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A B S T R A C T

Background: Artificial Intelligence (AI) in dental diagnostics is evolving, offering innovative approaches for 
conducting cephalometric analysis with less manual input and overcoming the limitations of traditional imaging 
methods. To enhance the diagnostic processes in dentistry, an open-source software that utilises AI to improve 
the extraction of cephalometric values from limited field of view (FOV) images was created.
Material and Methods: Reduced FOV images lack several vital cephalometric landmarks, prompting the creation 
of predictive models to estimate missing values. The GridSearchCV algorithm and other algorithms were used to 
construct predictive models using software and to select the best models. The software was validated by 
comparing the predicted values with the actual measurements and calculating the mean squared error using 
Excel. Further validation involved a randomly selected cohort of 25 untreated orthodontic cases.
Results: Evaluation of the software showed that it was effective in accurately predicting key cephalometric 
measurements, suggesting that it could be a reliable tool for clinical use. However, some variations were noted in 
its predictive accuracy across different measurements, indicating areas that could benefit from further devel
opment. The software could align closely with the actual cephalometric measurements through detailed statis
tical analysis.
Conclusions: The integration of AI into cephalometric analysis with the software could represent progress, 
potentially leading to more efficient dental diagnostics and a reduction in the need for additional X-rays. This 
study aimed to advance the integration and refinement of AI in healthcare, focusing on minimising bias and 
understanding its impact on clinical decisions. In future studies, the application of AI in dental practice should be 
expanded to address these challenges.
Clinical Significance Statement: This software integrates AI into clinical practice to enhance the diagnostic and 
therapeutic phases for patient benefit. It enables precise and comprehensive cephalometric analyses using data 
previously considered insufficient, thereby reducing the need for X-rays and improving patient care.

1. Introduction

Over the last two decades, there has been an increase in the uti
lisation of technology in dentistry, which has helped reduce costs, save 
time, decrease dependence on human expertise, and avoid medical 
errors.

Artificial intelligence (AI) as a technological subfield in dental and 
orthodontic diagnostics has opened new avenues for improving 

cephalometric analyses. Traditionally, these analyses require significant 
manual input and are limited by standard imaging methods’ narrow 
field of view (FOV) [1,2].

Data analysis, automated diagnostics, and precise identification of 
anatomical landmarks are aspects of the growing use of machine 
learning technologies in orthodontics [3]. These advancements have 
streamlined dental data processing, emulated expert decision making, 
and improved operational procedures to address real-world challenges 
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[4]. Consequently, these technologies simplify the work of dental pro
fessionals and increase the accuracy and usability of automatic cepha
lometric landmark detection.

Lateral cephalograms are commonly used by clinicians for diag
nosing and formulating treatment plans that predict growth patterns, 
such as condylar growth direction or dentoalveolar development [5]. 
Precision diagnosis and treatment planning are essential because of the 
irreversible nature of many orthodontic treatments and their potential 
negative effects, such as root resorption and gingival recession [6-8].

In recent years, cone beam computed tomography (CBCT) has 
become a more common imaging modality in dentistry because it offers 
superior image quality and provides greater depth of diagnostic infor
mation than traditional two-dimensional radiographs. CBCT delivers 
three-dimensional measurements, eliminates issues such as nonlinear 
magnification, distortion, and overlapping of craniofacial structures, 
and reduces the impact of patient movement [9]. These features result in 
enhanced reliability and reproducibility, with improved accuracy in 
identifying and plotting anatomical landmarks [6,10-13]. Given these 
advantages, CBCT is now routinely used in various dental fields, 
including implant planning, assessment of surgical pathology, tempo
romandibular joint (TMJ) evaluation, analysis of facial asymmetry, ex
amination of the cleft palate, and diagnosis of obstructive sleep apnoea. 
Consequently, many patients have CBCT scans available for orthodontic 
or other dental treatments. Rather than subjecting patients to additional 
radiation exposure by taking a traditional lateral cephalometric radio
graph, we propose utilising the scout view from existing CBCT scans for 
cephalometric diagnosis. The scout view can provide sufficient data for 
an accurate cephalometric analysis, thereby reducing the need for 
additional radiographs. This practice aligns with the ALARA (As Low As 
Reasonably Achievable) principle, minimising patient exposure to un
necessary radiation while still providing high-quality diagnostic infor
mation. By leveraging the comprehensive imaging capabilities of CBCT, 
diagnostic efficiency and patient care can be enhanced, streamlining the 
workflow without compromising diagnostic precision [14,15].

