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Abstract
Introduction  Traditional orthodontic diagnostics rely significantly on lateral cephalometric radiographs, posing 
health risks due to ionising radiation, particularly in paediatric patients. Artificial intelligence (AI) represents a 
promising alternative by enabling predictions of cephalometric parameters from non-radiographic clinical data. 
This study evaluates the accuracy and clinical utility of CEPHCLINIC, an open-source AI software designed to predict 
conventional cephalometric measurements using clinical photographs and intraoral 3D scans, thus adhering to 
radiation protection principles.

Materials and methods  The dataset comprised 1255 subjects from the American Association of Orthodontists 
Foundation (AAOF) craniofacial collection, encompassing demographic and clinical variables (age, gender, overbite, 
overjet, facial dimensions). This dataset was randomly divided into training (80%, n = 1004) and validation (20%, 
n = 251) subsets. Additionally, an independent external test set of 51 untreated orthodontic cases was employed 
for rigorous evaluation. Input variables for model training included clinical parameters derived from photographs 
(WebCeph software) and intraoral scans (iTero scanner, MeshMixer software). Supervised predictive regression 
models, including ExtraTreesRegressor, CatBoostRegressor, and Support Vector Regression, were optimised through 
GridSearchCV and validated using repeated random subsampling. Predictive accuracy was assessed statistically using 
Root Mean Squared Error (RMSE), Mean Absolute Error (MAE), Spearman correlation coefficients, R-squared values, and 
paired t-tests.

Results  The ExtraTreesRegressor demonstrated superior performance across multiple cephalometric parameters, 
achieving notably low RMSE values in the independent test set for ANB (2.772°) and NP2PA (2.317 mm). However, 
parameters like COPAD exhibited higher prediction errors (RMSE 12.121 mm). Spearman correlation analysis indicated 
strong prediction consistency for COPOD (0.850), moderate for U1SNA (0.548), and poor predictability for NP2PO 
(-0.052). Despite statistically significant biases observed in predictions for some parameters (paired t-test, p < 0.05), 
overall predictive accuracy was clinically acceptable, emphasising parameters such as COPOD, COPAD, ANB, and 
U1SNA as particularly reliable.
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Introduction
Incorporating artificial intelligence (AI) into orthodontic 
diagnostics represents a significant advancement toward 
standardised and more efficient cephalometric analy-
ses [1, 2]. Traditionally, orthodontists depend on lateral 
cephalometric radiographs to assess craniofacial struc-
tures accurately and devise appropriate treatment plans. 
However, reliance on radiographic imaging introduces 
potential health risks from ionising radiation exposure, 
particularly significant in paediatric populations [3]. 
Consequently, adhering to radioprotection principles 
such as ALADAIP, which advocate minimising radiation 
exposure without compromising diagnostic accuracy, has 
become essential nowadays [4].

AI technologies, particularly machine learning and 
deep learning, may effectively address these radioprotec-
tion concerns by enabling accurate cephalometric predic-
tions from non-radiographic clinical data. Specifically, 
convolutional neural networks have shown promise in 
automating the detection and analysis of various cephalo-
metric landmarks [5]. This automation not only enhances 
diagnostic precision but may significantly reduce unnec-
essary patient radiation exposure, aligning closely with 
radioprotection principles.

Recent literature highlights the robust capabilities of 
AI in providing consistent and accurate cephalometric 
analyses across diverse patient populations, demonstrat-
ing its reliability and applicability in orthodontic prac-
tice [6]. Zecca et al. previously demonstrated AI-driven 
approaches could accurately derive cephalometric 
parameters even from limited-field radiographs, sub-
stantially reducing radiation exposure while maintaining 
diagnostic integrity [7]. These findings underscore the 
potential of AI to enhance patient safety by substantially 
decreasing radiation exposure in orthodontic diagnostics.

