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Abstract

:

Background: This study aimed to reveal the efficacy of the artificial intelligence (AI)-assisted dental age (DA) assessment in identifying the characteristics of growth delay (GD) in children. Methods: The panoramic films matching the inclusion criteria were collected for the AI model training to establish the population-based DA standard. Subsequently, the DA of the validation dataset of the healthy children and the images of the GD children were assessed by both the conventional methods and the AI-assisted standards. The efficacy of all the studied modalities was compared by the paired sample t-test. Results: The AI-assisted standards can provide much more accurate chronological age (CA) predictions with mean errors of less than 0.05 years, while the traditional methods presented overestimated results in both genders. For the GD children, the convolutional neural network (CNN) revealed the delayed DA in GD children of both genders, while the machine learning models presented so only in the GD boys. Conclusion: The AI-assisted DA assessments help overcome the long-standing populational limitation observed in traditional methods. The image feature extraction of the CNN models provided the best efficacy to reveal the nature of delayed DA in GD children of both genders.
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1. Introduction


Children’s growth condition is always a great concern to parents and practicians. The most common method of evaluating the growth rate is through serial body height measurements. During annual assessments, a growth delay (GD) is usually defined as a situation in which a child’s body height is below the third percentile [1,2]. The short stature of children with GD could be due to familial, genetic, endocrinological, and nutritional factors [3]. Conversely, delayed somatic development sometimes provides early diagnostic clues for underlying diseases [3], and children with GD are usually more vulnerable to psychosocial stress because of their reduced body heights [4]. In view of these profound influences, some studies have demonstrated the instrumentality of early treatment in correcting the body height to normal or near-normal levels [1,2]. Therefore, any remarkable clinical findings would play a crucial role in the early detection of GD.



As a biomarker, dental development has been widely discussed in forensic applications [5,6] and growth estimation [7,8]. Several studies have reported a delayed dental age (DA) in children with GD [2,4,9]. Both Kjellberg et al. [4] and Vallejo-Bolaños et al. [9] separately reported DA retardation in Sweden and Spanish children of short stature using the Finnish reference [10]. Meanwhile, Krekmanova et al. [2] also found that growth hormone substitution is helpful in accelerating delayed DA in a two-year follow-up conducted via Demirjian’s method (the D method), which was based on the French–Canadian reference [11]. However, the same assessment tool was unable to reproduce the same results in Indian children with GD [12].



Such efficacy differences are thought to be a result of the differences between the populations involved. The D method and Willem’s method (the W method) [13] are the two most common methods used for DA prediction because of their reliability and applicability. Both methods evaluate the DA by classifying the tooth bud formation and the tooth development staging (TDS) of the seven left mandibular permanent teeth and using conversion tables. In the D method, the users would firstly identify the TDS of the seven left mandibular permanent teeth and then find out the conversion scores according to the TDS classification of each studied tooth. Subsequently, the summation score of all seven teeth was used to reveal the corresponded estimated chronological age (CA) by checking the other conversion table. On the hand, the W method revealed the results by only one-time table checking, because each recorded TDS of each studied tooth turned out to correspond to years of age in the regression-modified table. As a result, the summation scores of all the seven studied teeth would directly point out the estimated CA. However, in a review, Jayakumar et al. reported a more-than-six-month overestimation of the CA by the D method and recommended that the estimation results should be explained with caution in varied populations [14]. Meanwhile, the W method provides the results with less overestimation but still with varying accuracy in different populations [15].



Recently, owing to the increased computation power and the evolving algorithm, artificial intelligence (AI)-assisted approaches have been introduced into the field of DA assessment. The reported results retrieved from either machine learning (ML) [16,17] or the convolutional neural network (CNN) [18] have shown their abilities to come up with more accurate estimations. For example, Antoine et al. compared different ML approaches with the D method and found more accurate results in ML estimations [16]. In addition, our previous study [17] also reported consistent agreements among preschool to adolescent groups in the Taiwanese population compared to standard population tables [19]. On the other hand, the CNN also presented comparable errors to those of traditional methods in the extended range of studied age groups [18]. All these findings prove that AI-assisted modalities were able to lift off the long-standing dilemma resulting from population diversities in DA assessment. It would be of great interest to determine how such improvements can help DA assessments in children with GD. Therefore, this study aimed to verify the efficacy of AI-assisted DA assessments, compared to the traditional methods, in children with GD.