The paper introduces CEPHOSS (Cephalometric Open-Source Soft
ware), an open-source software that utilizes AI to improve the extraction 
of cephalometric values from images with a limited FOV. This initiative 
aimed to leverage CBCT technology, which is widely used in dental 
practice, by enhancing the diagnostic utility of CBCT scout views and 
small-field teleradiographs. Although CBCT scout views are not typically 
recommended as the first-choice imaging modality, many patients un
dergo CBCT for other reasons. Furthermore, many modern machines 
used for performing teleradiography now allow for the selection of 
reduced FOVs, minimising radiation exposure while still providing suf
ficient diagnostic details. This capability supports the principle of using 
the lowest necessary radiation dose and enhances patient care by 
reducing unnecessary imaging. CEPHOSS employs AI to generate 
cephalometric measurements with which clinicians are familiar, starting 
from the observation of a reduced set of values. This approach enables 
practitioners to work with standard cephalometric measurements that 
they are accustomed to, while also reducing the patient’s exposure to X- 
rays and the cost and time required for diagnosis. To achieve this, a set of 
25 AI algorithms was developed and trained to identify the most effec
tive algorithm for predicting desired cephalometric values.

However, the AI model, which is the core of this tool and is primarily 
trained on a large dataset of American cases, poses difficulties. The 
limited information on the technology used for data acquisition and the 
ethnic backgrounds of the subjects complicate the evaluation of the 
model’s performance, particularly regarding its applicability across 
different populations and technologies [12,16,17].

The aim of this study was to validate new software that allows for the 
quick and easy acquisition of ABO (American Board of Orthodontics) 
cephalometric values using both CBCT scout views and low field tele
radiographs. Additionally, patient radiation exposure is reduced 
because smaller radiographs or CBCT scans previously obtained for 
other purposes can be utilised.

2. Materials and methods

This study adhered to ethical standards following the principles of 
the Declaration of Helsinki, with ethical approval provided by the 
Ethical Committee of the Ospedale di Circolo under protocol number 
826. The developed approach aimed to validate an AI model for pre
dicting cephalometric values to reduce radiation exposure in patients.

The analysis compared cephalometric values from full FOV images 
with those from reduced FOV images, such as those produced by modern 
CBCT scans or standard reduced FOV teleradiographs [18]. These 
reduced FOV images lacked several crucial cephalometric landmarks 
such as all points from the cranial base. To address this limitation, 
CEPHOSS exploits AI-based predictive models to estimate cephalometric 
values that cannot be directly observed in the images (the list of 
considered and predicted values and measures is listed in Table 1 and 
Fig. 1) [19,20]. Specifically, the AI models used the WITSA, OJ_OC, 
U6L6D, LFHNP, IIANG, IMPA, and OB_FH measures (red values in 
Table 1 and Fig. 1) to predict the cephalometric values (blue values in 
Table 1 and Fig. 1).

A dataset from the AAO Craniofacial Growth Legacy Collection was 
used as a training population, which encompasses information from 
1255 individuals covering a broad range of sex, age, and important 
cephalometric indicators, such as SNA, SNB, and ANB [21]. From these 
values, three measurements (NLANG, ULIPE, and LLIPE) were excluded 
because of their frequent absence in many cases, which made them less 
reliable for the study’s broader goals.

The AI models were integrated into an open-source tool (called 
CEPHOSS), which leverages advanced algorithms to construct predic
tive models for each targeted cephalometric measurement (Fig. 2). The 
software is freely available for download (github.com/pieroantonio/ 
CEPHOSS/), promoting transparency and encouraging collaborative 
improvement. The files are in Joblib format and are available for free 
use. The algorithms employed in the AI model training step are as 
follows: 

1. HistGradientBoostingRegressor: A machine learning algorithm that 
uses gradient boosting frameworks for regression tasks.

2. RandomForestRegressor: An ensemble learning method that oper
ates by constructing many decision trees during training and 
outputting the mean prediction of individual trees.

3. ExtraTreesRegressor: This implements a meta-estimator that fits 
several randomised decision trees on various subsamples of the 
dataset and uses averaging to improve predictive accuracy and 
control overfitting.

4. DecisionTreeRegressor: A nonparametric supervised learning 
method used for regression. It predicts the value of a target var
iable by learning simple decision rules inferred from data 
features.