Additionally, AI contributes significantly to the pre-
diction of orthodontic treatment outcomes [8]. By ana-
lysing extensive clinical datasets, AI systems can assist 
clinicians in developing individualised treatment plans 
tailored to patients’ unique craniofacial characteristics 
and growth patterns. This individualised approach aligns 
closely with modern standards of personalised care, min-
imal invasiveness, and enhanced time-consuming.

The present study aimed to evaluate the reliability of 
predicting traditional cephalometric parameters without 
radiographic imaging, utilising AI methodologies applied 
to clinical photographs and intraoral scans. Specifically, 

this research introduced the CEPHCLINIC tool, an 
innovative open-source software designed to adhere to 
ALADAIP principles by minimising radiation exposure 
and predicting cephalometric-inspired parameters from 
routinely collected clinical images.

Materials and methods
The present research received ethical approval from the 
Ethics Committee of the University of Insubria (protocol 
number 0026262, issued on 21/02/2025) and adhered to 
the guidelines set forth by the Helsinki Declaration.

The primary objective of this study was to compara-
tively assess traditional cephalometric parameters 
derived from standard lateral cephalometric radiographs 
against estimations generated through AI-based predic-
tive models. These supervised predictive models were 
trained using input variables derived exclusively from 
clinical photographs and 3D dental scans. The corre-
sponding output-target variables were actual cepha-
lometric parameters obtained from traditional lateral 
cephalometric radiographs, used as ground truth during 
model training.

Data utilised for training the predictive algorithms 
were sourced from the craniofacial growth legacy col-
lection of the American Association of Orthodontists 
Foundation (AAOF). All cephalometric variables mea-
surable from non-radiographic data sources, such as 
photographs, dental scans, and patient demographics, 
were included as input features. Specifically, features like 
overbite (OB), overjet (OJ), upper 6 to lower 6 distance 
(U6L6D), lower face height (LFHNP), interincisal angle 
(IIANG), total face height (TFHNP), and percent lower 
face height (PLHNP) were selected based on established 
literature demonstrating the feasibility of extracting these 
parameters from extraoral photographs and 3D scans 
[9–12]. The output variables corresponded to traditional 
cephalometric parameters, including angular measure-
ments such as Sella-Nasion-A point angle (SNA), Sella-
Nasion-B point angle (SNB), A point-Nasion-B point 
angle (ANB), and linear measurements such as the dis-
tances from Point A to Nasion (NP2PA), Pogonion to 
Nasion (NP2PO), Condylion point A distance (COPAD), 
and Condylion point B distance (COPOD). Input and 
output data are presented in Table 1.

The training dataset, comprising 1255 subjects from a 
diverse multiethnic population across the USA, under-
went initial cleaning to analyse any potential missing data 

Conclusions  The CEPHCLINIC software reliably predicts key cephalometric measurements from non-radiographic 
clinical data, significantly reducing radiation exposure risks. Despite promising performance, model refinement, 
dataset expansion with broader demographic representation, and integration with digital orthodontic technologies 
are essential for enhancing precision, clinical reliability, and global applicability.
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points. Categorical data were encoded using one-hot 
encoding.

An initial exploratory data analysis (EDA) was con-
ducted to ensure the robustness of the dataset, involving 
calculation and analysis of descriptive statistics (mean, 
standard deviation, range) and a correlation matrix to 
understand interrelationships among variables. The 
starting correlation matrix revealed significant correla-
tions between key parameters, particularly among sagit-
tal (SNA, SNB, and ANB) and vertical (TFHNP, LFHNP) 
measurements, underpinning the rationale for feature 
inclusion and model complexity.

Several regression algorithms were explored to develop 
predictive models, each rigorously optimised through 
GridSearchCV to ensure maximal performance as mea-
sured by the mean squared error (MSE). Models tested 
included ExtraTreesRegressor, CatBoostRegressor, SVR, 
GaussianProcessRegressor, Ridge, Lasso, and Bayesian 
Ridge, among others. The final selection of algorithms 
was based on performance metrics indicating minimal 
prediction errors [13–15].

