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ABSTRACT

The integration of artificial intelligence (Al) into orthodontics is transforming diagnostic and therapeutic approaches,
particularly in the management of skeletal Class Il malocclusion with the Herbst appliance. This article reviews the application
of Al-based methods — including machine learning (ML) and convolutional neural networks (CNN) — in Herbst appliance
therapy, encompassing automated cephalometric landmark detection, skeletal maturation assessment, treatment
outcome prediction, and post-treatment stability evaluation. A clinical study of 90 patients aged 10-16 years treated with
the Herbst appliance was conducted. Al-assisted cephalometric analysis demonstrated a mean landmark detection error
of 1.2140.34 mm versus 2.18+0.61 mm by manual method (p<0.001). Al-predicted mandibular advancement outcomes
matched actual results with 91.3% accuracy. The study confirms that Al serves as a powerful complementary tool in Herbst
appliance orthodontic care, enhancing precision, consistency, and treatment efficiency.
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WCKYCCTBEHHbIA MHTENJEKT B OPTOQOHTMMN: MHTETPALIUA C TEPANMEN ANMAPATOM
EPBCTA 1A AUATHOCTUKW, NJIAHWPOBAHNA JIEYEHWA W OLIEHKK PE3YJIbTATOB

Huemamoes PH., Py3ues LLl./].

TalWKeHTCKNM MeauLIVHCKII YHUBEPCUTET, Ka(beﬂpa OPTOAOHTUM 1 OETCKOTO MPOTE3NPOBaHNA

AHHOTALIUA

MHTerpaumsa nckycctBeHHoro nHtennekta (M) B opTogoHTHio TpaHChopMMpyeT AnarHoCcTUYecKre 1 TepaneBTnyeckme
MOAXOAbl, OCOBEHHO MPWU NeYeHUM CKeleTHOM aHOoManun mpukyca |l Knacca ¢ Mcnonb3oBaHWeM amnnapata [epbcTa.
B paHHOM CTaTbe paccMaTpuBAeTCA MPUMEHEHWE METO[OB, OCHOBAHHbIX Ha VM — BKoYas MalWVHHOe ObyueHue
(ML) n ceepTouHble HelpoHHble ceTv (CNN) — B Tepanum annapaTtom epbcTa, OXBaTbiBalOLEE aBTOMATU3MPOBAHHOE
onpeaeneHue LedanoMeTpnUYecKkx OPUEHTUPOB, OLIEHKY CKENETHOWN 3penocTy, MPOrHO3MPOBaHME Pe3yNbTaToOB eyeHus
1 OLeHKY CTabUNbHOCTIX Mocne neveHus MNpoBeaeHo KMMHNYeCKoe NCCeaoBaHve ¢ yyactiem 90 nalmeHToB B BO3pacTe
10—16 neT, NPOXOAMBLLNX NeUeHne C UCMOoMb30oBaHWeM annapata lfepbcTa. LiedanomeTpuueckinin aHanms ¢ npYmMeHeHnem
W nokazan cpefHiolo OWKbKy onpeaenenvs opueHT1poBs 1,21+0,34 MM no cpaBHeHuto ¢ 2,18+0,61 MM Npu pyYHOM
metofe (p<0,001). MporHo3npyemble ¢ nomoLbto I pe3ynbTaTsl BbIABUKEHWA HUXKHEN YeioCTV COBManv C GakTUYeCKMM
pesynbratamy € TOYHOCTbIO 91,3% ViccnepgosaHune noarsepxaaet, yto W ABNAETCA MOLLHBbIM BCMOMOraTeSibHbIM
NHCTPYMEHTOM B OPTOAOHTUYECKOM fleUeHnm C MpUMeHeHreM annaparta lepbcTa, NoBbIlad TOYHOCTb, BOCMPOM3BOANMOCTb
1 3GGEKTVUBHOCTL NeYeHNS.

KnioueBble cnoBa: l/ICKyCCTBeHHbIPI WHTENNEKT, MallHHOe o6yt4eHv1e, arrapat |'ep6CTa, OPTOAOHTNA, aHOMaJTNA
NprKyCa [l knacca, Ll,ed)aJ'IOMeTpl/lbleCKl/II;I aHanus, CBepTOYHad HeI7IpOHHaF| CeTb, CKeJIETHaA 3PesIoCTb, MIaHNPOBaHWeE
neyeHus.

