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ABSTRACT

The duration of orthodontic treatment has always been a major concern for patients, and
its estimation is challenging for dental clinicians. Recent relevant studies have shown that
artificial intelligence (Al), especially machine learning (ML) and deep learning algorithms,
can increase the accuracy of predictions compared to clinical estimates. However, there are still
limitations, such as the use of single-center data, small sample size, lack of external validation,
and bias towards the average value of the dataset. In addition, preoperative and intraoperative
factors, including patient cooperation, biological characteristics, anomaly complexity, and
treatment mechanics, affect the duration of orthodontic treatment. This narrative review
highlights the importance of using multi-source data and external validation to enhance the

Keywords: generalizability and clinical trustworthiness of the models by reviewing the current evidence,
Artificial Intelligence (AD), examining methodological limitations, and suggesting future research directions, especially the
Orthodontics, Duration of development of hybrid, time-series, and adaptive models, and the application of explainable
Therapy, Deep Learning Al (XAI).

is complicated for dental clinicians, and conventional
methods, including cephalometric analysis, diagnostic
indices, and the dental clinicians’ experience with pre-
vious treatments, are often not sufficiently accurate (2).
The multifactorial nature of treatment response is often
not fully considered, including the type and severity of
malocclusion, concomitant treatments with tooth extrac-

1. Introduction

he duration of orthodontic treatment is a
significant concern for both dental clini-
cians and patients. Prolonged treatment
can lead to clinical complications, such
as development of white spot lesions,

root resorption, reduced patient compliance, and in-
creased treatment costs; while shorter and more predict-
able treatments increase patient satisfaction and efficien-
cy (1). Estimating the duration of orthodontic treatment
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tion, proclination of mandibular anterior teeth, inter-
disciplinary approaches, such as orthognathic surgery,
impacted teeth, and dentist’s experience. In addition,
patient-related factors, such as age, regular attendance at
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treatment sessions, level of cooperation, and gender dif-
ferences, have been reported to play a role in this regard
(3-6).

Role of artificial intelligence (Al) in orthodontics

Al through machine learning (ML) and deep learning
algorithms has recently shown promise in orthodontics,
particularly in areas, such as automating cephalomet-
ric landmark identification (7), predicting the need for
tooth extraction (8), and monitoring aligner treatment
(9). However, only a few studies have directly addressed
the prediction of treatment duration using Al, and their
findings remain limited (10, 11). Al can use models to
consider the influence of various factors and can also
simultaneously use radiographs, photographs, and exist-
ing patient records, yielding higher accuracy.

Aim of the review

This review aimed to summarize the available evi-
dence, critically assess methodological limitations, and
outline future directions and necessary components. It
also contributes to the development of clinically reliable
Al models for predicting orthodontic treatment duration.
The result of this further development is patient aware-
ness of the approximate treatment duration before treat-
ment, resulting in better cooperation, more accurate cost
estimates, and consideration of different treatment plans
based on estimated time and clinical complications.

Basics of Al in orthodontics (brief background)

Al refers to the ability of machines to exhibit intelli-
gent behavior, primarily by learning from data to solve
complex problems. ML, a subset of Al, allows systems
to recognize patterns and make predictions based on data
without direct human programming (12). ML in dentist-
ry has primarily focused on predicting patient status by
training models on previous data, as ML-based predic-
tive models have shown higher accuracy than statistical
models (13).

In orthodontics, Al applications have included the au-
tomatic identification of cephalometric landmarks, clas-
sification of dentomaxillofacial anomalies, prediction of
the need for tooth extraction, and monitoring of aligner
usage. These examples demonstrate the Al’s ability to
manage complex diagnostic and therapeutic data (7, 8,
14). However, predicting treatment duration presents its
own challenges, as it requires not only morphological as-
sessment but also consideration of patient compliance,
biological variation, and treatment mechanics (15). The
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following sections discuss the limited but growing evi-
dence on the use of Al to predict treatment duration.