A repeated random sub-sampling validation method-
ology was applied, repeatedly partitioning the dataset 
into training (80%, 1004 cases) and validation (20%, 251 
cases) subsets. Additionally, an independent external 
validation dataset, consisting of 51 untreated orthodontic 

cases from the University of Insubria Dental Clinic, was 
employed to test the clinical applicability of the predictive 
models. Patients for this validation phase were randomly 
selected using the Random.org tool. Lateral clinical pho-
tographs were captured and analysed with WebCeph 
software, while 3D intraoral scans were obtained using 
the iTero scanner and analysed in STL format with Mesh-
Mixer software.

Cephalometric landmarks generated by AI predictions 
were meticulously reviewed and manually adjusted by 
experienced orthodontists to ensure accuracy and clini-
cal relevance [16].

Performance evaluation involved comprehensive sta-
tistical analyses, including calculation of Root Mean 
Squared Error (RMSE), Mean Absolute Error (MAE), 
Spearman correlation coefficient, R-squared statistics, 
and paired t-tests. These metrics provided insights into 
the accuracy, consistency, and statistical validity of the 
predictive models.

Results
The study’s descriptive statistics showed a balanced gen-
der distribution with an average patient age of 11.2 ± 3.8 
years. A correlation analysis revealed significant relation-
ships among numerous cephalometric variables, nota-
bly between SNA, SNB, and ANB, indicative of their 

Table 1  Input variables and output variables for cephalometric analysis
Input Values Output Values
OB (Overbite): vertical overlap of the maxillary incisors over 
mandibular incisors.

SNA (Sella-Nasion-A point angle): angle determining anteroposterior position of 
maxilla.

OJ (Overjet): horizontal overlap of the maxillary incisors beyond 
the mandibular incisors.

SNB (Sella-Nasion-B point angle): angle determining anteroposterior position of 
mandible.

U6L6D (Upper 6 to Lower 6 Distance): horizontal measurement 
between upper and lower first molars

NP2PA (Point A to Nasion): linear measure indicating anteroposterior maxillary 
positioning.

LFHNP (LowerFaceHeight): vertical distance from Nasion to 
Pogonion.

NP2PO (Pogonion to Nasion): linear measure for mandibular position.

IIANG (InterIncisalAngle): angle formed between the long axes 
of upper and lower incisors.

SNDST (Sella-Nasion Distance): linear measure for the anterior cranial base.

TFHNP (TotalFaceHeight): overall vertical facial measurement 
from Nasion to Pogonion.

SNFHA (SN to Frankfort Angle): angle formed by the intersection of the Sella-Nasi-
on line and the Frankfort plane.

PLHNP (Percent Lower Face Height): proportion of the lower 
face height relative to total face height.

CONVX (Angle of Convexity)

AB2FH (AB Distance): linear distance between the projections of points A and B 
onto the Frankfort plane.
U1SNA (Upper 1 to Sella-Nasion Angle)
FMPA (Frankfort-Mandibular Plane): angle between Frankfort and mandibular 
planes.
SADLA (Saddle Angle): angle formed by Nasion, Sella, and Articulare point.
WITSA (Wits Appraisal): sagittal skeletal discrepancy based on dental occlusal plane.
IMPA (L1 to Mandibular Plane Angle): inclination of L1 regarding the mandibular 
plane.
ANB (A point-Nasion-B point angle): difference between SNA and SNB angles, 
indicating skeletal discrepancy.
COPAD (Condylion point A distance): linear distance from Condylion to point A.
COPOD (Condylion point B distance): linear distance from Condylion to point B.
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anatomical dependencies, and among vertical facial mea-
surements, including TFHNP and LFHNP.

A comparative analysis using Mean Squared Error 
(MSE) showed significant variability among regression 
models, depending on the cephalometric parameter. 
Overall, the ExtraTreesRegressor consistently outper-
formed other models. CatBoostRegressor and SVR also 
delivered strong results for multiple angular and linear 
measurements. Conversely, GaussianProcessRegressor 
showed the highest error values across nearly all vari-
ables. Linear models, such as Ridge, Lasso, and Bayes-
ianRidge, displayed more variability and were generally 
outperformed by tree-based ensemble methods and neu-
ral networks (Table 2).

