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Background: The accuracy and consistency of bone age assessments (BAA) using standard methods can vary with physicians' level of experience.

Methods: To assess the impact of information from an artificial intelligence (AI) deep learning convolutional neural network (CNN) model on BAA, specialists with different levels of experience (junior, mid-level, and senior) assessed radiographs from 316 children aged 4–18 years that had been randomly divided into two equal sets-group A and group B. Bone age (BA) was assessed independently by each specialist without additional information (group A) and with information from the model (group B). With the mean assessment of four experts as the reference standard, mean absolute error (MAE), and intraclass correlation coefficient (ICC) were calculated to evaluate accuracy and consistency. Individual assessments of 13 bones (radius, ulna, and short bones) were also compared between group A and group B with the rank-sum test.

Results: The accuracies of senior, mid-level, and junior physicians were significantly better (all P < 0.001) with AI assistance (MAEs 0.325, 0.344, and 0.370, respectively) than without AI assistance (MAEs 0.403, 0.469, and 0.755, respectively). Moreover, for senior, mid-level, and junior physicians, consistency was significantly higher (all P < 0.001) with AI assistance (ICCs 0.996, 0.996, and 0.992, respectively) than without AI assistance (ICCs 0.987, 0.989, and 0.941, respectively). For all levels of experience, accuracy with AI assistance was significantly better than accuracy without AI assistance for assessments of the first and fifth proximal phalanges.

Conclusions: Information from an AI model improves both the accuracy and the consistency of bone age assessments for physicians of all levels of experience. The first and fifth proximal phalanges are difficult to assess, and they should be paid more attention.
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INTRODUCTION

Bone age assessment (BAA) is a very important parameter of a child's growth assessment in clinical practice, and is widely used in pediatric endocrinology (1, 2). In China, the Greulich-Pyle atlas method (3, 4) and the Standard of Skeletal Maturity of the Hand and Wrist for Chinese (China 05 RUS-CHN method) (5) are widely used BAA methods. The Greulich-Pyle method is simple and easy to apply, but assessment results are greatly influenced by the experience of the observer (6). The China 05 RUS-CHN method, which is established with Chinese as the reference group, evaluates and scores each bone of the 14 skeletons. Thus the China 05 RUS-CHN method is complicated and time-consuming, the evaluation process requires extensive experience, and the assessment results also differ with physicians' seniority of experience (7). Therefore, there is an urgent need to establish a rapid, reliable automated BAA system (8, 9).

Recently, deep learning-based BAA systems have received attention in both medical and computer science communities (10). In the Radiological Society of North America Pediatric Bone Age Machine Learning Challenge, which used the mean Greulich-Pyle atlas reading of four human reviewers as reference standard, top teams achieved mean absolute errors (MAEs) from 4.265 to 4.907 months (11, 12). Ren X et al. (13) used a supervised convolutional neural network model and achieved an average MAE of 5.2 months for the Radiological Society of North America dataset. Meanwhile, Retrieval of an X-ray image from a picture archiving and communication system, processing the image, and reading the bone age required approximately 1.5 s, while radiologists required 1.4 to 7.9 min to assess bone age. Although the advantages of using automated BAA have been demonstrated, most studies (14, 15) only compared AI and physicians' BAA, which does not demonstrate the value of AI assistance to physicians with different levels of experience.

To the best of our knowledge, there has been no literature on the influence of physicians' levels of experience on AI-assisted BAA; therefore, we conducted a multi-level investigation to validate the impact of deep learning on the accuracy and the consistency of BAA by physicians with different levels of experience.



METHODS


Ethics

This study was conducted with institutional review board approval at the Capital Institute of Pediatrics (NumberSHERLL2020018). All participants provided informed consent.



Participants and Methodology

Participants and methodology are illustrated in Figure 1. Participants were recruited from the Capital Institute of Pediatrics between January 2020 and December 2020. Children 4 to 18 years old who had X-rays taken for BAA were recruited. Exclusion criteria were diagnoses of skeletal dysplasia, endocrine diseases, or hereditary metabolic diseases that may affect stature (such as growth hormone deficiency, congenital adrenal hyperplasia, or chronic diseases). A total of 1,589 children were eligible. After stratification by age, 316 children were randomly selected to form two equal (n = 158) age-balanced cohorts (groups A and B).