Studies related to AI and duration estimation

In study by Elnagar et al. (2022) (10), 631 orthodon-
tic patients with complete treatment records treated by
board-certified orthodontists were examined. Patient-
and treatment-related parameters, including age, gender,
crowding, overjet, overbite, and malocclusion type, were
collected. Nine ML algorithms were tested, with Bag-
ging and Adaboost showing the best prediction perfor-
mance. The most important predictors were the patient’s
age, level of crowding in the maxillary and mandibular
arches, and overjet and overbite values. Adding Al-
based difficulty scores improved the models’ accuracy.
Overall, the ML models performed better than the or-
thodontists’ estimates, although there was a tendency to
overestimate short treatments and underestimate long
treatments (10).

Study of Volovic et al. (11) included 478 orthodontic
patients who met strict inclusion criteria and had com-
plete pre- and post-treatment records. Cephalometric
data (31 landmarks and 46 variables), demographic in-
formation, treatment details, and factors, such as the CO-
VID-19 pandemic and appliance type, were analyzed.
Nine ML models were tested; among which, Lasso,
Elastic Net, and random forest provided the best results.
The decision to extract teeth, COVID-19 effects, and
appliance type were the most crucial predictors. These
models achieved a mean absolute error of 7.27 months,
while orthodontists achieved ac9.66 months (equivalent
to a 25% improvement).

Comparative critical analysis

Both studies showed that ML models can predict orth-
odontic treatment duration more accurately than experts.
The study by Elnagar et al. (10) focused more on de-
mographic and clinical variables without cephalomet-
ric data; while the study by Volovic et al. (11) included
cephalometric data and treatment-environmental fac-
tors, such as COVID-19 and treatment appliances. In
the study by Elnagar et al. (10), age and crowding were
the most crucial predictors, while the study by Volovic
et al. (11) reported greater importance of tooth extrac-
tion, appliance type, and the effects of COVID-19. Both
studies showed similar bias in estimates (overestimating
short treatments and underestimating long treatments).
This similar bias could be due to the tendency of ML
algorithms to minimize errors and to move predictions
towards the mean of the data (16). This can cause shorter
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Table 1. Summary of studies using Al to predict orthodontic treatment duration

Author (s . . - T
Year( ) Sample Size Input Data Algorithms Key Findings Limitations
Bagging and Retrospective,
Elnagar et Linear regression, deci-  adaboost had the single-center,
8 . Clinical+cephalometric, Al dif- sion tree, bagging, ran-  best performance. absence of 3D
al. (2022) 631 patients P dom f dab d di d d
(10) iculty score om forest, adaboost, Age and crow ling ata, demo-
KNN, gradient boosting were the main graphic limita-
predictors tions
. . Retrospective,
Linear regression, Lasso, .
. . - Best models: single-center,
Volovic et . . . Ridge, Elastic Net, Ran- - .
. Clinical+cephalometric+pandemic Elastic net, lasso, demographic
al. (2023) 478 patients i inf dom Forest, XGBoost, f CoLe
(11) and appliance info SVR, Gaussian process random forest limitations,
’ ’ MAE=7.27 months  lack of external
MLP A
validation
w‘ ,Buéﬁlt%maxillofacigJ

Radiology, Pathology and Surg

Abbreviations: MAE: Mean absolute error; SVR: Support vector regression; MLP: Multilayer perceptron; Al: Artificial intel-

ligence; KNN: K-nearest neighbors.

treatments to be longer than they actually are, and longer
treatments to be shorter than they actually are. Also, vari-
ables, such as patient compliance and bracket debonding,
which can alter treatment duration, were not considered.
The use of limited single-center data may also be another
cause of this bias. Overall, these findings demonstrate
the great potential of ML, although current limitations
remain. Table 1 summarizes a comparative overview of
these studies, including their datasets, algorithms, key
findings, and limitations

Related evidence (indirect contributions)

Although only a few studies have directly addressed
the prediction of treatment duration, several Al-related
applications have indirectly contributed to this field.

