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ABSTRACT

Introduction: Accurate assessment of skeletal maturity, particularly through Cervical Vertebral Maturation (CVM)
staging, is essential for optimal orthodontic diagnosis and growth-modification treatment timing. While manual CVM
evaluation using lateral cephalograms is standard, it is inherently subjective and prone to inter-observer variability. This
study aimed to develop and validate an artificial intelligence (AI) algorithm to automate CVM staging, enhancing
objectivity, consistency, and clinical workflow efficiency.

Aim: To develop and evaluate a machine learning-based Al algorithm for the automatic evaluation of cervical vertebral
maturation on digital lateral cephalograms and to compare the Al model’s performance with manual CVM staging
performed by expert orthodontists.

Method: A retrospective study was conducted using 1000 lateral cephalograms (patients aged 9-20 years). The dataset
was annotated according to the McNamara and Franchi CVM staging system (CS1-CS6) and partitioned into training
(70%), validation (20%), and test (10%) sets. A ResNet-50 convolutional neural network was trained and optimized using
PyTorch Model performance was assessed through stage-wise accuracy, sensitivity, specificity, positive and negative
predictive values, and agreement with manual staging by orthodontists.

Results: The Al model demonstrated high stage-wise classification accuracy: 100% for CS1 and CS6, and 87.5%-94.4%
for intermediate stages (CS2—CS5). Overall agreement with manual staging was strong (Chi-square = 136.392, p <0.001),
with most misclassifications occurring between adjacent stages. Diagnostic metrics were robust, with specificity >92.8%
across all stages and a negative predictive value of 100% for CS1. The model maintained consistent performance across
the maturation continuum without statistically significant stage-dependent error (p = 0.47).

Conclusion: The developed Al algorithm reliably automates CVM staging with accuracy comparable to expert
orthodontists. It shows potential to reduce observer variability, improve diagnostic consistency, and streamline clinical
workflows. Future multi-center validation, integration of longitudinal data, and real-time clinical implementation are
recommended to enhance generalizability and clinical utility.

Keywords: Artificial Intelligence, Machine Learning, Neural Networks, Cervical Vertebral Maturation (CVM) / CVM
staging, Skeletal maturity.
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INTRODUCTION

The accurate assessment of skeletal maturity is a
fundamental principle in orthodontic treatment, particularly
in dentofacial orthopedic correction. The stage of facial
growth!, especially mandibular development, plays a crucial
role in diagnosis, prognosis, and treatment planning?.
Growth modification therapies such as functional
appliances and maxillary expansion are most effective when

initiated during the peak circumpubertal growth period.
Improper timing of these interventions can lead to
prolonged treatment duration, compromised outcomes, or
the need for surgical correction of jaw discrepancies’.
Therefore, accurate identification of the pubertal growth
spurt is essential for effective and efficient orthodontic
treatment.

Traditionally, skeletal maturity has been assessed using
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indicators such as dental development and hand—wrist
radiographs®. Hand-wrist radiographs have long been
considered the reference standard due to their strong
correlation with pubertal growth velocity. However, their
clinical use requires an additional radiographic procedure,
increasing patient radiation exposure as well as treatment
time and cost.

To overcome these limitations, the Cervical Vertebral
Maturation (CVM) method was developed®. This method
evaluates morphological changes in the second, third, and
fourth cervical vertebrae (C2, C3, and C4), which are visible
on routine lateral cephalometric radiographs taken for
orthodontic diagnosis. The CVM method proposed by
Baccetti, Franchi, and McNamara classifies skeletal
maturation into six stages (CS1-CS6), representing pre-
pubertal (CS1-CS2), circumpubertal (CS3—CS4), and post-
pubertal (CS5-CS6) growth phases®. Because it utilizes an
already available radiograph, CVM staging has become
widely adopted in orthodontic practice.

Despite its advantages, CVM assessment remains subjective
and dependent on examiner experience. Meanwhile,
advancements in Artificial Intelligence (AI)—the science of
creating intelligent machines’—have enabled computers to
analyze complex medical images. Al includes Machine
Learning (ML), which allows systems to learn patterns from
data, and Deep Learning (DL), a subset of ML that uses
neural networks to automatically extract features from
images®. The development of Al models typically involves
data collection, annotation, preprocessing, model design,
training, and validation®.

In healthcare, Al has evolved into practical applications
such as Clinical Decision Support Systems (CDSS), which
assist clinicians in diagnosis and treatment planning'%!!2,
In dentistry and orthodontics, Al has already been applied to
tasks including automated cephalometric landmark
identification and analysis of digital scans'>.