2. Materials and Methods


In the present study, most of the studied images were collected from healthy children whose body heights were within normal ranges, and some were from children with GD whose body heights were below the third percentile in the growth chart. Considering the prevalence rate, the images of both healthy children and those with GD were collected using different strategies.



2.1. Data Collection


2.1.1. The Images Collected from the Healthy Children


The studied panoramic films were retrospectively collected from the 2019–2020 database of Kaohsiung Chang Gung Memorial Hospital, Kaohsiung, Taiwan. The ages of the enrolled samples ranged from 3 to 18 years. To avoid possible misidentification, only those films presenting clear TDS were included. The medical records corresponding to the included samples were also carefully reviewed, and those with endocrine disorders, syndromic diseases, histories of early facial radiologic therapy, histories of major facial trauma, histories of previous orthodontic treatments, and tooth agenesis over the left mandibular segments were excluded. The sex ratio in each studied age group was approximately 1:1. The study protocol and procedures were approved by the Institutional Review Board of Kaohsiung Chang Gung Memorial Hospital (approval no. 201900844B0).




2.1.2. The Images Collected from Children with GD


Considering its low prevalence, there were multiple search strategies for GD samples, including searching the Chang Gung Research Database from 2009 to 2019, chart review, and clinical referral. All the included samples had been diagnosed with GD without any evidence of systemic diseases, endocrine disorders, genetic abnormalities, and congenital craniofacial abnormalities. However, samples without clear records of less than 3% body height were also excluded, even if the diagnosis was GD. The ages of the studied samples also ranged from 3 to 18 years. All the included panoramic films had clear images without any deformation or major artifacts. The data collection procedures were approved by the Institutional Review Board of Kaohsiung Chang Gung Memorial Hospital (approval no. 201900864B0. 201900844B0C601).




2.1.3. TDS Recording


The TDS of each enrolled sample was recorded according to the illustration and description of the D method [11]. Two senior dentists (TJW and CLC) underwent repeated training and practice sessions in order to reduce the possible bias from the manual identification. The reliability checks of the inter-examiner and intra-examiner validations were carefully arranged. A total of 50 panoramic films were randomly selected from enrolled samples for the reliability test. After the first identification, the disagreements between the two examiners were discussed to reach a consensus on TDS identification. Two weeks later, another randomly selected 50 samples were applied for another practice. On the other hand, for the intra-examiner validation, the same tested samples were re-checked again by the same examiner at a minimum interval of 2 weeks. It is until both inter-examiner and intra-examiner agreements attain near-perfect levels [20] that the overall TDA recording is initiated.




2.1.4. The Development of AI-Assisted Modalities


To compare their efficacy with those of conventional methods, AI-assisted standards should be developed before the final validation. Eighty percent of the enrolled healthy samples were randomly selected as the training dataset to develop populational standards either by ML or by CNN models. Meanwhile, the remaining 20% of samples served as the validation dataset to compare the efficacy of traditional approaches to that of AI-assisted approaches.




2.1.5. The Training of the ML Algorithm


According to our previous study [17], the Gaussian process regression (GPR) has the best performance among several tested algorithms in DA assessments. Therefore, we chose GPR for the efficacy comparison in the present study. The MATLAB’s Statistics and Machine Learning Toolbox (2021a release; MathWorks, Inc., Natick, MA, USA) was used for model developments. For the model training, the TDS of each tooth was transformed into numerical order. Values of 1 to 8 represented stages A to H, and absent tooth buds were registered as 0. The patient’s sex was another input parameter during the model training. To develop population standards, the training dataset retrieved from the initial 80% healthy samples was randomly divided for repeated training and validation by the principle of the five-fold cross-validation. Such a training sequence was repeated twenty times, and the model of the best performance was adopted for the following tests.




