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Abstract
Age estimation is critically important in various fields such as forensic sciences, archaeology, anthropology, and pediatric dentistry 

for identifying missing children and determining age in forensic cases. Accurate age estimation in children and adolescents is crucial 
for legal and medical purposes. Dental development and mineralization are reliable chronological age indicators that occur in a 
specific sequence. Age estimation methods are divided into clinical and radiographic evaluations, with clinical methods assessing 
tooth eruption and radiographic methods analyzing dental mineralization and development stages. In recent years, techniques like 
artificial neural networks (ANN) and convolutional neural networks (CNN) have shown great potential in providing objective and 
accurate age estimates by analyzing large datasets. The integration of artificial intelligence (AI) into dental age estimation promises 
significant improvements in speed and objectivity, offering a valuable tool for both forensic and clinical dentistry. This study highlights 
the potential of transforming age estimation processes and lays the foundation for broader applications and further research in AI 
such as radiomics applications.

Keywords: Artificial Intelligence; Age Estimation; Radiomics

Age estimation methods in dentistry 

Age estimation in dentistry plays a significant role in various disciplines such as forensic medicine, archaeology, anthropology, and 
pediatric dentistry. It is crucial in identifying missing children, determining age in forensic cases, and estimating the age of archaeological 
remains [1,2]. Accurate age estimation in children and adolescents can have important legal and medical consequences, making the 
accuracy and reliability of the methods used for age estimation of great importance [3]. Dental development and mineralization are 
reliable indicators of chronological age. The development stages of teeth occur in a specific order from birth to adulthood and can be used 
by dentists for age estimation. Dental age estimation is widely used in both clinical practice and research [4].

Age estimation methods are mainly divided into clinical evaluation and radiographic evaluation. Clinical evaluation methods examine 
the eruption processes of teeth in the mouth, while radiographic evaluation methods analyze the mineralization and development stages 
of teeth. The eruption process of teeth in the mouth covers a short period and can be influenced by various local and systemic factors. 
Therefore, tooth formation and calcification are considered more reliable indicators for age estimation [5-8].
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Radiographic evaluation methods include the use of films, atlases, and grading methods. Films allow detailed examination of the 
developmental stages of teeth for age estimation. Atlases, which are reference materials showing specific stages of tooth and root 
formation, are important tools for age estimation. Grading methods classify the developmental status of teeth according to specific stages 
to estimate age [9].

Use of tooth eruption: The process of tooth eruption in the mouth has been used to estimate the age of skeletal remains. However, this 
process covers a short period and represents only the stage when the tooth reaches the occlusal plane. Eruption can be affected by local 
(ankylosis, infection, impaction of permanent teeth, early or late extraction of deciduous teeth) and systemic (nutritional status) factors. 
Therefore, tooth formation and calcification are more reliable age indicators than eruption [10,11].

Use of atlases: The presence and examination of tooth and root formation can be used for age estimation. The specific order of tooth 
development and the degree of calcification provide a more accurate age estimate. Various atlases such as the Schour and Massler Atlas, 
Uberlaker Atlas, and London Atlas evaluate tooth development and eruption. The London Atlas, in particular, examines the development 
from tooth mineralization to complete root formation and is frequently used clinically to assess children’s tooth development [12,13].

Grading methods

•	 Ordinal grading: One of the most commonly used techniques to determine the developmental status of teeth is ordinal grading, 
which classifies individuals’ tooth development stages in a specific order.

•	 Demirjian method (1973): Developed by Maurice Demirjian in 1973, this method determines tooth development stages with 
letters (from A to H). These stages are evaluated with a scoring system called the Dental Maturity Score (DMS) and converted into 
chronological age (DA). The Demirjian method, applicable for children aged 3 - 17 years, is widely used for determining tooth 
development stages and has proven validity and reliability through studies on different populations [13].

