, most
studies evaluate single-stage bimaxillary os-
teotomy; multi-piece Le Fort or segmental
sub-apical procedures are under-represented,
and the ability to predict post-operative air-
way or temporomandibular-joint biomechan-
ics remains untested. Finally, regulatory path-
ways require not only prospective multi-cen-
tre trials but also uncertainty quantification—
few models presently provide confidence
intervals around their predictions. Addressing
these gaps will determine whether the demon-
strated technical accuracy translates into evi-
dence-based, reimbursable clinical tools.

Quality Assessment

All studies were assessed based on quality cri-
teria and had acceptable scientific validity, al-
though differences in design and sample size
were observed that may affect the generaliz-
ability of the results.

Discussion

Recent advances in machine learning, par-
ticularly deep learning, have transformed 3D
predictive modeling in orthognathic surgery.
This review of 12 key studies highlights how
Al enhances the accuracy of surgical outcome
predictions and supports better clinical de-
cision-making. The integration of machine
learning with 3D imaging and 3D printing en-
ables superior surgical planning, more precise
simulations, and greater patient-specific cus-
tomization. Advanced techniques such as sta-
tistical shape modeling and deep learning sig-
nificantly improve the precision of 3D models
for predicting postoperative results.

Notable innovations include the bidirectional
P2P-ConvGC model by Bao et al., which ac-
curately predicts both skeletal and soft tissue
facial shapes with an average error under 1
mm, demonstrating strong clinical potential
[18].

Cheng et al's VSP Transformer model pre-
dicts jaw displacement vectors with a mean

Predictive 3D Modeling of Orthognathic Surgery Outcomes Using MLA

absolute error of 1.34 mm and offers valuable
interpretability through Permutation Impor-
tance, aligning closely with surgeons' clini-
cal experience [19]. Grillo et al. applied the
FaceMesh algorithm for real-time 4D facial
mapping, aiding personalized planning and
aesthetic evaluation in deformity correction
[20]. Jindanil et al. developed an automat-
ed virtual patient creation method using fa-
cial scans, intraoral scans, and low-dose CT,
achieving 85% accuracy in the upper and mid-
face with high user satisfaction [21].
Additional contributions include Kelly et al.'s
demonstration of 3D printing's impact on cra-
niofacial procedures, reducing operative time
and enhancing customization, with Al integra-
tion further refining predictive models [22].
Lee et al. outlined a fully digital workflow
with high postoperative accuracy and cloud-
based collaboration to support interdisciplin-
ary implementation of ML predictions (14).
Lin et al. utilized average skull templates for
personalized planning, yielding errors mostly
under 2 mm and improved patient satisfaction
in aesthetic outcomes [15].

Qiu et al's SASeg framework automates
mandibular segmentation from CBCT despite
metal artifacts [16], while Zhou et al. applied
unsupervised statistical shape modeling for
accurate reconstruction of maxillary defects
[17].

Broader applications and challenges were
addressed by Mansoor et al., who reviewed
Al's role in plastic surgery outcome predic-
tion and simulation but stressed concerns over
data privacy, bias, and the need for surgeon
involvement [22]. Parsa et al. explored 3D/4D
imaging combined with Al for better patient
visualization [23], and Shujaat et al. high-
lighted the need for Al to mitigate errors in
multimodality integration [24].

Despite promising trends toward digital work-
flows and Al-driven improvements in accu-
racy and customization, limitations persist.
Most models remain in early stages, requir-
ing larger longitudinal studies for validation.
Ethical issues, data quality, algorithmic trans-
parency, and regulatory barriers, as noted by
Jebin et al. [25], hinder full adoption. Future
research should focus on multimodal datasets,
long-term validation through randomized tri-
als, and addressing integration challenges to

GM1J.2025;14:e4014
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fully realize ML's potential in orthognathic
surgery.

Conclusion

The findings of this review demonstrate that
new digital technologies, particularly artifi-
cial intelligence, 3D modeling, and virtual
planning, are playing an increasingly import-
ant role in the transformation of maxillofacial
and cosmetic surgical care. From practical
applications in maxillary reconstruction and
cleft lip treatment to the role of Al in outcome
prediction and CBCT image processing, these
technologies are charting a new path for accu-
rate, rapid, and personalized treatment.

In addition, digital tools have improved the
patient experience, increased collaboration

Hasanzade M, et al.

within treatment teams, and better standard-
ized outcomes. However, to fully exploit the
potential of these technologies, challenges
such as data integration, privacy, bias remov-
al, and the development of ethical policies
need to be addressed.

Ultimately, the successful future of digital
surgery depends not only on technological ad-
vancements but also on the readiness of phy-
sicians to embrace, learn, and lead these de-
velopments. With interdisciplinary education,
ongoing research, and smart policymaking,
we can move toward safer, more precise, and
more humane care.
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