5. SVR (Support Vector Regressor): An extension of the support vector 
machine that supports linear and nonlinear regression.

6. LinearSVR: A version of Support Vector Regression implemented 
in terms of linear functions.

7. Ridge: A model fitting method that introduces regularisation to 
the regression model and penalises large coefficients.

8. RidgeCV: Ridge regression with built-in cross-validation of alpha 
parameters.

9. Lasso: A regression analysis method that performs variable se
lection and regularisation to enhance prediction accuracy and 
interpretability.

10. LassoCV: Lasso linear model with iterative fitting along a regu
larization path.

11. ElasticNet: A linear regression model trained with L1- and L2- 
norm regularisation of coefficients.

12. ElasticNetCV: Elastic Net model with iterative fitting along a 
regularization path.
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13. Lars: Least Angle Regression, a regression algorithm for high- 
dimensional data.

14. OrthogonalMatchingPursuit: Approximates the fit of a linear model 
with constraints imposed on the number of nonzero coefficients.

15. KNeighborsRegressor: Regression based on k-nearest neighbours.
16. XGBRegressor (XGBoost): An optimised distributed gradient 

boosting library designed to be highly efficient, flexible, and 
portable.

17. CatBoostRegressor: A machine learning algorithm that uses 
gradient boosting on decision trees.

18. MLPRegressor (Multi-Layer Perceptron): A feedforward artificial 
neural network (ANN) class.

19. BaggingRegressor: A meta-estimator that fits the base regressors on 
random subsets of the original dataset and aggregates their pre
dictions to form a final prediction.

20. AdaBoostRegressor: An ensemble meta-estimator that begins by 
fitting a regressor to the original dataset and then fits additional 
copies of the regressor to the same dataset, where the weights of 
the instances are adjusted according to the error of the current 
prediction.

21. PassiveAggressiveRegressor: An online learning algorithm that re
mains passive for correct classification outcomes and becomes 
aggressive in the event of miscalculation, updating, and 
adjusting.

22. RANSACRegressor: Fits a model from random subsets of inliers 
from the complete dataset.

23. BayesianRidge: Implements Bayesian ridge regression.
24. GaussianProcessRegressor: A Gaussian process regression (GPR).
25. GradientBoostingRegressor: A machine learning technique for 

regression and classification problems that produces a prediction 
model as an ensemble of weak prediction models.

[22-24]
After implementing these algorithms, the GridSearchCV algorithm 

was employed to select AI models and parameters that minimised the 
root mean square (RMS) error. The RMS error is a measure of the dif
ference between the actual observed values and the values predicted or 
estimated by the model. The RMS was used to evaluate the accuracy of 
the predictive models. Out-of-future values were forecast using the 
models generated from this process. Furthermore, a concatenation al
gorithm was used to input the predicted data from the superior models 
into subsequent models. CEPHOSS software was validated by comparing 
the predicted cephalometric values with actual measurements. This 
validation process, essential for assessing the tool’s reliability and ac
curacy, involved calculating the RMS error for each predicted value 
against the actual measurements using Scipy tool v1.14.0 (Python) for 
the computations.

Moreover, an in vivo clinical validation process was conducted to 
ensure the reliability of the tool in real environments. This step was 
required to assess the predictive accuracy of the tool and its practical 
utility in clinical settings. An additional cohort of 25 untreated ortho
dontic cases was randomly selected using the Random.org tool (http 
s://www.random.org/). Patients from an odontostomatological clinic 

Table 1 
Included (red) and excluded (blue) cephalometric values. Red points are used to obtain the entire cephalometric analysis, starting from a 2D-lateral radiography.

Fig. 1. The blue points represent the cephalometric points not included in the 
low FOV area while the red ones stand for the included cephalometric values. 
The low FOV area is outline by a dotted line.
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Fig. 2. A screenshot of the prediction tool.

Table 2 
Comparative table of the different algorithms for the different parameters. Values are expressed in the mean square error (MSE).
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in Varese were assigned IDs ranging from 1 to 1528, and 25 patients 
were randomly chosen; the data for these cases were obtained from the 
orthodontic database of the clinic. Each of the 25 patients had their 
cephalometric measurements traced three times. The average of these 
values was used as the standard for validation.