•	 Haavikko method (1974): The Haavikko method is used for forensic and clinical purposes, involving the radiographic examination 
of teeth and the determination of development stages. This method plays a significant role in forensic applications such as age 
estimation [14].

•	 Cameriere method (2008): Developed by R. Cameriere in 2008, this method estimates age using the open apex and height of the 
third molars. The Cameriere method is especially used to distinguish individuals under 18 years old and is effective in determining 
the tooth development status of this age group. This method involves analyzing radiographic images of teeth and determining 
development stages [15].

•	 Willems method (2014): The Willems method is a technique used to evaluate tooth development processes and addresses the 
shortcomings of the Demirjian method. This method has proven validity and reliability through studies on different populations 
and is widely used for determining tooth development stages [16].

Role of artificial intelligence in dental age estimation

In recent years, the use of artificial intelligence (AI) and machine learning techniques in dental age estimation has been increasing. AI 
has the potential to provide accurate and rapid age estimation by analyzing large datasets. These technologies offer significant advantages 
in age estimation processes, especially for children and adolescents. AI applications can provide more objective and reproducible results 
compared to traditional methods in dentistry. Since 2017, the accuracy of AI has surpassed human accuracy. Artificial neural networks 
(ANN) use machine learning to identify and predict unknown patterns through training with large data inputs. Deep learning has shown 
excellent performance in image classification, segmentation, and detection [17-20].
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Artificial neural networks have also been studied for age estimation based on dental panoramic radiographs. These models estimate 
age using the developmental stages and anatomical markers of teeth. AI focuses on different regions of the image for age estimation, and 
the results are compared with the evaluations of clinical dentistry experts [20-22].

Back and colleagues used convolutional neural networks (CNN) to examine panoramic radiographs for age estimation and demonstrated 
that these methods could be faster and more objective than traditional grading methods [22].

In 2020, Vila-Blanco and colleagues investigated the ability of artificial neural networks to estimate age on 1752 dental panoramic 
radiographs. The behavior of the network was analyzed, and the areas of learned features were shown as a heatmap in the output image. 
The estimated chronological age was then compared with the opinions of clinical dentistry experts. Figure 1 shows a heatmap highlighting 
the ‘hot spot’ areas that artificial neural networks focused on more. The study showed that artificial neural networks have the potential to 
make age estimation faster and more objective for children and adolescents with developing teeth [21].

Figure 1: Heatmaps of observed hot spot areas on radiographs [21].

Bunyarit S.S. and colleagues used an artificial neural network (ANN) computation technique based on Demirjian’s scores to create 
new dental maturity gradings and observed that the new dental maturity scores were effective in determining the age of Malaysian and 
Chinese children and adolescents [24].

In 2021, Kim and colleagues conducted dental age estimation using AI. Age group estimation was performed using first molar images 
from panoramic radiographs of 1586 individuals with convolutional neural network (CNN) models. Heatmaps created using the Grad-
CAM algorithm showed that CNNs focused on different anatomical regions of teeth [25].

Zaborowicz and colleagues aimed to develop a simpler and more accurate system for determining the chronological age of children 
and adolescents aged 4 - 15 years using digital pantomographic images and neural modeling. However, one limitation of this method was 
its application only to two-dimensional images [26].
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Figure 2: Example of correctly classified tooth groups and Grad-CAM results. The figures show the original molar image (left), 

Grad-CAM for three age group estimates (middle), and Grad-CAM for five age group estimates (right). For each first molar image 

in the figure, the softmax score was observed to be above 0.99 [25].

In another study by Zaborowicz M. and colleagues, three deep neural network models were used to evaluate the chronological age of 
children and adolescents aged 4 - 15 years, demonstrating that neural modeling algorithms could accurately determine the metric age 
using specific dental and bone indicators [27].

Lee Y.H. and colleagues conducted a study using 18 radiomorphometric parameters obtained from panoramic radiographs, focusing 
on the development of machine learning (ML) algorithms. The study observed that ML algorithms were more efficient in age estimation 
compared to traditional methods [28].