[image: Figure 1]
FIGURE 1. Study design flowchart. The upper part illustrates inclusion and exclusion criteria. After stratified sampling by age, an age-balanced cohort of 316 samples were extracted, which were further randomly divided into group A and group B, each with 158 samples. Both groups were independently evaluated by 4 reference standard experts and 9 physicians of different levels of experience. For group B, the 9 physicians were given AI reports before performing BAA by themselves.


Nine physicians with different levels of bone age assessment experience (three senior specialists, with more than 10 years; three mid-level specialists, with 5–10 years of experience; and three junior specialists, with less than 5 years of experience) and four experts (two radiologists, one pediatric endocrinologist, and one pediatric healthcare physician), each with more than 15 years of experience, participated in this study.

Radiographs were independently assessed, using the China 05 RUS-CHN method, by the nine physicians either with no additional information (group A) or with information from AI bone age assessment reports (group B). The physicians were blinded to others results, but were informed about each patient's sex and chronological age just as daily clinical practices. In the group B, there were three steps to evaluate the bone age. First, the physicians of group B were asked to evaluate the bone age (BA) by themselves. Second, AI's reports were given to the physicians. Third, physicians were instructed to make corrections when they double-check their BA results comparing with the AI reports. We used the average assessment of the experts, who were experienced in using the China 05 RUS-CHN method, as the reference standard. MAE was calculated as the mean of the absolute values of the difference between the physicians' assessments and the reference standard. We used MAE because it is less sensitive than root mean square error to out-of-distribution samples. Intraclass correlation coefficient (ICC) was calculated to determine the consistency of physicians' bone age assessments. Bland-Altman plots with 95% limits of agreement were used to examine bone age assessment differences between the AI model and the reference standard.



Deep Learning Models

All radiographs were acquired using Global 1 Platform DX (General Electric). Dr. Wise Bone Age Detection and Analysis System was used as the AI model and was run on NVIDIA Graphics Processing Unit TITAN Xp. The AI models mainly consisted of a landmark detection algorithm and a bone development stage rating algorithm, as illustrated in Supplementary Figure 1. The landmark detection algorithm included two steps. Firstly, following the Faster R-CNN (16) method, hand bounding box was detected. Secondly, within the hand bounding box, target RUS bones were located using High-Resolution Net (HRNet) (17). The bone development stage rating algorithm used residual nets (ResNet34) (18) as backbone to extract epiphyseal image features of target RUS bones, which were sent to a graph convolution network module. This module combined the local image features of the epiphyseal ROI and the contextual features of adjacent epiphyseal ROIs to exploit the pattern of hand-bone growth (19).

The AI models were developed on 14,855 radiographs of different patients from six data centers in China. On an internal validation cohort of 1,486 patients, this system achieved MAE of 0.249 year (95% CI: 0.238, 0.260 years) for China 05 RUS-CHN assessments.



Statistical Analysis

Statistical software (IBM Corp. 2013. IBM SPSS Statistics for Windows, Version 22.0. Armonk, NY; https://www.ibm.com/analytics/spss-statistics-software) and R language (https://www.r-project.org) were used for statistical analysis. We assessed the normality of continuous variables using skewness and kurtosis test. Between-group comparisons of baseline characteristics were analyzed using the chi-square test (gender), and two independent sample t-test (age). MAEs, ICCs and the differences for 13 bones (radius, ulna, and short bones) were compared, by physician level of experience, between assessments with and without AI assistance using the rank-sum test. Expert assessments demonstrated consistency (ICC 0.990, 95% CI: 0.987, 0.992).

P < 0.05 (two-sided) was considered to be statistically significant. Python 3.0 (https://www.python.org/) was used for model training and bone age calculation.




RESULTS


Baseline Data

Table 1 shows that there were no statistically significant differences in age and gender (P > 0.05) between the children in group A and those in group B.


Table 1. Characteristics of children in groups A and B.
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Model Performance

Landmarks detected by the AI model are shown in Supplementary Figure 2. The landmarks included epiphyses for the radius, the ulna, metacarpals I/III/V, proximal phalanges I/III/V, middle phalanges I/III/V, and distal phalanges I/III/V.