These 25 cases were used for in vivo clinical validation. This 
approach was selected because the model was validated during the 
training phase. Specifically, the model underwent rigorous validation 
during training, using 20 % of the population for model creation and 
testing the remaining 80 % to correct biases. Once a high accuracy was 
achieved, another 20 % of the population was randomly selected for 
further testing. This process was repeated until the entire study popu
lation was tested. Subsequently, 25 patients underwent in vivo clinical 
validation. For the clinical validation, the sample size was calculated 
with a critical significance level of 95 % (α=0.05), a critical value for 
desired power (β=0.20), and a correlation coefficient greater than or 
equal to 0.55. These values required a sample size of 24 cases; therefore, 
25 selected cases were sufficient from a statistical point of view.

The average prediction error of CEPHOSS was computed by calcu
lating the root mean squared error (RMSE) and mean absolute error 
(MAE), which complemented the RMS in providing insights into the 
precision of the tool’s predictions. To assess how well the model fit the 
data, the R-squared and adjusted R-squared [25] were also calculated. 
Table 2, by means of a heat map, summarises the MSE computed for 
each of the implemented AI algorithms and each target cephalometric 
value.

The Bland-Altman plot software was used to identify agreements and 
detect any systematic bias, while the intraclass correlation coefficient 
(ICC) was used to evaluate the reliability and consistency of the 
measurements.

To explore the relationships between the predicted and actual values, 
Pearson and Spearman correlation coefficients were used, choosing the 
appropriate test based on the data distribution. To compare related 
samples, the Wilcoxon signed-rank test was adopted for non-normally 
distributed data, and the paired t-test for normally distributed data 
was used to examine the significance of the difference between the 
predicted and actual means. Additionally, scatter graphs were created to 
visualise the data relationships and provide further insight into the 
model’s performance.

3. Results

To evaluate CEPHOSS, the analysis was split into two phases to assess 
both performance and clinical applicability.

Initially, the focus was on the software training phase, and its ability 
to predict essential cephalometric measurements using an AAO 
Craniofacial Growth Legacy Collection dataset was evaluated. This step 
was required to determine the best AI algorithms for estimating each 
measurement.

The MSE was adopted as the primary metric to quantify the dis
crepancies between software predictions and real data (Table 2). This 
metric allowed us to evaluate the performances of the different 
algorithms.

As shown in the heat map of Table 2, some AI algorithms were less 
effective (e.g. red boxes indicate the worst predictions and green boxes 
indicate the best predictions). Notably, HistGradientBoostingRegressor 
showed significant discrepancies between the predicted and actual 
values. For example, the MSE of the SNB parameter was 508.121 and 
that of CONVX was 3841.796. These high MSE values indicate sub
stantial inaccuracies in the predictions of this algorithm.

The most effective algorithms for each parameter were selected after 
the training phase. The validation phase then began to test the soft
ware’s generalisability and reliability using new, unprocessed data (i.e., 
25 orthodontic cases from the clinic that were not included in the initial 
training dataset).

This step was crucial to evaluate how well the tool could apply its 

learned algorithms to predict cephalometric values in cases that were 
not previously encountered. By comparing the AI-predicted values with 
the actual measurements from these additional cases, we aimed to 
simulate a real-world application scenario for CEPHOSS, thereby 
providing a more concrete understanding of its effectiveness and reli
ability as a diagnostic tool (Table 3 summarises the MSEs computed 
during the validation phase.)

In this study, a series of statistical analyses using Scipy toolkit 
v1.14.0 (Python) was conducted to evaluate the performance of the 
CEPHOSS tool against actual measurements. The developed approach 
was multifaceted, employing a range of established metrics to assess the 
accuracy and reliability of the tool’s predictions, and the RMSE and MAE 
were used to gauge the average prediction error. To further understand 
the fit of the model, the R-squared and adjusted R-squared values were 
computed. Considering the model’s complexity, these helped quantify 
how well the tool’s predictions matched the real data (Table 4). Addi
tionally, the Bland-Altman plot and ICC were used to assess the agree
ment and reliability of the tool’s measurements compared to standard 
values. These analyses are important for identifying systematic biases 
and ensuring consistency in predictions. Finally, Pearson and Spearman 
correlation coefficients were used to measure the strength and direction 
of the relationship between the predicted and actual values, choosing 
the appropriate test based on the data distribution. The Wilcoxon 
signed-rank test for non-normally distributed data was used to compare 
related samples. Additionally, the paired t-test was used to distribute 
data normally and examine the significance of the difference between 
predicted and actual means (Table 4).