Error metrics for validation highlighted varying accu-
racy among predicted parameters, with RMSE ranging 
notably from 2.317 mm for NP2PA to 12.121 mm for 
COPAD (Table 4). Corresponding MAE values similarly 
ranged from a low of 1.886 mm (NP2PA) to a high of 
10.867 mm (COPAD), emphasising differences in predic-
tive reliability across measurements.

Despite relatively low average prediction errors for 
parameters like ANB (RMSE: 2.772°), the predictive mod-
els displayed limited variance explanation, as evidenced 
by R-squared values nearing zero. This pattern under-
scored the models’ tendencies towards mean-centric pre-
dictions rather than capturing individual variations.

Spearman correlation analysis further nuanced the 
assessment, revealing high rank-order consistency in pre-
dictions of COPOD (0.850), COPAD (0.568), and U1SNA 
(0.548). Conversely, parameters like NP2PO exhibited 
weak negative correlations (−0.052), indicating poor pre-
dictive consistency. Table 3 reports the correlation coef-
ficient derived from Spearman tests.

In the subsequent phase, we utilised the best-perform-
ing models from the initial testing to make predictions on 
a new set of 51 cases not included in the training dataset 
(Table 4).

Despite both aiming to assess the agreement between 
predictions and actual data, R-squared and Spearman’s 
rank correlation capture different aspects of model per-
formance. R-squared measures how much of the total 
variance is explained, while Spearman’s correlation 
assesses whether the relative rank order is preserved. 
Moreover, various machine learning models, which may 
not rely on linear assumptions, can exacerbate these 
discrepancies. As a result, a model might register a low 
R-squared (poorly explaining variance) yet maintain a 
moderate Spearman correlation if it still ranks predic-
tions in a manner that aligns reasonably well with the 
actual data (Table 4).

The paired t-test indicated statistically significant dif-
ferences (p < 0.05) between predicted and actual mea-
surements for some parameters, reflecting systematic 

biases in predictions. While this underscores the need 
for further model refinement, parameters with smaller 
and non-significant differences support potential clinical 
reliability.

Collectively, the CEPHCLINIC software demonstrated 
substantial predictive capabilities with varied accuracy 
dependent on specific cephalometric parameters. The 
results emphasise the need for further model refinement 
and dataset expansion, particularly for improved han-
dling of parameters with weaker predictive accuracy.

Figure 1 presents the Bland-Altman plots for all pre-
dicted variables in comparison to their corresponding 
real values. For each parameter, the plot shows the mean 
difference (bias) and the limits of agreement, calculated 
as the mean difference ± 1.96 times the standard devia-
tion of differences.

Discussion
The integration of AI into orthodontic diagnostics, spe-
cifically for predicting cephalometric measurements from 
clinical photographs and three-dimensional dental scans, 
represents a substantial advancement toward more effi-
cient and safer diagnostic practices [17, 18]. Traditional 
cephalometric analyses, dependent on radiographic 
images, pose inherent health risks due to radiation expo-
sure, especially significant in paediatric populations. The 
CEPHCLINIC software addresses these risks by signifi-
cantly reducing reliance on radiographs, thus aligning 
with radioprotection principles such as ALADAIP, which 
advocate minimising radiation exposure without com-
promising diagnostic accuracy.

The present findings revealed considerable variation 
in predictive accuracy among different cephalometric 
parameters. The ExtraTreesRegressor algorithm consis-
tently outperformed other models across multiple param-
eters, underscoring the strength of ensemble tree-based 
methods in managing complex, nonlinear relationships 
within clinical datasets. CatBoostRegressor and Support 
Vector Regression also showed commendable predictive 
capabilities, whereas GaussianProcessRegressor yielded 
notably inferior results, highlighting that algorithm selec-
tion critically influences predictive performance.