In 2023, Kahm and colleagues evaluated the effectiveness of AI models for dental age estimation. The study used 27,877 dental 
panoramic images of individuals aged 5 to 90 years. The images were classified using two different grouping methods: separate 
classification for each age in the first group and grouping every 5 years for individuals over 20 years in the second group. Analyses were 
conducted using supervised learning (SL) methods with Wide ResNet (WRN) and DenseNet (DN) models, and satisfactory results were 
observed for AI in dental age estimation [29].

Patil and colleagues investigated the effectiveness of machine learning and artificial neural networks in age estimation using root 
lengths of mandibular second and third molars. The panoramic radiographs of 1000 individuals aged 12 - 25 years were examined, and 
SVM, RF, and logistic regression models found that the mesial root length of the right third molar was a good predictor for age estimation. 
The deep learning model performed better than other machine learning models [30].

In 2023, Sousa and colleagues conducted age estimation using AI on panoramic radiographs. Using the Kvaal method and machine 
learning (ML) algorithms, age estimation was performed on panoramic radiographs of 554 individuals. The study compared the accuracy 
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of age estimation using different ML algorithms by extracting radiomic and semantic features, showing that ML algorithms provided 
higher accuracy than the Kvaal method [31].

Khanagar and colleagues’ systematic review examined the performance of AI models for automated age estimation using dento-
maxillofacial radiographs. The study evaluated articles published between 2000 and 2024, where AI technology estimated age using 
dental development stages, tooth and bone parameters, bone age measurements, and pulp-tooth ratio. AI models achieved 99.05% 
sensitivity and 99.98% accuracy in age estimation, highlighting AI’s significant potential as an additional diagnostic tool in age estimation 
[32].

Advanced AI applications

Radiomics is an advanced field within AI that involves the extraction of a large number of quantitative features from medical images 
using data-characterization algorithms. These features, which may include shape, texture, intensity, and spatial relationships, are used 
to create detailed profiles of tissues, lesions, or tumors. Radiomics aims to uncover patterns and correlations within the imaging data 
that are not discernible to the human eye. By applying machine learning and statistical models to these features, radiomics can help in 
various clinical applications such as oral cancer diagnosis and predicting disease outcomes [33]. Current literature suggest that radiomics 
may be a noninvasive tool to predict occult lymph node metastases in oral squamous cell carcinoma patients prior to treatment; and 
radiomics may be considered as a reproducible and reliable method for the detection of lymph node metastasis or the benign or malignant 
characterization of the lesion [34,35]. 

In the context of age estimation, the application of radiomics presents a novel approach by leveraging detailed bone structure analysis. 
Jin Jeon., et al. demonstrated that radiomic features of the condylar head, as captured by cone-beam computed tomography (CBCT), could 
potentially serve as effective imaging biomarkers for age estimation. Their study reported a notable age estimation accuracy of 91.18%, 
indicating that specific radiomic features are indeed informative for this purpose [36]. However, while the findings are promising, several 
considerations and potential limitations must be addressed to fully appreciate the implications and future applications of this approach. 
First, the study’s high accuracy rate, though impressive, warrants further validation across diverse populations and settings. The training 
and testing datasets in radiomics studies can significantly influence outcomes, and thus, the reproducibility of these results in broader, 
more varied cohorts remains to be thoroughly evaluated.

Moreover, as age estimation studies focus on a specific anatomical region that might not universally apply to other skeletal sites, age 
estimation based on radiomic features may vary depending on the bone structure and its morphological changes over time. Therefore, 
extending radiomics analysis to other anatomical landmarks could provide a more comprehensive understanding of the technique’s 
applicability.

The potential impact of imaging protocols and CBCT machine settings on radiomic feature extraction must be considered. Variations 
in image acquisition parameters can affect the quality and consistency of the radiomic features extracted, thus influencing the reliability 
of age estimation. Standardizing imaging protocols and ensuring consistent data quality are crucial steps towards the clinical application 
of radiomics in age estimation.