Al models related to tooth extraction

Since tooth extraction usually lengthens and compli-
cates treatment, especially during space closure, a model
that can predict this issue can serve as a key indicator in
predicting treatment duration (17). In a related retrospec-
tive study by Leavitt et al. (8) in Indiana in 2023, the RF
algorithm performed best in terms of overall accuracy.
molar relationship, crowding of mandibular teeth, and
overjet were identified as key predictors in the decision
to extract teeth.

Al models related to facial profile changes

Models for predicting facial profile changes are also
crucial because their data can be used to more accurately
estimate treatment duration. In a study by Peng et al. (18)
in Guangzhou in 2025, a three-layer artificial neural net-
work model with error backpropagation was built to pre-

dict changes in the anterior teeth and profile view of 346
patients. In addition, the Shapley additive explanations
(SHAP) method was used to identify significant predic-
tors in each model.

Al models related to aligner treatment monitoring

Similarly, Al-based aligner treatment monitoring—
often performed using time-of-use sensors—generates
valuable behavioral data that can indicate the actual
level of patient compliance and significantly increase
the accuracy of treatment duration predictions (19). In
a retrospective study by Manimegalan et al. (2015) (20)
40 patients undergoing clear aligner treatment were in-
cluded in a 2025 study. Computerized monitoring signif-
icantly reduced the number of in-person appointments.
The digitally monitored group showed higher patient
satisfaction and compliance, underscoring the potential
of tele-orthodontic treatment to improve access and in-
crease treatment efficiency (20).

Al Modelsrelated to cephalometric image analysis

Models that analyze cephalometric images can provide
more accurate, integrated image data for predictive mod-
els. In a study by Gao and Tang (7) in 2025, the authors
introduced DeepFuse, a novel multimodal deep learning
framework that integrates information from lateral ceph-
alometry, cone-beam computed tomography (CBCT),
and digital dental models to simultaneously identify
reference points and predict treatment outcomes. These
side applications demonstrate the feasibility of integrat-
ing diverse data types and highlight methodological ap-
proaches transferable to the field of treatment duration
prediction. In short, these factors, when combined to-
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gether and as multi-modal data in AT models, can mini-
mize prediction errors.

Limitations of current evidence

Existing research on Al-based orthodontic treatment
duration prediction faces several significant limitations:

Reliance on retrospective, single-center data: Most cur-
rent studies have collected data retrospectively and from
a single treatment center. It means that the diversity of
patients in terms of ethnicity, culture, lifestyle, and even
treatment methods is limited, and the model cannot cov-
er all different populations. Elnagar et al. (10) collected
data from a teaching center in Chicago. In the study by
Volovic et al. (11), samples were selected from a center
in Indiana. Therefore, both studies only covered patients
from the same region and cannot be generalized to other
populations.

Small sample size and unbalanced distribution of treat-
ment durations: When the number of patients is small
or most patients have average treatment times, the ML
model makes more predictions around the mean. This
can lead to very short or very long treatments being
underestimated. In the study by Elnager et al, (10) the
number of patients was 631, which is a relatively good
size but still small for complex algorithms. In the study
by Volovic et al. (11), the number of patients was 478,
which is smaller than that of Elnager et al. (10), and the
distribution of treatment durations was skewed toward
cases with average treatment times. Both studies report-
ed that the models overestimated short treatments and
underestimated long treatments.

Lack of external validation: When a model is trained
and tested on a single center, it is unclear whether it will
perform as well in other populations, and external vali-
dation with independent data is required to determine the
robustness of the model (21). Both studies by Elnagar et
al. (10) and Volovic et al. (11) used data from one single
center. Neither model was tested on an external database.
Therefore, it is unclear whether the accuracy would be
maintained if the same models were run on other popula-
tions in other countries.