Additionally, scatter plots were constructed to show the correlations 
between the data (Fig. 3).

4. Discussion

This study evaluated the performance and clinical applicability of 
CEPHOSS, which is an AI-based software program designed to predict 
essential cephalometric parameters. The analysis was conducted in two 
phases. First, the most effective AI algorithms were identified using a 
dataset from the AAO Craniofacial Growth Legacy Collection. Second, 
these algorithms were validated using new clinical cases that were not 
included in the training data.

During the training phase, various AI algorithms were assessed using 
the MSE to measure the discrepancies between the predicted and actual 
measurements. The results were encouraging and showed that certain 
algorithms performed exceptionally well for specific cephalometric pa
rameters. This highlights the potential of AI in accurately predicting key 
measurements essential for orthodontic diagnosis and treatment 
planning.

Table 3 
Mean square error between actual and pre
dicted values in the 25 validation cases.

Feature MSE

PLHNP 0,000,999
SNB 9,998,559
SNA 13,09,169
CONVX 39,56,372
COPOD 70,90,469
SADLA 61,60,326
SNFHA 11,11,651
SNDST 52,97,335
COPAD 77,81,328
TFHNP 61,08,485
FMPA 26,03,081
NP2PA 11,10,389
ANB 3,549,585
U1SNA 19,94,133
NP2PO 3,042,975
AB2FH 17.83259
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During the validation phase, the most effective algorithms for the 25 
new orthodontic cases were applied to test the generalisability of the 
software. Statistical measures such as the RMSE, MAE, R-squared values, 
and Pearson and Spearman correlation coefficients were used to eval
uate the predictions. Paired t-tests and Wilcoxon signed-rank tests were 
performed to assess the statistical significance of the differences be
tween the predicted and actual values.

The RMSE and MAE values varied across cephalometric features, 
reflecting the predictive accuracy of the model for each parameter. 
Notably, features such as PLHNP showed exceptionally low RMSE and 
MAE values (0.032 and 0.028, respectively), indicating high predictive 
accuracy. This suggests that CEPHOSS can reliably predict certain 
measurements with high precision, which is promising for clinical 

applications.
R-squared values were high for some features (e.g., TFHNP = 0.839 

and U1SNA = 0.722), indicating a good fit between the predicted and 
actual values. Strong positive correlations were observed for features 
such as TFHNP (Pearson’s correlation coefficient = 0.916), indicating 
that the model predictions closely matched the actual measurements. 
These results demonstrate that the software has the potential to provide 
accurate cephalometric analyses, which could enhance diagnostic effi
ciency in orthodontic practice.

Although some features had lower predictive accuracy, this vari
ability is not uncommon in the development of AI applications and 
highlights areas where further refinement and additional data could 
improve the model’s performance. Importantly, when considering the 

Table 4 
Statistical analysis outcomes: comparative metrics of true versus predicted data values across various features.

Feature RMSE MAE R-squared Pearson correlation Spearman correlation Paired t-test p-value Wilcoxon signed-rank test p-value

SNA 3.618 3.013 0.118 0.344 0.360 0.002 0.005
SNB 3.162 2.693 0.144 0.380 0.268 0.110 0.114
ANB 1.884 1.547 0.523 0.723 0.618 0.009 0.013
NP2PA 3.332 2.625 0.028 − 0.167 − 0.090 0.024 0.034
NP2PO 1.744 1.387 0.013 0.115 0.174 0.118 0.095
SNDST 7.278 6.382 0.389 0.624 0.627 0.000 0.000
SNFHA 3.334 2.597 0.063 0.251 0.059 0.008 0.012
CONVX 6.290 5.185 0.317 0.563 0.468 0.002 0.003
AB2FH 14.536 13.245 0.398 − 0.631 − 0.510 0.000 0.000
TFHNP 7.816 6.812 0.839 0.916 0.935 0.000 0.000
PLHNP 0.032 0.028 0.531 0.729 0.629 0.000 0.000
U1SNA 4.466 3.598 0.722 0.850 0.781 0.313 0.345
COPAD 8.821 7.426 0.442 0.665 0.671 0.000 0.000
COPOD 8.420 6.501 0.443 0.666 0.703 0.000 0.000
FMPA 5.102 4.147 0.251 0.501 0.510 0.002 0.003
AB2FH 4.222 3.561 0.215 0.612 0.610 0.001 0.003
SADLA 7.849 6.273 0.047 0.216 0.052 0.000 0.000

Fig. 3. Scatter plots of the different values: the predicted values are on the vertical axis; the true values are on the horizontal axis.
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standard cephalometric error margin of 1 mm or 1◦ [26,27], it is evident 
that the model provides clinically reliable predictions for several mea
surements. For instance, features such as ANB, NP2PO, and PLHNP had 
RMSE values within or close to the acceptable error range, indicating 
that the model predictions were sufficiently accurate for clinical use in 
these areas.