Given the subjectivity of CVM assessment and the growing
capability of Al-based image analysis, this study aims to
develop, validate, and evaluate a deep learning model for
the automated classification of Cervical Vertebral
Maturation stages from digital lateral cephalometric

radiographs. By integrating clinical orthodontic knowledge
with modern deep learning techniques, this research seeks
to provide a more objective and reliable tool to support
orthodontic diagnosis and treatment planning.

AIM OF THE STUDY:

The aim of this study is to develop and evaluate an artificial
intelligence algorithm using machine learning techniques
for the automatic evaluation of cervical vertebral maturation
status on digital lateral cephalograms.

NULL HYPOTHESIS:

There is no statistically significant difference in the
accuracy of cervical vertebral maturation status evaluation
between the developed artificial intelligence algorithm
using machine learning and traditional manual evaluation
methods.

METHOD:

Sample Composition

This study was set up in Inderprastha Dental College,
Ghaziabad. This study included existing lateral
cephalogram radiographs data from 1000 untreated patients
aged from 9 to 20 years of age visiting the Department of
Orthodontics & Dentofacial Orthopedics. Inclusion
criterion for the study group was Lateral cephalometric
radiographs in which cervical vertebrae (C2 to C4) visible
were included. Cephalometric radiographs of individuals
wearing retainers, orthodontic appliances or necklaces,
earrings and Non-standard images (such as those captured
with incorrect head positions), as well as low-quality images
(including blurred images) were excluded.

Study Method:

Cervical Vertebral Maturation (CVM) staging was
performed using the McNamara and Franchi method (CS1—
CS6), selected for its reliability and correlation with hand-
wrist analysis. An examiner trained by an expert
orthodontist classified all images.

Table No. 1: Six stages of CVM using McNamara & Franchi Method

SI | CVM Description

no. | stages

1 CS1 The lower border of all three vertebrae (C2 — C4) are flat. The bodies of C3 and C4 are trapezoidal (the
superior edge of the vertebral body tapers from posterior to anterior).

2 CS2 Concavity at the lower edge of C2.
The bodies of the C3 and C4 are trapezoidal.

3 CS3 Concavity at the lower edge of C2 and C3.
The bodies of C3 and C4 can be trapezoidal or horizontally rectangular.

4 CS4 A concavity exists at the lower edge of C2, C3, and C4.
The bodies of the C3 and C4 are horizontally rectangular.

5 CS5 The concavities at the lower edges of C2, C3, and C4 are still visible.
There is at least one body from C3 and C4, which is square. If it is not square, one of the other bodies
is still a horizontal rectangle.

6 CS6 The concavities at the lower edges of C2, C3, and C4 are still visible. There is at least one body from
C3 and C4, which is square. If it is not square, one of the other bodies is still a vertical rectangle.
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Annotation:

Images were annotated on Roboflow software, where
cervical vertebrae (C2—C4) were outlined with a polygon
tool. Each CVM stage was color-coded.

Data Partition:
The dataset was randomly split into:

e  Training set: Used to teach the model. (70%)

e Validation set: It was a portion of original dataset
that was used during model training to tune and
evaluate model's performance before testing it on
completely unseen data. (20%)

e Test set: Used only at the end to evaluate final
performance. (10%)

Pre-Processing:
Images were standardized by:
e  Cropping to a Region of Interest (ROI) of C2—-C4
e Resizing to 100x200 pixels
e Applying noise reduction
enhancement

and  contrast

Model Initialization & Development:
A ResNet-50 convolutional neural network (CNN) was
implemented using PyTorch. The model was designed to
detect two key morphological features:
1. Presence/absence of inferior border concavities in
C2,C3,C4
2. Shape changes of C3 and C4 (trapezoidal —
rectangular — square)

Training Process:
e Loss Function:
prediction error.
e  Optimization: Stochastic Gradient Descent (SGD)
adjusted model weights via backpropagation.
e Training was conducted over multiple epochs until
loss minimized.

Cross-entropy loss measured

Model Evaluation:
After training, the model was saved and evaluated on the
test set using metrics such as accuracy and precision.

Manual Tracing:

50 unseen radiographs were manually traced by experienced
orthodontists. The AI’'s CVM stage predictions were
compared against these manual annotations.

Data Analysis:

Data were analyzed using SPSS v27.0. Descriptive
statistics, Chi-square tests, and a 5% significance level
were applied. Performance metrics were calculated to
evaluate Al vs. manual staging.

RESULTS:

The results of the study demonstrate that the ResNet-50
deep learning model developed for the automated staging of
Cervical Vertebral Maturation (CVM) achieved a high level
of performance across key evaluation metrics. On the
independent test set of 100 images, the model exhibited
robust stage-wise classification, with perfect accuracy
(100%) for both the initial CS1 and final CS6 stages.