Limited focus on clinical and cephalometric features:
Most studies only examined dento-skeletal factors or
simple demographic information such as age and gen-
der. However, other highly important factors, such as
patient compliance, economic status, treatment motiva-
tion, bracket debonding, or even biological factors, such
as bone density, were not included in the models. The
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study by Elnager et al. (10) included only simple clinical
variables (age, gender, crowding, overjet, overbite, type
of malocclusion) and an Al-based difficulty score, and
no behavioral or biological data were included. Volovic
et al. (11) included only two environmental factors, CO-
VID-19 and appliance type, in addition to cephalometric
and clinical data. However, variables, such as patient
compliance or socioeconomic status, were absent.

Using complex and unexplainable models (black-box
models): Algorithms, such as random forest, bagging,
gradient boosting or neural networks, predict the final
outcome or the duration of treatment, but no explanation
is given as to why such a prediction was made, and this
lack of transparency reduces the confidence of profes-
sionals because it is not clear on which factors the model
is based on (22). In the study by Elnager et al. (10) Bag-
ging and Adaboost performed best; both are black-box
and their interpretation is not easy for clinicians. In the
study by Volovic et al. (11), Elastic Net and Lasso were
slightly more transparent because they had linear coef-
ficients; however, more robust models, such as Random
Forest, remained unexplainable. This makes orthodon-
tists cautious in accepting these models for routine de-
cision-making.

2. Future Directions
Essential components for robust models

To advance this field, future Al models for predicting
orthodontic treatment duration should be developed on
more diverse and representative data. The use of large,
multicenter, and multiethnic cohorts can reduce bias and
increase generalizability. It is equally important that in-
puts are designed to be multi-modal, including clinical
data (such as malocclusion type and treatment mechan-
ics), imaging data (including cephalometric, CBCT, and
intraoral scans), behavioral variables (such as compli-
ance and attendance), and biological markers (such as
bone density or genetic factors).

Methodologically, hybrid approaches that combine
classical ML with deep learning, especially in the form
of adaptive or time-series models that update predictions
over time, hold promise (23). Also, rigorous validation,
including external testing and prospective cohorts, is es-
sential to demonstrate reliability. For clinical use, future
systems should be designed as user-friendly platforms
that provide rapid predictions, facilitate clinical deci-
sion-making, and improve patient communication.
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Considering the multifactorial nature of orth-
odontic treatment duration

Key factors influencing treatment duration remain con-
troversial. For example, the relationship between treat-
ment time and tooth extraction remains controversial:
some studies have reported no significant effect, while
more recent evidence suggests that treatments involving
tooth extraction are more prolonged (17, 5).

Severity of malocclusion and case complexity have
consistently been identified as strong predictors of lon-
ger treatment times. The American board of orthodontics
discrepancy index (DI) also highly correlates with treat-
ment duration: Cases with a DI<15 typically last less
than 22 months, while those with a DI>15 are signifi-
cantly longer, often requiring more than 30 months (24).

Demographic factors, such as age and gender, have
also been investigated, but with conflicting results. Bi-
ologically, increased age is associated with changes in
tissue response to orthodontic forces: alveolar bone den-
sity increases, the periodontal ligament becomes more
fibrotic, and the ability of periodontal and bone cells to
proliferate and differentiate decreases. Younger patients
often cooperate better, although some motivated older
patients also show high cooperation. In terms of gender,
treatment times have been consistently reported to be
longer in males, possibly due to more missed treatment
sessions (6). Treatment of impacted teeth, especially
maxillary canines, takes significantly longer, and factors,
such as age, gender, crown rotation, and morphological
features (such as apical hook) influence outcomes (25).
Psychosocial factors also play a role; for example, ma-
ternal emotional support has been shown to accelerate
the duration of treatment, highlighting the importance of
socioeconomic and psychological variables in addition
to clinical predictors (26).

In addition to pretreatment factors, intra-treatment
variables, such as patient compliance and appliance fail-
ures, such as bracket debonding, also have a significant
impact on treatment duration (27). Understanding these
factors can help design Al models that take into account
the multifactorial nature of orthodontic treatment dura-
tion and provide more accurate predictions.