[na yumupogaHus:
Huemamoe P.H., Py3ues LLI.[]. \CKyCCTBEHHbIM MHTENNEKT B OPTOAOHTUW: MHTErpaumnA C Tepanver annapatom lepbcTa ana

AVArHOCTVIKY, MNAHVUPOBAHWA TeUeHNs 1 OLieHKM pe3ynbTaToB. IHmMezpamueHas cmomamosioaus U YesIloCmHo-/uyesas
xupypaus. 2026;5(2):102-106. https://doi.org/10.57231/j.idmfs.2026.5.2.012
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INTRODUCTION

Class II' malocclusion — characterized by
mandibular retrusion relative to the maxilla —
affects approximately 15-30% of the global
population and represents one of the most
common skeletal discrepancies encountered in
orthodontic practice [1]. Among the functional
appliances available for its correction during
the growth period, the Herbst appliance has
established itself as a highly effective, non-
compliance-dependent device capable of
inducing measurable mandibular advancement
and condylar adaptation [2]. Nevertheless,
accurate patient selection, optimal timing of
intervention, and reliable prediction of treatment
outcomes remain challenging tasks that depend
heavily on the clinician's experience and the
quality of diagnostic records.

Artificial intelligence (Al), particularly machine
learning (ML) and deep learning algorithms
based on convolutional neural networks (CNN),
has recently emerged as a transformative
force across medical disciplines, including
dentistry and orthodontics [3]. Al systems
have demonstrated the capacity to perform
automated cephalometric landmark detection,
classify  skeletal patterns, assess cervical
vertebral maturation (CVM) stages, and predict
treatment responses with accuracy matching or
exceeding that of experienced clinicians [4, 5].
The application of these capabilities to Herbst
appliance therapy opens new horizons for
personalized, data-driven orthodontic care.

Despite growing interest in Al-assisted
orthodontics, its systematic integration with
specific functional appliance protocols —
particularly the Herbst appliance — remains
an underexplored area. The present study aims
to bridge this gap by examining how Al tools
can enhance each phase of Herbst appliance
treatment: from initial diagnosis and timing
decisions to outcome prediction and long-term
stability monitoring.

AIMS OF THE STUDY

The primary aim of this study was to evaluate
the clinical efficacy of Al-assisted methods
in the diagnosis, treatment planning, and
outcome assessment of patients undergoing
Herbst appliance therapy for skeletal Class
Il malocclusion. Secondary aims included

comparing Al-generated cephalometric
measurements with manual analysis, assessing
the accuracy of Al-based skeletal maturation
staging, and determining the predictive value of
machine learning models for mandibular growth
response during Herbst treatment.

MATERIALS AND METHODS

A prospective clinical study was conducted at
the Department of Orthodontics and Pediatric
Prosthodontics, Tashkent State Dental Institute,
involving 90 patients (48 female, 42 male) aged
10-16 years diagnosed with skeletal Class II
malocclusion (ANB angle >4°, overjet >5 mm).
All patients were in the active pubertal growth
phase (CVM stages CS3-CS4) as confirmed by
lateral cephalograms. Exclusion criteria included
prior orthodontic treatment, systemic diseases
affecting craniofacial growth, and incomplete
records.

Patients were divided into two groups: Group
A (n=45) in which treatment planning and
monitoring utilized Al-assisted cephalometric
analysis, and Group B (n=45) in which
conventional manual cephalometric analysis
was employed. All patients in both groups
received the identical Herbst appliance protocol
with 5-7 mm of mandibular advancement in a
single activation step, followed by a retention
phase with a mandibular fixed retainer and
maxillary Hawley appliance for 12 months.

The Al platform employed was a validated
deep learning system based on a ResNet-50
convolutional neural network architecture,
trained on a database of 4,200 annotated
lateral cephalograms. The system automated
the detection of 19 standard cephalometric
landmarks and computed ANB angle, SNB
angle, Wits appraisal, mandibular plane angle,
and overjet/overbite ratios. Skeletal maturation
was assessed using an Al-based CVM classifier
trained on 3,100 cervical vertebral images with
demonstrated inter-examiner agreement of
k=0.89.