2.1.6. The Training of the CNN Models


Different from the traditional methods using the TDS ranking as one of the input parameters, the CNN models in the present study took the image features amid the whole panoramic films for model development. All the input images were resized to a 704 × 704 resolution. Several data augmentation techniques, including rotation, blurring, motion blur, adding noise, etc., were applied. A CNN model based on the EfficientNet-B0 was adopted for training. The model was also subjected to the five-fold cross-validation, and a total of 400 epochs was applied before the final deployment.




2.1.7. Statistics


To reach the optimal TDS identification consensus, Fleiss’s kappa [20] and the percentage of agreement for each tooth were used to assess the intra-examiner and inter-examiner reliability. The prediction error of each modality in both healthy children and those with GD of the validation dataset was calculated using the CA–DA. The efficacy levels of all the studied modalities were compared using the paired-sample t-test.






3. Results


In this study, a total of 2431 healthy children (1286 boys and 1145 girls) who matched the inclusion criteria were collected from the 2019–2020 image database of Kaohsiung Chang Gung Memorial Hospital, Kaohsiung, Taiwan. Among them, 2052 samples (1076 boys and 976 girls) constituted the training dataset with a nearly-balanced sex ratio in each age group, and the remaining 379 samples (210 boys and 169 girls) were used as the validation dataset. On the other hand, 99 children with GD (54 boys and 45 girls) were identified and enrolled in this study through amplified search strategies.



To validate the efficacy among studied modalities, a reliable TDS recording performance played an important role. In the present study, both the kappa value of the inter-examiner and intra-examiner agreements reached the almost perfect level of agreement at a Fleiss kappa of 0.802 and 0.825 individually. Both measurements had a p-value of <0.001, which showed that the agreements were identical to those that could be due to chance.



After using inputs from healthy children as the training dataset, the ML and CNN assisted the development of population standards. AI-assisted standards were then used to compare the efficacy of the traditional methods by testing the validation dataset and the data of children with GD. According to the results, both AI-facilitated models presented more accurate CA prediction results than the two conventional methods in both sexes. The mean errors of the AI-facilitated methods were no more than 0.05 years, while both traditional methods tended to show greater overestimated results of statistical significance (Table 1).



For children with GD, the D method tends to yield overestimated results with statistical significance in both sexes, while the W method showed no significant difference. On the other hand, the CNN model revealed underestimated results with statistical significance in both sexes, while the ML model yielded such results only in boys with GD (Table 2).



The identified features revealed by CNN models in both healthy and GD children were compared at the same age. The “delayed” pattern was observed in the GD children and the possible rules of CNN-extracted patterns were discussed (Figure 1).




4. Discussion


Children’s growth conditions are always a great concern to parents and pediatricians. It has been reported that children with GD tend to have DA delay [2,4,9]; however, controversial results were also reported among different populations [12]. The population difference is such a long-standing limitation that influences the clinical application of the DA assessment [14,15,21]. Recently, it has been reported that such a limitation could be overcome using AI techniques [16,17]. Therefore, the present study aimed to reveal the efficacy of the AI-assisted DA assessment in identifying the features of children with GD.



In this study, the training datasets were collected from children with normal growth rates and were used to develop the Taiwanese DA standard using AI techniques. According to the validation results, AI-assisted methods can produce more accurate CA estimations, while both traditional methods yielded overestimated results in Taiwanese children (Table 1). This finding is in line with those of the previous studies [16,17,18]. Subsequently, the developed AI-assisted standards were used to verify the DA characters in children with GD. According to the results, although to a lesser extent, the D method still revealed overestimated results in children with GD and the W method revealed nonsignificant differences in both sexes. On the other hand, the CNN revealed a DA delay in GD children of both sexes, while the ML yielded this result only in boys with GD (Table II). In the CNN model, girls with GD tended to have a >0.5-year DA delay, and greater delays that were close to one year were presented in GD boys. Briefly, the nature of the DA delay was more easily revealed by AI-assisted DA assessments in children with GD.