Designing multimodal research projects

Future studies on treatment duration estimation should
adopt a multimodal approach to achieve greater accu-
racy. In addition to clinical and intra-treatment variables,
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radiographic imaging data and photographic records
should also be included in the model.

1) Gao and Tang (7) conducted a multimodal study that
combined lateral cephalometry, CBCT, and digital den-
tal models to identify landmarks and predict orthodontic
treatment outcomes; 2) Park et al. (28) also conducted
a multimodal study using CBCT, information on dental
changes, such as incisor position changes, and patient
factors to develop a model to predict facial changes after
orthodontic treatment.

These studies and their methodology can serve as a
guide for the design of future studies on treatment dura-
tion prediction based on photographic images.

Using explainable AI (XAI) models

Most ML models used to predict orthodontic treatment
duration, such as random forest, bagging, or neural net-
works, operate in a black-box fashion; that is, they pro-
vide a final prediction without explaining the decision-
making process. This lack of transparency limits clinical
adoption, as orthodontists need to know the factors in-
volved in each prediction (22).

XAI frameworks can overcome this limitation. Tools,
such as the SHAP values or permutation importance,
show the contribution of each variable, such as age,
crowding, overjet, or decision to extract teeth, to the final
outcome. This transparency increases confidence in the
models, as professionals can compare the results with
their own clinical knowledge. Different XAl models can
affect the accuracy of treatment duration estimates. The
SHAP model shows the contribution of each variable,
such as age, crowding, and tooth extraction, in predict-
ing treatment duration. The local interpretable model-ag-
nostic explanations model explains a specific prediction,
for example, why a specific patient’s treatment dura-
tion was predicted to be 23 months. The counterfactual
model shows how the outcome would change if condi-
tions changed, for example, if the patient had been more
cooperative, the treatment duration would have been 3
months shorter (29). In a study by Peng et al. (18), SHAP
was used to determine the contribution of each variable
in a model predicting changes in incisors and facial pro-
file after orthodontic treatment.

XAl also has educational value and can help residents
and less experienced specialists better understand the
relative impact of different clinical factors. In addition,
XAI allows for the identification of biases; for example,
if a model disproportionately weights sensitive vari-
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ables, such as gender or ethnicity, it can be corrected and
used more accurately. Integrating XAl into clinical tools
and applications can improve usability, such that sys-
tems not only predict treatment duration but also display
key influencing factors in an interpretable manner. For
example, if the predicted duration of the treatment is 28
months, the key influencing factors would severe crowd-
ing (+8 months), tooth extraction (+3 months), and older
age (—2 months). Such a capability could improve clini-
cal acceptance and patient communication.

Advanced modeling

In future studies, more advanced modeling can be used
for more accurate results. Time-series models examine
data over time so that the duration of orthodontic treat-
ment is seen as a dynamic prediction that is updated with
each visit. For example, in a study by Kwon et al. (30), a
time-series model was used to predict skeletal and den-
tal treatments. Adaptive models modify their predictions
based on new data (e.g. changes in patient compliance
or bracket debonding). For example, they simulate the
biomechanical effects of orthodontic forces and allow
for real-time optimization of bracket positions, aligner
sequences, and force levels (31) as well as survival anal-
ysis, which is a statistical method used to predict the time
of occurrence of an event. For example, Jin et al. (32)
used survival analysis for orthodontic retainers.

Research roadmap

The path to researching a research topic usually in-
volves three steps:

Phase I: Retrospective multi-modal data: Phase I is a
study that collects retrospective data from multiple cen-
ters and integrates multi-source data, including clini-
cal, cephalometric, CBCT, intraoral photographs, and
behavioral data, to build an initial model on large and
diverse data. In a study by Gao and Tang. (7), a multi-
source deep learning framework called DeepFuse was
introduced that combines information from lateral ceph-
alograms, CBCT, and digital dental models to simulate
tooth movement and predict treatment outcomes.