A Random Forest ML model was trained
on pre-treatment variables — including age,
sex, ANB angle, mandibular length (Co-Gn),
gonial angle, and CVM stage — to predict post-
treatment mandibular advancement (ASNBp)
and overjet reduction. The model was validated
using 5-fold cross-validation on a separate
dataset of 210 previously treated Herbst
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cases. Outcome variables assessed at T1 (pre-
treatment), T2 (end of active Herbst treatment,
12 months),and T3 (end of retention, 24 months)
included: cephalometric changes (ANB, SNB,
SNA, Wits, Co-Gn, Ar-Gn), overjet reduction, and
patient-reported outcomes (PRO) measured on
a validated 10-point satisfaction scale.

RESULTS

Al-assisted cephalometric landmark detection
achieved a mean radial error of 1.21+0.34 mm
across all 19 landmarks, compared to 2.18+0.61
mm for manual analysis (p<0.001). Processing
time was reduced from an average of 18.4+3.2
minutes (manual) to 1.8+0.3 minutes (Al-
assisted). Intra-examiner reliability of the Al
system was k=093, significantly higher than
the manual method (k=0.76, p<0.01). Al-based
CVM staging demonstrated 93.2% concordance
with gold-standard assessment by two senior
orthodontists, reducing the rate of premature
treatment initiation by 21% compared to the
conventional group.

Regarding cephalometric outcomes at T2,
both groups showed statistically significant
improvements. However, Group A (Al-assisted)
demonstrated marginally superior ANB angle
correction (—3.840.7° vs. —3.2+0.9°, p<0.05) and
greater mandibular advancement as measured
by Co-Gn increase (+54+1.1 mm vs. +4.6+1.3
mm, p<0.05), attributable to more precise
growth timing through Al-assisted CVM staging.
Overjet reduction was comparable between
groups (=5.1+1.2 mm vs. —=4.9+1.4 mm, p=0.48).

The Random Forest ML predictive model
achieved a mean absolute error (MAE) of 0.62°
for SNB angle prediction and 0.84 mm for overjet
reduction, with an overall outcome prediction
accuracy of 91.3%. The most influential predictor
variables identified by feature importance
analysis were CVM stage (relative importance
0.31), pre-treatment mandibular length Co-Gn
(0.24), ANB angle (0.19), and patient age (0.14).
Cases where Al-predicted favorable mandibular
response (ASNBp >2°) were confirmed in 89 of
97 instances (91.8%), demonstrating high clinical
utility.

At T3 (post-retention), relapse analysis
revealed that Group A patients maintained
84.6% of ANB correction versus 79.2% in Group B
(p<0.05).Total treatment duration in Group A was

reduced by an average of 1.8 months compared
to Group B, attributed to Al-optimized activation
timing and earlier identification of adequate
mandibular response. Patient satisfaction scores
were significantly higher in Group A (9.1+0.6 vs.
84+0.9 out of 10, p<0.01).

DISCUSSION

The findings of this study demonstrate that Al
integration into Herbst appliance therapy offers
measurable clinical advantages across all phases
of treatment. The superior accuracy of Al-assisted
cephalometric analysis aligns with findings from
earlier studies on deep learning in orthodontic
imaging, where CNN-based systems consistently
outperformed manual landmark identification in
speed and reproducibility [6, 7]. The reduction
in processing time from 18 to under 2 minutes
per case represents a substantial gain in
clinical efficiency, particularly in high-volume
orthodontic practices.

The improved treatment timing facilitated by
Al-based CVM staging is particularly significant
in the context of Herbst appliance therapy,
where the pubertal growth peak (CS3-CS4)
represents the optimal window for functional
appliance intervention. Missed timing —
initiating treatment too early or after the peak
— substantially diminishes the condylar and
dentoalveolar response [8]. The 21% reduction
in premature treatment initiation observed in
the Al-assisted group translates directly into
improved skeletal outcomes and reduced total
treatment burden.

The predictive capability of the Random Forest
model (91.3% accuracy) provides orthodontists
with an objective, data-driven basis for patient
selection and parental counseling. Variables
such as mandibular length and CVM stage
emerged as the strongest predictors of favorable
mandibular response — consistent with the
established biological rationale for functional
appliance efficacy [9]. This tool could ultimately
enable a paradigm shift from experience-based
to evidence-based patient selection for Herbst
appliance therapy.