The use of artificial intelligence in cephalometric analysis is rapidly 
expanding. Although current research has primarily focused on auto
matic landmark identification and the prediction of treatment outcomes, 
as demonstrated in the studies by Hung et al. [17], Yu et al. [2], and 
Mesquita et al. [5], this study explored a different aspect by predicting 
cephalometric measurements from reduced datasets. Although different 
topics were addressed, both this study and the existing literature agree 
that AI is poised to undergo significant development and will transform 
the way it works in orthodontics. This aligns with the growing consensus 
that AI plays a crucial role in enhancing diagnostic accuracy and 
efficiency.

The software was trained on a multi-ethnic population but was 
clinically tested on a Caucasian ethnic group. The authors acknowledge 
that this was not a limitation of this study. The concept of “pure 
ethnicity” is increasingly outdated, as the linkage between nation and 
ethnicity has become obsolete. The initial database encompasses the 
American population, which is inherently a melting pot, making it 
impossible to delineate a specific ethnic race. Therefore, discussions 
should address complex ethnic stratification rather than purely racial 
categorisation. There is no certainty that the training sample will consist 
of a single ethnic group. The model, trained with a multiethnic dataset, 
inherently incorporated diversity. The only potential issue is that the in 
vivo clinical validation was conducted on 25 Caucasian patients. How
ever, even for this group, it cannot be definitively asserted that they 
represent a single ethnic category. Hence, this study’s limitation is 
related more to the validation process than to the model itself. 
Expanding the sample size to include populations from all over the 
world would be useful to further enhance the software.

5. Conclusions

The CEPHOSS software has demonstrated the ability to accurately 
predict cephalometric measurements from limited FOV images. By 
efficiently utilising reduced FOV images from existing CBCT scans, the 
software simplifies the diagnostic tasks and reduces the need for mul
tiple radiographic evaluations. This approach not only enhances diag
nostic efficiency, but also aligns with the principle of minimising 
radiation exposure, thereby prioritising patient safety.

However, the applicability of these findings across different pop
ulations may be limited because the study primarily utilised American 
data. Further investigations using a globally diverse dataset are essential 
to ascertain the efficacy and reliability of the software worldwide. Based 
on the performance observed in this study, CEPHOSS could be particu
larly suitable for scenarios in which a comprehensive view of the entire 
FOV data is sufficient, especially in straightforward cases in which the 
precision of individual measurements is not a critical determinant for 
diagnostic or therapeutic decisions.

This tool provides a comprehensive overview to support the 
decision-making process without requiring additional radiographs, 
provided that minor predictive inaccuracies do not significantly affect 
the overall diagnosis or treatment outcomes. In summary, CEPHOSS 
represents a significant step forward in making dental diagnostics more 
efficient and patient friendly.

Continuous improvement and wider validation are essential to fully 
realise the potential of software as a supportive tool for dental care. This 
will enhance the diagnostic process while emphasising patient safety 
and quality of care.
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[18] O.J.C. Van Vlijmen, S.J. Bergé, G.R.J. Swennen, E.M. Bronkhorst, C. Katsaros, A. 
M. Kuijpers-Jagtman, Comparison of Cephalometric Radiographs Obtained From 
Cone-Beam Computed Tomography Scans and Conventional Radiographs, J. Oral 

Maxillofac. Surg. 67 (1) (2009) 92–97, https://doi.org/10.1016/j. 
joms.2008.04.025, fasc.gen.

[19] S. Ting, et al., Can modifying shielding, field of view, and exposure settings make 
the effective dose of a cone-beam computed tomography comparable to traditional 
radiographs used for orthodontic diagnosis? Angle Orthod. 90 (5) (2020) 655–664, 
https://doi.org/10.2319/072819-496.1, fasc.set.