Phase II: Prospective, multi-center validation: The sec-
ond phase is a prospective study with data collected from
multiple centers in different countries, which increases
ethnocultural diversity and reduces bias. This phase is
critical for external validation and assessment of model
stability. A study conducted in the UK by O'Brien et al.
(33) (2009) evaluated the effectiveness of orthodon-
tic and maxillofacial surgery treatments in 13 different
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clinics. This study was prospective and large-scale, and
could provide a reasonable basis for the validation phase.

Phase III: Clinical integration in chairside tools: The
third phase of the study is to integrate the model into
clinical tools for use in the clinical setting. For example,
software on a laptop or even an application (chairside
tool) that allows the clinician to see the treatment dura-
tion prediction and influencing factors in real time, while
consulting the patient. In a study by Li and Wang (2025)
(29), a clinical decision support platform based on multi-
task reinforcement learning and XAI for orthodontic
treatments and maxillofacial surgery was introduced.
This platform was designed for clinical integration and
real-time decision support.

Clinical and ethical challenges

The use of Al in orthodontics presents several ethical
challenges that must be addressed to ensure responsible
and equitable use in the clinical setting.

Data privacy and security: Multimodal datasets—in-
cluding radiographs, CBCT images, intraoral scans,
photographic images, and behavioral data—are highly
sensitive. The storage, transmission, and processing of
these data must be in accordance with the international
standards, such as the health insurance portability and
accountability act or the general data protection regula-
tion. The use of strong de-identification and encryption
methods is essential to minimize the risk of patient re-
identification (34).

Algorithmic bias: Al models trained on limited or
homogeneous populations may perform poorly across
ethnic, geographic, or socioeconomic groups. Such al-
gorithmic bias can lead to unfair predictions. To mitigate
this problem, it is necessary to have diverse data and use
ethical Al techniques in developing and evaluating mod-
els.

Maintaining the role of clinical judgment: Al systems
should act as decision support tools, not as a substitute
for the orthodontist’s expertise. The ultimate respon-
sibility for treatment decisions should still lie with the
specialist to maintain patient safety, individualized treat-
ment, and professional accountability.

Transparency and accountability: Complex, unexplain-
able (black-box) models pose challenges for transparen-
cy and accountability. The use of XAl frameworks can
help professionals understand and validate predictions.
In addition, clear guidelines are needed to determine li-
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ability in the event of errors, and the roles of developers,
software vendors, and clinicians need to be defined. Ad-
dressing these ethical dimensions is critical to gaining
the trust of professionals and patients and to ensuring
safety and fairness in the clinical adoption of Al in or-
thodontics.

Conclusions

Al has shown significant potential for predicting orth-
odontic treatment duration and, in many cases, has been
more accurate than estimates based on cephalometric
analysis or experts’ clinical experience. Studies (10)
and (11), have shown that ML models can predict aver-
age treatment duration with higher accuracy. However,
patterns of bias still exist, with short treatments being
overestimated and long treatments being underestimat-
ed. These limitations are mainly due to the use of retro-
spective and single-center data, limited sample sizes, and
a focus on clinical and cephalometric variables; while
behavioral, biological, and socioeconomic factors have
been less considered. Despite these limitations, the find-
ings suggest that the integration of Al-based predictive
tools into orthodontics is feasible. Even rough estimates
can help orthodontists improve communication with pa-
tients about treatment expectations, anticipate potential
delays, and better plan appointments. It is crucial that
this technology remains an adjunct and not a substitute
for clinical judgment and experience. Transparent and
explainable models are also critical for increasing pro-
fessional confidence and clinical acceptance.

To advance this field, large multicenter, and multiethnic
datasets that integrate multimodal variables, including
imaging data, patient compliance indices, and biomark-
ers, are needed. Methodologically, adaptive and time-se-
ries-based models combined with XAI frameworks can
increase the accuracy and dynamics of predictions and
allow them to be updated throughout treatment. Finally,
prospective validation and external testing are essential
to transform experimental algorithms into reliable clini-
cal tools. With these steps, Al can move from a research
concept to a transformative tool in orthodontics, improv-
ing efficiency, patient satisfaction, and evidence-based

decision-making.
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