It is important to emphasize that Al serves
as a decision-support tool rather than a
replacement for clinical judgment. Factors such
as patient compliance, soft tissue response, and
individual growth variation require the nuanced

https.//idmfs.uz




MHmeepamueHaﬂ cmomamaoriocuA U YesinCmHo-iuuesad xupypeus

Tom 5 | Buinyck 2(14) | 2026

assessment of an experienced orthodontist
that current Al systems cannot fully replicate
[10]. Furthermore, the interpretability of deep
learning models — the so-called 'black box'
problem — remains a limitation, particularly in
medicolegal contexts. Future work should focus
on developing explainable Al (XAl) frameworks
that provide transparent reasoning for clinical
recommendations in orthodontics.

CONCLUSIONS

1. Al-assisted  cephalometric  analysis
significantly outperforms manual methods in
landmark detection accuracy (1.21 vs. 2.18 mm
mean error) and processing speed (1.8 vs. 184
minutes), enhancing diagnostic reliability in
Herbst appliance patients.

2. Al-based cervical vertebral maturation
staging improves treatment timing precision,
reducing premature Herbst appliance initiation
by 21% and thereby optimizing the skeletal
response to mandibular advancement.

3. Machine learning-based prediction of
mandibular advancement outcomes achieves
91.3% accuracy, providing an evidence-based
foundation for patient selection and informed
consent in Herbst appliance therapy.

4. Al-assisted treatment planning is associated
with superior skeletal correction, better post-
retention stability (84.6%vs.79.2% ANB correction
maintained), shorter overall treatment duration,
and higher patient satisfaction scores.

5. Al functions as a powerful complementary
tool in orthodontics: its integration with Herbst
appliance protocols does not replace clinical
expertise but substantially augments the
orthodontist's capacity for precise, personalized,
and efficient care.

6. Future development of explainable Al
modelsandlargermulticenterdatasetsisessential
to fully validate Al-assisted approaches and
ensure their equitable, transparent application
across diverse orthodontic populations.
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KOH®JNKT NHTEPECOB

ABTOPbI 3asBNAIOT, YTO [aHHas pabota, eé
TeMa, NPeaMeT 1N COAepKaHWe He 3aTparneatoT
KOHKYPUVPYIOLMX MHTEPECOB.

NCTOYHWUKH PUHAHCHPOBAHNA
ABTOPbI 3aABAAIOT 00 OTCYTCTBUM DUHAHCK-
POBaHWA NPY NPOBEAEHNUM NCCNefoBaHNMA.

NOCTYNHOCTb AAHHDBIX W MATEPNAJIOB

Bce aaHHble, nmonyuyeHHble UM NpoaHannan-
POBAHHbIE B XO/i€ 3TOrO NCCNEA0BAHWA, BKOUe-
Hbl B HACTOSALLYIO OMYOANKOBAHHYIO CTaTbHO.

BKJIAL OTLEJIbHBIX ABTOPOB

Bce aBTOpbI BHECIM CBOW BKNA4 B MOATOTOBKY
NCCNefoBaHNA 1 TONKOBaHWE ero pe3ynbTaTos, a
TakXe B MOArOTOBKY MOCHEAyIWMX pedaKkLmnin.
Bce aBTOpbI NpoYMTanu 1 Of00PUAM UTOrOBbIN
BapMWaHT PYKOMMUCH.
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JTMYECKOE O106PEHME 1 COrNACHE HA YYACTHE

Boinn cobniofeHbl BCe MPUMEHVMbIE MeXay-
HapOAHble, HaUMOHaNbHbIE W/WK UHCTUTYLIMO-
HasIbHble PYKOBOAALLME STUYECKME MPUHLMMDI.

COrNACHE HA NYBJTNKALINIO
He nprmeHmnmo.

NMPUMEYAHWE M3 DATENA

KypHan "MIHmezpamugHas cmomamorsnoaus
U YeslloCmHo-uyesds xupypeus" COXpaHsaeT
HETPaNMTeT B OTHOLLEHWN tOPUCANKLIMOHHbIX
NpeTeH3uin No onyONMKOBAHHBIM KapTaM U yKa-
3aHVISIM VHCTUTYLIMOHANbHOM NPUHAANEXHOCT.
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