[20] P. Kissel, J.K. Mah, A. Bumann, Modern 3D cephalometry in pediatric 
orthodontics—Downsizing the FOV and development of a new 3D cephalometric 
analysis within a minimized large FOV for dose reduction, Clin. Oral Investig. 25 
(7) (2021) 4651–4670, https://doi.org/10.1007/s00784-021-03779-x, fasc.lug.

[21] T. Al-Jewair, E. Stellrecht, L. Lewandowski, R. Chakaki, American Association of 
Orthodontists Foundation Craniofacial Growth Legacy Collection in the 
orthodontic literature—Use and trends: A systematic review, Am. J. Orthod. 
Dentofacial Orthop. 153 (1) (2018) 15–25, https://doi.org/10.1016/j. 
ajodo.2017.07.015, fasc.e10gen.

[22] L. Prokhorenkova, G. G, A. Vorobev, A.V. Dorogush, A. Gulin, CatBoost: unbiased 
boosting with categorical features, in: NeurIPS 2018 paper with explanation of 
Ordered boosting principles and ordered categorical features statistics, 2018.

[23] T.G. Chen, A Scalable Tree Boosting System, Proceedings of the 22nd ACM SIGKDD 
International Conference on Knowledge Discovery and Data Mining, in: 
Proceedings of the 22nd ACM SIGKDD International Conference on Knowledge 
Discovery and Data Mining, New York, USA, 2016, pp. 785–794.

[24] S. Van Der Walt, et al., scikit-image: image processing in Python, PeerJ. 2 (2014) 
e453, https://doi.org/10.7717/peerj.453, giu.

[25] P. Virtanen, et al., SciPy 1.0: fundamental algorithms for scientific computing in 
Python, Nat. Methods 17 (3) (2020) 261–272, https://doi.org/10.1038/s41592- 
019-0686-2, fasc.mar.

[26] A.M. Cohen, Uncertainty in Cephalometrics, Br. J. Orthod. 11 (1) (1984) 44–48, 
https://doi.org/10.1179/bjo.11.1.44, fasc.gen.

[27] J.M. Battagel, A comparative assessment of cephalometric errors, Eur. J. Orthod. 
15 (4) (1993) 305–314, https://doi.org/10.1093/ejo/15.4.305, fasc.ago.

P.A. Zecca et al.                                                                                                                                                                                                                                 Journal of Dentistry 151 (2024) 105412 

8 

https://doi.org/10.1007/s11548-015-1173-6
https://doi.org/10.1016/j.ajodo.2006.09.046
https://doi.org/10.1016/j.ajodo.2006.09.046
https://doi.org/10.2319/042018-302.1
https://doi.org/10.2319/042018-302.1
https://doi.org/10.3390/dj7030089
https://doi.org/10.1259/dmfr.20140282
https://doi.org/10.3390/ijerph17124424
https://doi.org/10.3390/ijerph17124424
https://doi.org/10.1016/j.joms.2008.04.025
https://doi.org/10.1016/j.joms.2008.04.025
https://doi.org/10.2319/072819-496.1
https://doi.org/10.1007/s00784-021-03779-x
https://doi.org/10.1016/j.ajodo.2017.07.015
https://doi.org/10.1016/j.ajodo.2017.07.015
http://refhub.elsevier.com/S0300-5712(24)00582-7/sbref0022
http://refhub.elsevier.com/S0300-5712(24)00582-7/sbref0022
http://refhub.elsevier.com/S0300-5712(24)00582-7/sbref0022
http://refhub.elsevier.com/S0300-5712(24)00582-7/sbref0023
http://refhub.elsevier.com/S0300-5712(24)00582-7/sbref0023
http://refhub.elsevier.com/S0300-5712(24)00582-7/sbref0023
http://refhub.elsevier.com/S0300-5712(24)00582-7/sbref0023
https://doi.org/10.7717/peerj.453
https://doi.org/10.1038/s41592-019-0686-2
https://doi.org/10.1038/s41592-019-0686-2
https://doi.org/10.1179/bjo.11.1.44
https://doi.org/10.1093/ejo/15.4.305

	AI-based open-source software for cephalometric analysis from limited FOV radiographs
	1 Introduction
	2 Materials and methods
	3 Results
	4 Discussion
	5 Conclusions
	Declarations
	CRediT authorship contribution statement
	Declaration of competing interest
	References