Another critical aspect to explore is the integration of radiomics with other age estimation methods. Combining radiomic features 
with traditional approaches, such as dental and skeletal maturity assessments, might enhance the overall accuracy and reliability of 
age determination. Multimodal approaches that incorporate radiomics could leverage the strengths of various techniques, leading to 
more robust and precise age estimation models. For instance, in the study of Fan., et al. multimodal knee magnetic resonance imaging 
(MRI) method was used for age estimation demonstrating the potential of MRI in this field. This approach reveals the possibility of 
extending similar techniques to other anatomical regions, such as dental and maxillofacial structures, for age estimation. MRI, known 
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for its high-resolution and detailed imaging capabilities, can capture the subtle anatomical and structural changes associated with aging. 
The potential application of MRI for age estimation in dental and maxillofacial regions could provide a non-invasive and highly accurate 
method, complementing existing radiographic techniques. Furthermore, the ability to use MRI in age estimation could enhance clinical 
and forensic practices by offering additional tools for accurate age determination. The integration of such advanced imaging modalities 
holds promise for improving the precision and reliability of age estimation across various clinical scenarios [37]. Moreover, in the study 
of Klontzas., et al. a combined liver-pancreas radiomics model was able to distinguish between early and late post-mortem intervals with 
a 75% accuracy. This model performed better than models using only liver or pancreas data, which were less accurate in predicting the 
time since death which should be considered for future applications regarding forensic odontology [38]. While further research is needed 
to validate and expand these findings, addressing the limitations, exploring additional anatomical sites, standardizing imaging protocols, 
integrating multimodal approaches, enhancing feature interpretability, and considering ethical implications will be key steps towards 
realizing the full potential of radiomics in age estimation.

Conclusion 

In conclusion, age estimation in dentistry can be performed using various clinical and radiographic methods. However, AI plays a 
significant role in this process, providing faster and more accurate results compared to traditional methods. Artificial neural networks 
and deep learning techniques have great potential for age estimation, especially for children and adolescents. These technologies may be 
more widely used in forensic and clinical dentistry in the future.

Financial Support 

No financial support was received from any pharmaceutical company, medical equipment supplier, or commercial firm directly related 
to the research topic of this study.

Conflict of Interest 

The authors have no potential conflict of interest with scientific and medical committee memberships, consultancy, expertise, 
employment, shareholding, or similar affiliations related to this study.

Author Contributions 

Idea/Concept, Design, Supervision/Consultancy, Literature Review, Manuscript Writing, Critical Review: Hülya Çerçi Akçay. 

Literature Review, Manuscript Writing: Melisa Öçbe.

Bibliography

1. Verma M., et al. “Dental age estimation methods in adult dentitions: An overview”. Journal of Forensic Dental Sciences 11.2 (2019): 
57-63.

2. Franco A., et al. “Applicability of Willems model for dental age estimations in Brazilian children”. Forensic Science International 231.1-
3 (2013): 401.e1-4.

3. Oh S., et al. “Accuracy of age estimation and assessment of the 18-year threshold based on second and third molar maturity in Koreans 
and Japanese”. PLOS ONE 17.7 (2022): e0271247.

4. Cardoso HFV. “Accuracy of developing tooth length as an estimate of age in human skeletal remains: the permanent dentition”. The 
American Journal of Forensic Medicine and Pathology 30.2 (2009): 127-133.

https://pubmed.ncbi.nlm.nih.gov/32082039/
https://pubmed.ncbi.nlm.nih.gov/32082039/
https://pubmed.ncbi.nlm.nih.gov/23806342/
https://pubmed.ncbi.nlm.nih.gov/23806342/
https://pubmed.ncbi.nlm.nih.gov/35802665/
https://pubmed.ncbi.nlm.nih.gov/35802665/
https://pubmed.ncbi.nlm.nih.gov/19465800/
https://pubmed.ncbi.nlm.nih.gov/19465800/


Age Estimation in Pediatric Patients Using Artificial Intelligence Applications: A Traditional Review

07

Citation: Hulya Cerci Akcay and Melisa Öçbe. “Age Estimation in Pediatric Patients Using Artificial Intelligence Applications: A Traditional 
Review”. EC Dental Science 23.8 (2024): 01-08.