Table 1: Stage-Wise Classification Accuracy of the Al Model in Cervical Vertebral Maturation Staging (n=100)

Stage Correct Wrong | Chi-Square value | p-value, S/NS
CS1 | 16 (100%) 0 (0%)

CS2 | 15(93.75%) | 1(6.25%)

CS3 | 14(87.5%) | 2(12.5%)

CS4 | 14 (87.50%) | 2 (12.5%)

CS5 | 17 (94.44%) | 1 (5.56%) 4.57 0.47, NS
CS6 | 18 (100%) 0 (0%)

p < 0.05 - Significant, CI =95 %

Stage-wise Correct vs Wrong Classification

Number of Cases

21 mmm Correct
s Wrong

cs1

cs2

Ccs3

cs4
Stages

Cs5 Cse6

Graph 1: Stage-Wise Classification Accuracy of the Al Model in Cervical Vertebral Maturation Staging (n=100)

Accuracy for the intermediate stages ranged from 87.5%
(CS3 and CS4) to 94.44% (CS5), and a Chi-square analysis
confirmed no statistically significant variation in

performance across the six stages (y*> = 4.57, *p* = 0.47),
indicating consistent predictive capability throughout the
maturation spectrum.
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Table 2: Comparison of stage prediction between Artificial intelligence algorithm and manual evaluation of
cervical vertebral maturation on digital lateral cephalograms. (n=50)

Stage Cs1 CS2 CS3 CS4 CS5 CSé6 Chi-Square p-value,
value S/NS
CS1 8 (16%) 3 (6%) 0 (0%) 0 (0%) 0 (0%) 0 (0%)
CS2 0 (0%) 5 (10%) 1 (2%) 0 (0%) 0 (0%) 0 (0%)
CS3 0 (0%) 0 (0%) 7 (14%) 1 (2%) 0 (0%) 0 (0%)
Cs4 0 (0%) 0 (0%) 0 (0%) 6 (12%) 0 (0%) 1 (2%)
CS5s 0 (0%) 0 (0%) 0 (0%) 1 (2%) 8 (16%) 0 (0%) 136.392 <0.001,HS
CSe6 0 (0%) 0 (0%) 0 (0%) 0 (0%) 1 (2%) 8 (16%)
8
Cs1 3 0 0 0 0
7
()
2 5
;hrCs34 O 0 7 1l 0 0
g 43
o O
z 3
-1
cs6{ O 0 0 0 1
T T T T T — 0
CS1 CS2 CS3 Cs4 CS5 CS6

Manual Tracing (Gold Standard)

Graph 2: Comparison of stage prediction between Artificial intelligence algorithm and manual evaluation of
cervical vertebral maturation on digital lateral cephalograms. (n=50)

A critical comparison against manual evaluations by expert
orthodontists on a separate set of 50 radiographs revealed
substantial agreement, with an overall concordance rate of
84%. The majority of disagreements were clinically minor,
consisting of adjacent-stage misclassifications, which
accounted for 87.5% of all errors. Statistical analysis of the

confusion matrix, however, revealed a significant, non-
random pattern in the discrepancies (y*(15) = 136.392, *p*
< .001), suggesting a systematic bias in the model, often
toward predicting a slightly more advanced stage than the
human evaluator.

Table 3: Comprehensive Diagnostic Performance of the AI Algorithm

Variable Sensitivity | Specificity | PPV | NPV | Accuracy

(%) (%) (%) | (%) (%)
CS1 100 92.8 72.7 | 100 94
CS2 62.5 97.6 83.3 | 93.1 92
CS3 87.5 97.6 87.5 ] 97.6 96
CS4 75 97.6 85.7 | 953 94
CS5 88.8 97.5 88.8 | 97.5 96
CS6 88.8 97.5 88.8 | 97.5 96

PPV = Positive Predictive Value; NPV = Negative Predictive Value
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Diagnostic Performance of Al Model Across CVMI Stages
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Graph 3: Comprehensive Diagnostic Performance of the AI Algorithm

Diagnostically, the model demonstrated exceptionally high
and consistent specificity, ranging from 92.8% to 97.6%
across all stages, indicating a strong ability to correctly
identify cases that were not a particular stage. Sensitivity
was perfect for CS1 (100%) and remained high for most
other stages, though it was lowest for CS2 (62.5%). The
overall stage-wise classification accuracy was high, ranging
from 92% to 96%. Furthermore, the model's Negative
Predictive Value (NPV) was perfect for CS1 and exceeded
93% for all other stages, underscoring its reliability in ruling
out a maturation stage. The Positive Predictive Value (PPV)
was highest for the later CS5 and CS6 stages (88.8%). In
summary, the Al algorithm achieved a high degree of
accuracy and diagnostic consistency, showing particular
strength in specificity and NPV, which supports its potential
utility as an objective and efficient decision-support tool in
clinical orthodontic practice.