To develop DA assessment standards, the TDS and image features were separately used as input parameters in addition to children’s sexes. Firstly, among all studied modalities, both traditional methods and the ML model used the TDS and sex as parameters to deduce special laws of induction with or without conversion tables for the CA prediction. The results showed that the ML model has much higher CA prediction accuracy than the two traditional methods with the same parameters. The increased accuracy of the ML model also implied the importance of a population-based standard when DA-related issues were discussed. However, we also noticed that the AI-assisted standard was sufficiently empowered to reveal the nature of DA delay in GD children of both sexes under the TDS-based training (Table 2).



On the other hand, the CNN model was the only modality capable of presenting the DA delay in both male and female children with GD. Different from the above-mentioned methods, the CNN model used the whole panoramic image as the input during model training. The image features of panoramic films were identified and extracted while the CA was set as an output standard. This concept has been tested in a previous study [18]. Kim et al. used another CNN model to test the CA prediction accuracy in samples of the prepuberty, puberty, and postpuberty periods without taking sex as a parameter. According to their results, the mean absolute errors were 0.826 and 1.229 years before and during puberty, respectively [18]. In our case, the mean absolute error was 0.421 years in all samples without sex differences. We believe such improvements could result from the recently increased computing power and algorithm optimization in the AI field.



For a long time, researchers have kept exploring the possible clues associated with children’s growth and development. As a routine dental examining tool, we found that the panoramic film could provide supplemental information about growth assessments. According to the feature identification of the CA prediction process, the specific area and sequences seemed they could be traced and were worthy of our attention (Figure 1). In the youngest group of samples, feature identification was initiated from the cervical region of the primary incisors followed by the coronal region of permanent incisors, the left mandibular primary and permanent molars, the right mandibular primary and permanent molars, the coronal region of the left mandibular premolars, the coronal region of the right mandibular premolars, and the mandibular structures.



Interestingly, several features or rules have been once studied individually in previous studies. For example, the left-side dominant rule was used in the D and W method [11,13]. Additionally, the regions of interest located at the cervical and coronal portions of teeth have also raised several topics associated with age prediction. First, could the mineral density of the dental structures be an indicator of the growth condition? Amelogenesis is a multifactorial process, and enamel defects are frequently observed in many genetic and/or systemic disorders [22]. A previous case-control study reported the nonsignificant association between molar-incisor hypomineralization and the DA estimation [23]. Furthermore, another study also revealed a nonsignificant correlation between molar-incisor hypomineralization and short stature [24]. Therefore, it seems the mineral density of a tooth does not play a role in DA estimation. Secondly, the application of the linear pulp/tooth ratio as an indicator of age estimation has also been discussed [25,26,27]. Although a negative correlation was found between the linear pulp/tooth ratio and age [25], the reported error remained huge (<4 years) [26]. However, one recent CBCT study reported a strong correlation between the volumetric pulp/tooth ratio and the estimated age [28]. The detailed connection and interpretation of AI-extracted features would be of great interest in future studies.



Although the present study has proven the potential of AI-assisted DA assessments to reveal the GD nature of affected children, it still had certain limitations. First, somatic and craniofacial growth are controlled by multifactorial mechanisms. The effects of the other environmental, socioeconomical, and nutritional factors need to be better clarified in future studies to ensure the higher reliability of DA assessments. Second, the ages of the study participants were limited and did not extend to adulthood. It would be worthy of notification if the various dental interventions, including prosthetic treatments, root canal filling, and tooth extraction, influence AI performances. Lastly, this was a descriptive study; therefore, more clinical observations and prospective studies are expected to provide accurate predictions of long-term changes.




5. Conclusions


In the present study, we compared the efficacy of AI-assisted DA assessments with that of two conventional methods in both healthy children and those with GD. We found much higher CA prediction accuracy after establishing the AI-assisted standard that successfully overcame the population-related limitations observed with traditional methods. According to the results, the delayed DA could be only observed in GD boys in the ML-assisted evaluation. On the other hand, the CNN model, which extracts image features from whole panoramic films, has the best efficacy in revealing the nature of delayed DA in both boys and girls with GD. In addition to the TDS scoring, the possible alternative features relating with the CA prediction or the developments of the craniofacial structures were also discussed. However, the results of the present study should be applied cautiously because of the limitations from the limited studied parameters, the uncertain influences of image artifacts resulted from dental procedures, and the lack of long-term results.