5. Cunha E., et al. “The problem of aging human remains and living individuals: a review”. Forensic Science International 193.1-3 (2009): 
1-13.

6. de las Heras SM. “Dental age estimation in adults”. Forensic and Legal Dentistry, edited by J. Adserias-Garriga, Academic Press (2019): 
125-142. 

7. Molnar P. “Extramasticatory dental wear reflecting habitual behavior and health in past populations”. Clinical Oral Investigations 15.5 
(2011): 681-689.

8. Franco A., et al. “Comparing third molar root development staging in panoramic radiography, extracted teeth, and cone beam 
computed tomography”. International Journal of Legal Medicine 134.1 (2020): 347-353.

9. Bagic IC., et al. “Dental age estimation in children using orthopantomograms”. Acta Stomatologica Croatica 42.1 (2008): 11-18.

10. Suri L., et al. “Delayed tooth eruption: pathogenesis, diagnosis, and treatment. A literature review”. American Journal of Orthodontics 
and Dentofacial Orthopedics 126.4 (2004): 432-445.

11. Moness Ali AM., et al. “Applicability of Demirjian’s method for dental age estimation in a group of Egyptian children”. BDJ Open 5.1 
(2019): 2.

12. AlQahtani SJ., et al. “Accuracy of dental age estimation charts: Schour and Massler, Ubelaker and the London Atlas”. American Journal 
of Physical Anthropology 154.1 (2014): 70-78.

13. AlQahtani SJ., et al. “Brief communication: The London Atlas of human tooth development and eruption”. American Journal of Physical 
Anthropology 142.3 (2010): 481-490.

14. Haavikko K. “Tooth formation age estimated on a few selected teeth. A simple method for clinical use”. Proceedings of the Finnish 
Dental Society 70.1 (1974): 15-19.

15. Gulsahi A., et al. “Accuracy of the third molar index for assessing the legal majority of 18 years in Turkish population”. Forensic Science 
International 266 (2016): 584.e1-584.e6.

16. Bedek I., et al. “New model for dental age estimation: Willems method applied on fewer than seven mandibular teeth”. International 
Journal of Legal Medicine 134.2 (2020): 735-743. 

17. Kim JR., et al. “Computerized bone age estimation using deep learning based program: Evaluation of the accuracy and efficiency”. 
American Journal of Roentgenology 209.6 (2017): 1374-1380.

18. Kozan NM., et al. “Using the artificial neural networks for identification unknown Person”. IOSR Journal of Dental and Medical Sciences 
16.4 (2017): 107-113.

19. Patil V., et al. “Artificial neural network for gender determination using mandibular morphometric parameters: A comparative 
retrospective study”. Cogent Engineering 7.1 (2020): 1723783.

20. Niño-Sandoval TC., et al. “Use of automated learning techniques for predicting mandibular morphology in skeletal class I, II and III”. 
Forensic Science International 281 (2017): 187.e1-187.e7.

21. Vila-Blanco N., et al. “Deep neural networks for chronological age estimation from OPG images”. IEEE Transactions on Medical Imaging 
39.7 (2020): 2374-2384.