DISCUSSION:

The developed deep learning model demonstrated robust
and consistent performance in the automated classification
of all six CVM stages (CS1-CS6). Achieving perfect
accuracy (100%) for the initial (CS1) and final (CS6) stages,
and high accuracy (87.5% to 94.44%) for the intermediate
transitional stages, the model's reliability was statistically
uniform across the maturation continuum, as confirmed by
a non-significant Chi-square test (y*> = 4.57, *p* = 0.47).
This stage-wise consistency is a significant strength,
indicating that the model did not degrade in performance at
any specific developmental phase.

The superior accuracy for CS1 and CS6 can be attributed to
their anatomically distinct and unambiguous morphological
features—such as uniformly flat vertebral borders in CS1

and definitive concavities with square/vertical shapes in
CS6—which present minimal inter-stage ambiguity and are
highly amenable to feature extraction by convolutional
neural networks (CNNs). This finding aligns with
established literature, where early and late stages with high
morphological contrast are consistently classified with
greater accuracy than the subtle, transitional intermediate
stages (CS3-CS4)'*. The model’s performance situates it
within the higher tier of current AI implementations for
CVM staging, as documented in recent systematic reviews
which report a broad accuracy range of approximately 60%
to over 90% across different studies and architectures'.

A critical validation of the model's clinical utility was its
high concordance (84%) with manual staging by expert
orthodontists. This strong agreement validates the model's
capacity to emulate expert visual assessment, a cornerstone
of current clinical practice. Importantly, the pattern of
disagreement was clinically interpretable and non-random.
The vast majority of misclassifications (87.5%) were
confined to adjacent stages (e.g., CS2—CS3, CS3-CS4), a
pattern frequently reported in the literature and reflective of
the inherent subjectivity and morphological continuum in
CVM assessment'*, This "ordinal integrity"—where errors
are typically off by only one stage—is clinically reassuring,
as misclassifications between adjacent stages have a lesser
impact on growth timing decisions compared to gross errors
spanning multiple maturation phases'. The model's ability
to minimize such gross misclassifications underscores its
potential to reduce the inter-observer variability that plagues
manual CVM assessment?, thereby introducing greater
objectivity and consistency into the diagnostic process.

The model exhibited a strong diagnostic profile,
characterized by exceptionally high and consistent
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specificity (92.8%—97.6%) and Negative Predictive Value
(NPV) across all stages, including a perfect 100% NPV for
CS1. This indicates a superior ability to correctly rule out a
specific CVM stage when it is absent, minimizing false-
positive diagnoses. This characteristic is particularly
valuable in clinical screening and triage, where confidently
excluding a pre-pubertal status (CS1) can streamline patient
management!’. The high specificity aligns with findings
from other studies employing CNN and ensemble models,
which similarly report specificity metrics above 94-95%18.
In contrast, the model's sensitivity and Positive Predictive
Value (PPV) showed more variability, with a notably lower
PPV for CS1 (72.7%). This is a recognized challenge in
multi-class CVM systems, often attributable to class
imbalance or the subtle morphological overlap between the
earliest stages (CS1 and CS2)!. This pattern reflects the
intrinsic difficulty automated systems face in distinguishing
stages with less definitive anatomical boundaries, a
limitation also highlighted in other investigations®.

CONCLUSION:

1. The study successfully developed and validated a
ResNet-50 deep learning model capable of
automatically  classifying  Cervical  Vertebral
Maturation (CVM) stages (CS1-CS6) from digital
lateral cephalograms.

2. The model demonstrated high diagnostic efficacy,
achieving stage-wise accuracy ranging from 87.5%
to 100% and overall accuracy up to 96% on the test
set.

3. The AI model's predictions showed a highly
significant agreement (p < 0.001) with manual
staging performed by expert orthodontists, validating
its capacity to emulate expert clinical assessment.

4. The model exhibited a strong and consistent
diagnostic profile, characterized by high specificity
(>92.8%) and Negative Predictive Value (NPV)
across all stages, indicating superior reliability in
ruling out specific maturation stages.

5. Key limitations were identified, including the single-
center, retrospective design which may affect
generalizability, and a tendency for reduced
sensitivity/PPV  in  morphologically  similar
intermediate stages (CS2-CS4), reflecting a known
challenge in CVM assessment.

The model holds significant promise for enhancing
diagnostic consistency, improving workflow efficiency, and
serving as an accessible aid and educational tool in diverse
clinical and training settings.
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