Author Contributions


T.-J.W.: Contributed to the conception and design of the study and to data acquisition and interpretation and drafted and critically revised the manuscript. T.-J.W. and C.-L.T.: Contributed to the TDS identification training and achieved the reliable recording results. C.-L.T. and Y.-H.H.: Contributed to the conception of the study and to data acquisition and interpretation and critically revised the manuscript. Q.-Z.G.: Contributed to the CNN model training and data acquisition. Y.-P.C.: Contributed to the training of ML model training and data acquisition. C.-F.K.: Contributed to the conception and design of the study and critically revised the manuscript. All authors have read and agreed to the published version of the manuscript.




Funding


This research was funded by the Chang Gung Medical Foundation, grant CORPG8J0101 for study design and monitoring, data collection, and interpretation; grant CORPG8K0191 for maintenance; and grant CLRPG3H0013 for data analysis.




Institutional Review Board Statement


The study was conducted according to the guidelines of the Declaration of Helsinki and approved by the Institutional Review Board of the Chang Gung Medical Foundation (IRB No. 201900844B0, approved on 14 June 2019) (IRB No. 201900864B0, approved on 1 July 2019) (IRB No. 201900844B0C601, approved on 15 July 2019).




Informed Consent Statement


Informed consent was obtained from all identifiable subjects involved in the study.




Data Availability Statement


Data are available on request but may be restricted for reasons such as privacy or ethical concerns.




Acknowledgments


The authors gratefully acknowledge Shang-Hua Yu and Ming-Ju Li, research assistants, Kaohsiung Chang Gung Memorial Hospital, for assisting in the data collection. We also acknowledge the Biostatistics Center, Kaohsiung Chang Gung Memorial Hospital, for help with statistical analysis.




Conflicts of Interest


The authors declare no conflict of interest in this work.




References


	



Krekmanova, L.; Carlstedt-Duke, J.; Brönnegård, M.; Marcus, C.; Gröndahl, E.; Modéer, T.; Dahllöf, G. Dental maturity in children of short stature, with or without growth hormone deficiency. Eur. J. Oral Sci. 1997, 105, 551–556. [Google Scholar] [CrossRef] [PubMed]

	



Krekmanova, L.; Carlstedt-Duke, J.; Marcus, C.; Dahllöf, G. Dental maturity in children of short stature--a two-year longitudinal study of growth hormone substitution. Acta Odontol. Scand. 1999, 57, 93–96. [Google Scholar] [CrossRef] [PubMed]

	



Sultan, M.; Afzal, M.; Qureshi, S.M.; Aziz, S.; Lutfullah, M.; Khan, S.A.; Iqbal, M.; Maqsood, S.U.; Sadiq, N.; Farid, N. Etiology of short stature in children. J. Coll. Physicians Surg. Pak. 2008, 18, 493–497. [Google Scholar] [PubMed]

	



Kjellberg, H.; Beiring, M.; Wikland, K.A. Craniofacial morphology, dental occlusion, tooth eruption, and dental maturity in boys of short stature with or without growth hormone deficiency. Eur. J. Oral Sci. 2000, 108, 359–367. [Google Scholar] [CrossRef]

	



Chaillet, N.; Nyström, M.; Demirjian, A. Comparison of dental maturity in children of different ethnic origins: International maturity curves for clinicians. J. Forensic Sci. 2005, 50, 1164–1174. [Google Scholar] [CrossRef]

	



Shamim, T. Forensic odontology. J. Coll. Physicians Surg. Pak. 2012, 22, 240–245. [Google Scholar]

	



Demirjian, A.; Buschang, P.H.; Tanguay, R.; Patterson, D.K. Interrelationships among measures of somatic, skeletal, dental, and sexual maturity. Am. J. Orthod. 1985, 88, 433–438. [Google Scholar] [CrossRef]

	



Perinetti, G.; Contardo, L.; Gabrieli, P.; Baccetti, T.; Di Lenarda, R. Diagnostic performance of dental maturity for identification of skeletal maturation phase. Eur. J. Orthod. 2012, 34, 487–492. [Google Scholar] [CrossRef]