22. De Back W., et al. MIDL 2019 Conference Abstracts and Papers (2019). 

https://pubmed.ncbi.nlm.nih.gov/19879075/
https://pubmed.ncbi.nlm.nih.gov/19879075/
http://www.sciencedirect.com/science/article/pii/B9780128144916000091
http://www.sciencedirect.com/science/article/pii/B9780128144916000091
https://pubmed.ncbi.nlm.nih.gov/20706752/
https://pubmed.ncbi.nlm.nih.gov/20706752/
https://pubmed.ncbi.nlm.nih.gov/31754774/
https://pubmed.ncbi.nlm.nih.gov/31754774/
https://www.researchgate.net/publication/285877774_Dental_age_estimation_in_children_using_orthopantomograms
https://pubmed.ncbi.nlm.nih.gov/15470346/
https://pubmed.ncbi.nlm.nih.gov/15470346/
https://pubmed.ncbi.nlm.nih.gov/30911408/
https://pubmed.ncbi.nlm.nih.gov/30911408/
https://pubmed.ncbi.nlm.nih.gov/24470177/
https://pubmed.ncbi.nlm.nih.gov/24470177/
https://pubmed.ncbi.nlm.nih.gov/20310064/
https://pubmed.ncbi.nlm.nih.gov/20310064/
https://pubmed.ncbi.nlm.nih.gov/4821943/
https://pubmed.ncbi.nlm.nih.gov/4821943/
https://pubmed.ncbi.nlm.nih.gov/27344224/
https://pubmed.ncbi.nlm.nih.gov/27344224/
https://pubmed.ncbi.nlm.nih.gov/31041502/
https://pubmed.ncbi.nlm.nih.gov/31041502/
https://pubmed.ncbi.nlm.nih.gov/28898126/
https://pubmed.ncbi.nlm.nih.gov/28898126/
https://www.iosrjournals.org/iosr-jdms/papers/Vol16-issue4/Version-3/S160403107113.pdf
https://www.iosrjournals.org/iosr-jdms/papers/Vol16-issue4/Version-3/S160403107113.pdf
https://www.tandfonline.com/doi/full/10.1080/23311916.2020.1723783
https://www.tandfonline.com/doi/full/10.1080/23311916.2020.1723783
https://pubmed.ncbi.nlm.nih.gov/29126697/
https://pubmed.ncbi.nlm.nih.gov/29126697/
https://ieeexplore.ieee.org/document/8977504
https://ieeexplore.ieee.org/document/8977504
http://www.openreview.net/forum?id=SkesoBY49E


Age Estimation in Pediatric Patients Using Artificial Intelligence Applications: A Traditional Review

08

Citation: Hulya Cerci Akcay and Melisa Öçbe. “Age Estimation in Pediatric Patients Using Artificial Intelligence Applications: A Traditional 
Review”. EC Dental Science 23.8 (2024): 01-08.

23. Khanagar SB., et al. “Application and performance of artificial intelligence technology in forensic odontology - A systematic review”. 
Legal Medicine (Tokyo) 48 (2021): 101826. 

24. Bunyarit SS., et al. “Dental age estimation of Malaysian Chinese children and adolescents: Chaillet and Demirjian’s method revisited 
using artificial multilayer perception neural network”. Australian Journal of Forensic Sciences 52.6 (2020): 681-698.

25. Kim S., et al. “Age-group determination of living individuals using first molar images based on artificial intelligence”. Scientific Reports 
11.1 (2021): 1073. 

26. Zaborowicz K., et al. “Tooth and bone parameters in the assessment of the chronological age of children and adolescents using neural 
modelling methods”. Sensors 21.18 (2021): 6008.

27. Zaborowicz M., et al. “Deep learning neural modelling as a precise method in the assessment of the chronological age of children and 
adolescents using tooth and bone parameters”. Sensors 22.2 (2022): 637.

28. Lee YH., et al. “Age group prediction with panoramic radiomorphometric parameters using machine learning algorithms”. Scientific 
Reports 12.1 (2022): 11703.

29. Kahm SH., et al. “Application of entire dental panorama image data in artificial intelligence model for age estimation”. BMC Oral Health 
23.1 (2023): 1007. 

30. Patil V., et al. “Age assessment through root lengths of mandibular second and third permanent molars using machine learning and 
artificial neural networks”. Journal of Imaging 9.2 (2023): 33. 