Statistical evaluation identified parameters such as 
ANB, COPOD, COPAD, and U1SNA as being more con-
sistently predictable. For instance, COPOD displayed a 
robust Spearman correlation (0.850), emphasising strong 
rank-order prediction consistency despite its relatively 
higher absolute prediction errors. Conversely, parameters 
such as NP2PO and NP2PA presented significant chal-
lenges, indicated by weaker correlations and higher mean 
errors, necessitating further optimisation. These discrep-
ancies likely reflect the inherent complexities in captur-
ing vertical and angular relationships from surface-based 
morphological data compared to direct radiographic 
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measurements. Therefore, the current findings underline 
that specific cephalometric parameters, notably COPOD, 
COPAD, ANB, and U1SNA, exhibit greater predictive 
reliability and thus hold immediate potential for clinical 
implementation. Conversely, predictions for NP2PO and 
similar measurements necessitate further refinement and 
should currently be used with caution in clinical settings.

A critical observation in our study was the discrepancy 
between low RMSE and minimal variance explanation 
(low R-squared values), particularly evident with ANB. 
This indicates that while the predictions were generally 
accurate in average terms, they failed to capture patient-
specific variability adequately. Consequently, while 
CEPHCLINIC shows promise for clinical use, it requires 
further refinement to enhance precision in individual 
diagnostic contexts.

Although the prediction of ANB (RMSE: 2.772°) may 
seem small in absolute terms, it is important to recognise 
that even differences of 2° in this measure can affect skel-
etal classification. Nonetheless, this level of error is com-
parable to inter-operator variability and typical Dahlberg 
errors reported in cephalometric studies. Furthermore, in 
clinical practice, angular relationships like ANB are never 
interpreted on their own but are combined with comple-
mentary values such as SNA and SNB. Therefore, while 
these predictive inaccuracies should be acknowledged, 
they do not diminish the clinical usefulness of the model 
when used alongside professional judgment.

Overall, the results indicate that linear skeletal param-
eters, such as COPOD, COPAD, and SNDST, tended to 
produce higher performance metrics in terms of cor-
relation and RMSE. However, they sometimes showed 
significant bias and broad limits of agreement. These 
parameters benefit from the inherent stability of skel-
etal landmarks and their typically well-defined geomet-
ric relationships on lateral cephalograms, making them 
more predictable from other anatomical structures.

In contrast, angular skeletal parameters, such as SNA, 
SNB, ANB, and FMPA, showed more heterogeneous 
results. While models for SNA and SNB showed accept-
able bias levels and moderate agreement, the perfor-
mance for ANB was marked by a near-zero bias but wide 
limits of agreement and a low R². This underscores how 
even minor errors in predicting angular measures can 
cause significant variability, likely due to the combined 
effect of angle sensitivity to landmark perturbations. 
FMPA and CONVX also illustrate this issue, showing 
relatively good bias but considerable dispersion in pre-
dictions. These findings suggest that although angular 
skeletal measurements may be crucial for diagnostic 
frameworks, their predictability is influenced by the indi-
rect nature of angle formation from multiple reference 
points.

The predictive performance of the models shows con-
siderable variation across different types of cephalomet-
ric parameters. Notably, the distinction between skeletal 
and dental, as well as linear and angular measures, does 
not follow a straightforward pattern of predictability. 
Among linear skeletal parameters, COPOD and COPAD 
demonstrated the strongest performance, with Spear-
man correlations of 0.850 and 0.568, respectively. These 
results suggest that external mandibular morphology, 
which is easily visible in soft tissue profiles, is effectively 
captured by the models. In contrast, other linear skeletal 
parameters such as NP2PA and NP2PO showed neg-
ligible or even negative correlations, despite their low 
RMSE values. This discrepancy indicates that the mod-
els often regress towards the mean when external land-
marks are absent, especially for measures involving deep 
cranial base structures (e.g., the Sella-Nasion line). The 
performance of angular skeletal parameters was generally 
modest. Measures like SNA, SNB, and ANB yielded very 
low correlations (ranging from − 0.182 to 0.205), imply-
ing that the models find it difficult to reconstruct cranial 
angular relationships from visual data alone. Conversely, 
dentoskeletal angular parameters such as U1SNA and 
IMPA achieved some of the highest correlations (0.548 
and 0.391, respectively). This better performance may be 
due to the visibility of perioral soft tissues, which seem 
to provide sufficient cues for estimating incisor inclina-
tion and orientation, even without direct radiographic 
information.