	



Vallejo-Bolaños, E.; España-López, A.J. The relationship between dental age, bone age and chronological age in 54 children with short familial stature. Int. J. Paediatr. Dent. 1997, 7, 15–17. [Google Scholar] [CrossRef]

	



Haavikko, K. Tooth formation age estimated on a few selected teeth. A simple method for clinical use. Procc. Finn. Dent. Soc. 1974, 70, 15–19. [Google Scholar]

	



Demirjian, A.; Goldstein, H.; Tanner, J.M. A new system of dental age assessment. Hum. Biol. 1973, 45, 211–227. [Google Scholar] [PubMed]

	



Kumar, V.; Hegde, S.K.; Bhat, S.S. The relationship between dental age, bone age and chronological age in children with short stature. Int. J. Contemp. Dent. 2011, 2, 6–11. [Google Scholar]

	



Willems, G. A review of the most commonly used dental age estimation techniques. J. Forensic Odonto-Stomatol. 2001, 19, 9–17. [Google Scholar]

	



Jayaraman, J.; Wong, H.M.; King, N.M.; Roberts, G.J. The French–Canadian data set of Demirjian for dental age estimation: A systematic review and meta-analysis. J. Forensic Leg. Med. 2013, 20, 373–381. [Google Scholar] [CrossRef] [PubMed]

	



Sehrawat, J.; Singh, M. Willems method of dental age estimation in children: A systematic review and meta-analysis. J. Forensic Leg. Med. 2017, 52, 122–129. [Google Scholar] [CrossRef] [PubMed]

	



Galibourg, A.; Cussat-Blanc, S.; Dumoncel, J.; Telmon, N.; Monsarrat, P.; Maret, D. Comparison of different machine learning approaches to predict dental age using Demirjian’s staging approach. Int. J. Leg. Med. 2021, 135, 665–675. [Google Scholar] [CrossRef]

	



Te-Ju Wu, C.L.T.; Huang, Y.-H.; Fan, T.-Y.; Chen, Y.-P. Efficacy of machine-learning assisted dental age assessment in Han population. Leg. Med. under processing.

	



Kim, J.; Bae, W.; Jung, K.-H.; Song, I.-S. Development and validation of deep learning-based algorithms for the estimation of chronological age using panoramic dental x-ray images. Proc. Mach. Learn. Res. 2019. Available online: https://openreview.net/revisions?id=BJg4tI2VqV (accessed on 1 May 2022).

	



Pan, J.; Shen, C.; Yang, Z.; Fan, L.; Wang, M.; Shen, S.; Tao, J.; Ji, F. A modified dental age assessment method for 5-to 16-year-old eastern Chinese children. Clin. Oral Investig. 2021, 25, 3463–3474. [Google Scholar] [CrossRef]

	



Fleiss, J.L.; Levin, B.; Paik, M.C. Statistical Methods for Rates and Proportions; John Wiley Sons: Hoboken, NJ, USA, 2013. [Google Scholar]

	



Kuremoto, K.; Okawa, R.; Matayoshi, S.; Kokomoto, K.; Nakano, K. Estimation of dental age based on the developmental stages of permanent teeth in Japanese children and adolescents. Sci. Rep. 2022, 12, 3345. [Google Scholar] [CrossRef]

	



Thesleff, I. The genetic basis of tooth development and dental defects. Am. J. Med. Genet. Part A 2006, 140, 2530–2535. [Google Scholar] [CrossRef]

	



Sezer, B.; Çarıkçıoğlu, B.; Kargül, B. Dental age and tooth development in children with molar-incisor hypomineralization: A case-control study. Arch. Oral Biol. 2022, 134, 105325. [Google Scholar] [CrossRef]

	



Owlia, F.; Akhavan-Karbassi, M.-H.; Rahimi, R. Could molar-incisor hypomineralization (MIH) existence be predictor of short stature? Int. J. Prev. Med. 2020, 11, 101. [Google Scholar] [PubMed]

	



Kvaal, S.; Solheim, T. A non-destructive dental method for age estimation. J. Forensic Odonto-Stomatol. 1994, 12, 6–11. [Google Scholar]