31. Sousa DP., et al. “Age determination on panoramic radiographs using the Kvaal method with the aid of artificial intelligence”. 
Dentomaxillofacial Radiology 52.4 (2023): 20220363. 

32. Khanagar SB., et al. “Performance of artificial intelligence models designed for automated estimation of age using dento-maxillofacial 
radiographs: A systematic review”. Diagnostics 14.11 (2024): 1079. 

33. Hung Kuo Feng., et al. “Current applications of deep learning and radiomics on CT and CBCT for maxillofacial diseases”. Diagnostics 
(Basel, Switzerland) 13.1 (2022): 110. 

34. Jiang Serena., et al. “Radiomics-based analysis in the prediction of occult lymph node metastases in patients with oral cancer: a 
systematic review”. Journal of Clinical Medicine 12.15 (2023): 4958. 

35. Zheng Yunlin., et al. “CT-based radiomics analysis of different machine learning models for differentiating benign and malignant 
parotid tumors”. European Radiology 32.10 (2022): 6953-6964. 

36. Jeon Kug Jin., et al. “Radiomics approach to the condylar head for legal age classification using cone-beam computed tomography: A 
pilot study”. PloS one 18.1 (2023): e0280523. 

37. Fan Fei., et al. “Automated bone age assessment from knee joint by integrating deep learning and MRI-based radiomics”. International 
Journal of Legal Medicine 138.3 (2024): 927-938. 

38. Klontzas Michail E., et al. “Post-mortem CT radiomics for the prediction of time since death”. European Radiology 33.11 (2023): 8387-
8395. 

Volume 23 Issue 8 August 2024
©All rights reserved by Hulya Cerci Akcay and Melisa Öçbe.

https://pubmed.ncbi.nlm.nih.gov/33341601/
https://pubmed.ncbi.nlm.nih.gov/33341601/
https://www.tandfonline.com/doi/full/10.1080/00450618.2019.1567810
https://www.tandfonline.com/doi/full/10.1080/00450618.2019.1567810
https://pubmed.ncbi.nlm.nih.gov/33441753/
https://pubmed.ncbi.nlm.nih.gov/33441753/
https://pubmed.ncbi.nlm.nih.gov/34577221/
https://pubmed.ncbi.nlm.nih.gov/34577221/
https://pubmed.ncbi.nlm.nih.gov/35062599/
https://pubmed.ncbi.nlm.nih.gov/35062599/
https://pubmed.ncbi.nlm.nih.gov/35810213/
https://pubmed.ncbi.nlm.nih.gov/35810213/
https://pubmed.ncbi.nlm.nih.gov/38102578/
https://pubmed.ncbi.nlm.nih.gov/38102578/
https://pubmed.ncbi.nlm.nih.gov/36826952/
https://pubmed.ncbi.nlm.nih.gov/36826952/
https://pubmed.ncbi.nlm.nih.gov/36988148/
https://pubmed.ncbi.nlm.nih.gov/36988148/
https://pubmed.ncbi.nlm.nih.gov/38893606/
https://pubmed.ncbi.nlm.nih.gov/38893606/
https://pubmed.ncbi.nlm.nih.gov/36611402/
https://pubmed.ncbi.nlm.nih.gov/36611402/
https://pubmed.ncbi.nlm.nih.gov/37568363/
https://pubmed.ncbi.nlm.nih.gov/37568363/
https://pubmed.ncbi.nlm.nih.gov/35484339/
https://pubmed.ncbi.nlm.nih.gov/35484339/
https://pubmed.ncbi.nlm.nih.gov/36656878/
https://pubmed.ncbi.nlm.nih.gov/36656878/
https://pubmed.ncbi.nlm.nih.gov/38129687/
https://pubmed.ncbi.nlm.nih.gov/38129687/
https://pubmed.ncbi.nlm.nih.gov/37329460/
https://pubmed.ncbi.nlm.nih.gov/37329460/