Overall, the analysis shows that predictability relies less 
on whether a parameter is linear or angular and more on 
whether the relevant anatomical structures are externally 
visible. Parameters associated with landmarks that can be 
inferred from the facial surface, especially the mandible 
and the anterior dental region, tend to demonstrate bet-
ter predictive agreement. Conversely, those involving 
deep skeletal landmarks, particularly in the cranial base, 
remain difficult for surface-based inference models.

. Although the average bias for these was generally 
small or non-significant, the limits of agreement were 
very wide, indicating a lack of reliability in individual 
predictions. These differences might be due to the higher 
biological variability of dental positions, as well as the 
influence of treatment history, occlusal function, or den-
tal compensations, which add more unpredictability. Fur-
thermore, minor errors in landmarking dental points, 
particularly when the incisor edges or apices are poorly 
defined, can significantly affect angular calculations, 
increasing the inaccuracy.

Interestingly, even angular parameters derived from 
skeletal landmarks, such as NP2PO and SADLA, showed 
poor performance, with significant biases and very wide 
agreement intervals. This indicates that angular vari-
ables, regardless of their anatomical origin, are generally 
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less reliable due to their mathematical reliance on accu-
rate landmark triangulation. Conversely, linear dental 
parameters were underrepresented but displayed variable 
behaviour; for example, COPAD (which relates to molar 
anteroposterior position) demonstrated better correla-
tion than expected, although it was still influenced by 
systematic error.

Taken together, these findings suggest a systematic pat-
tern: linear parameters, especially those involving skeletal 
landmarks, are generally more predictable and stable, 
whereas angular and dental parameters tend to be more 
affected by variability, likely due to a mix of biological 
complexity and geometric amplification of landmarking 
uncertainty.

Beyond classical performance metrics, the clinical 
applicability of the models was further evaluated through 
Bland-Altman plots, which assess agreement between 
real and predicted values.

The Bland-Altman analysis provides a comprehensive 
view of the agreement between real and predicted values 
for the evaluated cephalometric parameters, highlighting 
both the strengths and limitations of the prediction mod-
els. An apparent heterogeneity appears among the differ-
ent features. Notably, NP2PA stands out as the parameter 
with the best overall agreement, showing an almost zero 
bias and narrow limits of agreement. This indicates that 
the corresponding model attains a high level of accuracy 
and precision, supporting its potential reliability in clini-
cal settings. Similarly, SNFHA, U1SNA, and IMPA show 
minimal or non-significant bias. However, the range 
of the agreement intervals remains wide in some cases, 
implying that while the central tendency of predictions 

may be appropriate, the variability in individual estimates 
could limit clinical utility.

In contrast, other parameters such as COPAD, 
COPOD, and SNDST reveal notable systematic errors. 
These models consistently underestimate or overesti-
mate actual values, and the differences are not only sta-
tistically significant but also quite large. The width of the 
agreement intervals in these cases is considerable, often 
exceeding 15 units, which indicates low precision and 
makes the model unsuitable for use in precise diagnostic 
or treatment planning workflows. Interestingly, despite 
COPOD exhibiting the highest Spearman correlation 
among all parameters (0.850), the associated Bland-Alt-
man plot demonstrates that such correlation does not 
imply clinical agreement. This observation emphasises 
the importance of complementing correlation-based 
metrics with agreement-based ones to achieve a more 
realistic assessment of model performance.