	



Cameriere, R.; Ferrante, L.; Cingolani, M. Variations in pulp/tooth area ratio as an indicator of age: A preliminary study. J. Forensic Sci. 2004, 49, 317–319. [Google Scholar] [CrossRef] [PubMed]

	



Panchbhai, A. Dental radiographic indicators, a key to age estimation. Dentomaxillofacial Radiol. 2011, 40, 199–212. [Google Scholar] [CrossRef]

	



Gulsahi, A.; Kulah, C.K.; Bakirarar, B.; Gulen, O.; Kamburoglu, K. Age estimation based on pulp/tooth volume ratio measured on cone-beam CT images. Dentomaxillofacial Radiol. 2018, 47, 20170239. [Google Scholar] [CrossRef]








[image: Jpm 12 01158 g001a 550][image: Jpm 12 01158 g001b 550] 





Figure 1. The feature identification of the convolutional neural network (CNN) models in samples. The comparison of the identified features by the CNN models between the healthy children and children with growth delay (GD) at the same age ((a) boys, (b) girls). The images of GD children are framed in red color. The coloring indicated the order of the increased intensity of attention from blue, green, yellow to red. The area and intensity of the feature identification in the GD children are relatively delayed compared to that of healthy ones. Abbreviations: chronological age (CA), D method (D), W method (W), machine learning (ML), convolutional neural network (CNN). 
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Table 1. The performance of studied methods in predicting CA of healthy children.
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Girls




	
Prediction Error

	
N

	
Mean (Age)

	
Std. Deviation (Age)

	
Std. Error Mean (Age)

	
p Value




	
CA-D method

	
169

	
−0.818

	
0.852

	
0.066

	
0.000 *




	
CA-W method

	
169

	
−0.279

	
0.792

	
0.061

	
0.000 *




	
CA-ML

	
169

	
0.039

	
0.736

	
0.057

	
0.488




	
CA-CNN

	
169

	
0.014

	
0.718

	
0.055

	
0.793




	

	
Boys




	
Prediction Error

	
N

	
Mean (Age)

	
Std. Deviation (Age)

	
Std. Error Mean (Age)

	
p Value




	
CA-D method

	
210

	
−0.926

	
1.005

	
0.069

	
0.000 *




	
CA-W method

	
210

	
−0.468

	
0.917

	
0.063

	
0.000 *




	
CA-ML

	
210

	
−0.050

	
0.770

	
0.053

	
0.345




	
CA-CNN

	
210

	
0.007

	
0.637

	
0.044

	
0.874








* p < 0.05. Abbreviations: chronological age (CA), number of samples (N), D method (D method), W method (W method), machine learning (ML), convolutional neural network (CNN).













[image: Table] 





Table 2. The performance of studied methods in predicting CA of GD children.
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Girls




	
Prediction Error

	
N

	
Mean (Age)

	
Std. Deviation (Age)

	
Std. Error Mean (Age)

	
p Value




	
CA-D method

	
45

	
−0.694

	
1.508

	
0.225

	
0.003 *




	
CA-W method

	
45

	
−0.244

	
1.503

	
0.224

	
0.283




	
CA-ML

	
45

	
0.252

	
1.301

	
0.194

	
0.201




	
CA-CNN

	
45

	
0.466

	
1.044

	
0.156

	
0.005 *




	

	
Boys




	
Prediction Error

	
N

	
Mean (Age)

	
Std. Deviation (Age)

	
Std. Error Mean (Age)

	
p Value




	
CA-D method

	
54

	
-0.318

	
1.051

	
0.147

	
0.036 *




	
CA-W method

	
54

	
-0.048

	
1.090

	
0.148

	
0.746




	
CA-ML

	
54

	
0.497

	
0.971

	
0.133

	
0.000 *




	
CA-CNN

	
54

	
0.902

	
1.158

	
0.158

	
0.000 *








* p < 0.05. Abbreviations: chronological age (CA), growth delay (GD), number of samples (N), D method (D method), W method (W method), machine learning (ML), convolutional neural network (CNN).
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