Parameters such as ANB, FMPA, and WITSA occupy 
an intermediate position. They exhibit low or negligible 
bias but still show wide limits of agreement. These mod-
els may thus provide acceptable average predictions 
across populations but are less reliable at the individual 
level. Particularly in ANB, the minimal bias accounts for 
the relatively low RMSE, yet the poor R² indicates that 
the model fails to capture the data’s variance, a finding 
reflected in the considerable spread seen in the Bland-
Altman plot.

A subset of parameters, such as NP2PO and SADLA, 
exhibits poor agreement because of considerable bias 
and very wide limits. These models tend to consistently 
deviate from the true values, either by underestimating 
or overestimating, and this error is worsened by high 
variability, showing instability across cases. Their clinical 
use would be risky as they do not offer reliably consistent 
estimations.

Models like AB2FH and CONVX exhibit statistically 
significant biases and wide confidence intervals, indicat-
ing that although their predictions may be systematically 
biased, they are also highly variable. These characteristics 
highlight not only model miscalibration but also a lack of 
robustness across the data distribution.

The present research also highlighted significant 
demographic considerations. The training dataset pre-
dominantly comprised a North American population, 
contrasting with the primarily Italian validation group. 
This demographic difference introduces a critical limita-
tion, as craniofacial characteristics vary notably across 
ethnicities, which may limit the generalizability of the 
CEPHCLINIC software to other ethnic groups. This vari-
ability underscores the importance of expanding future 
training datasets to include broader demographic repre-
sentations, thereby enhancing the software’s generaliz-
ability and clinical applicability globally.

Table 4  Statistical analysis outcomes: comparative metrics of 
true versus predicted data values across various features (test set, 
51 cases)
Feature RMSE MAE R-squared Spearman 

Correlation
Paired 
t-test 
p-value

SNA 5.363 4.538 0.008 −0.182 0.000
SNB 3.965 3.298 0.015 0.118 0.008
ANB 2.772 2.241 0.000 0.205 0.010
NP2PA 2.317 1.886 0.000 −0.032 0.794
NP2PO 9.049 8.814 0.011 −0.052 0.000
SNDST 10.292 9.605 0.220 0.385 0.000
SNFHA 3.152 2.707 0.026 0.123 0.206
CONVX 7.200 5.630 0.000 0.089 0.014
WITSA 3.338 2.695 0.212 −0.429 0.330
AB2FH 4.982 4.079 0.010 −0.037 0.002
IMPA 6.305 4.961 0.199 0.391 0.230
U1SNA 6.670 5.256 0.328 0.548 0.099
COPAD 12.121 10.867 0.304 0.568 0.000
COPOD 11.532 10.620 0.645 0.850 0.000
FMPA 5.303 4.396 0.097 0.257 0.066
SADLA 9.223 8.028 0.082 0.464 0.000
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While CEPHCLINIC significantly reduces expo-
sure to ionising radiation, it does not substitute radio-
graphic imaging entirely, especially in scenarios requiring 
detailed diagnostic evaluation, such as detecting root 
resorption, bone lesions, or other structural anomalies 
visible exclusively through traditional radiography. Thus, 
it should be perceived as complementary to radiographic 
methods rather than a complete replacement.

Conclusions
The CEPHCLINIC software represents a promising 
adjunct to traditional cephalometric analyses, effec-
tively reducing radiation exposure without significantly 
compromising diagnostic reliability. Its utility, however, 
hinges upon further optimisation, broader demographic 
representation, and integration with complementary 
diagnostic technologies. Continued research and refine-
ment will likely augment its effectiveness, ultimately 
contributing to safer and more personalised orthodontic 
diagnostics.

Fig. 1  Statistical analysis outcomes: comparative metrics of true versus predicted data values
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Future enhancements of the CEPHCLINIC software 
should focus on refining predictive algorithms, incor-
porating more extensive and diverse datasets, and opti-
mising the user interface to facilitate routine clinical 
integration. Additionally, integration with existing digi-
tal orthodontic tools, such as intraoral scanners and 3D 
analysis software, could significantly enhance its clinical 
utility.
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