The Bland-Altman plot illustrating the difference between the AI model and the reference standard over the range of the mean of the two estimates are shown in Figure 2. The mean difference was +0.19 years, with 95% limits of agreement from−0.613 to +1.003 years. Qualitatively, the AI model tended to overestimate bone age for small children and underestimate bone age for older children. MAE between the AI model and reference standard was 0.332±0.312 years.


[image: Figure 2]
FIGURE 2. Bland-Altman plot of differences between the artificial intelligence model and reference standard bone age assessments. AI, artificial intelligence; RS, reference standard; RUS-CHN, Chinese Standard of Skeletal Maturity of the Hand and Wrist.




Performance of Doctors With and Without AI Assistance

The accuracies were significantly better (all P < 0.001) with AI assistance (MAEs 0.325, 0.344, and 0.370, respectively) than without AI assistance (MAEs 0.403, 0.469, and 0.755, respectively) for senior, mid-level, and junior physicians (Table 2). The consistency was significantly higher (all P < 0.001) with AI assistance (ICCs 0.996, 0.996, and 0.992, respectively) than without AI assistance (ICCs 0.987, 0.989, and 0.941, respectively) for senior, mid-level, and junior physicians (Table 2). Figure 3 utilize standard box plot diagram to show the BAA error distributions of physicians with different levels of experience. The boxes without AI assistance are filled in green, while those with AI assistance are filled in orange. The black line in the middle of the box represents the median of BAA Errors. The height of boxes, which represents the middle 50% of data points, clearly shrink with AI assistance for all three groups of physicians.


Table 2. Assessment performance for physicians with different levels of experience with no additional information (group A) and with artificial intelligence model assistance (group B).
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FIGURE 3. Box plot of bone age assessment errors without AI assistance (group A) and with AI model assistance (group B) for physicians of different experience. AI, artificial intelligence; BAA, bone age assessment.


Table 3 shows MAEs for assessments of 13 bones (including the radius, the ulna, and short bones). For almost every bone, MAEs for assessments with AI assistance (group B) were better than those without AI assistance (group A). For senior specialists, MAEs for the first and fifth proximal phalanges were significantly lower with AI assistance than those without (P < 0.05). For mid-level specialists, in addition to those for the first and fifth proximal phalanges, MAEs for the radius, the ulna, the third proximal phalanx, and the first distal phalanx were significantly lower with AI assistance than those without. For junior specialists, MAEs for all 13 bones were significantly lower with AI assistance than those without.


Table 3. MAE for assessments of 13 bones (radius, ulna, and short bones).
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DISCUSSION

In this study, we compared the bone age assessment results of specialists with different levels of experience with and without AI assistance among 316 children, using China 05 RUS-CHN method. The key finding of this study was that AI assistance improved bone age assessments (decreased MAE and increased ICC) performed by specialists with different levels of experience. In particular, bone age assessments of the first and fifth proximal phalanges significantly improved with AI assistance for senior, mid-level, and junior specialists. To the best of our knowledge, this is the first cross-sectional study to explore the auxiliary diagnostic value of AI bone age assessment for specialists with different levels of experience.

We chose to use the normalized mean assessment value from four expert pediatric specialists' clinical interpretations of bone radiographs as the reference standard to minimize inherent variability. And the four specialists were engaged in radiology, child health care, growth and development, and endocrinology, to enable a stable assessment of bone age assessment intrinsic variation. Our study showed the ICC of the four experts was 0.990 (95% CI: 0.987, 0.992), therefore the reference standard can be regarded as accurate and valuable.

Several studies have compared radiological bone age determination using the Greulich-Pyle method with automated bone age assessments (14, 20–22) and have found that AI bone age assessments are comparable to human assessments (23). In a machine learning challenge (11, 12), AI bone age assessments differed from the reference standard by only 4.3 months, compared with 7.3 months for radiologists. However, it is unlikely that AI models will ever be used without radiologist input, because they are incapable of rejecting radiographs with subtle abnormalities (abnormal morphology or texture). In actual clinical application, AI results need to be reviewed by a physician. Thus, AI-assisted bone age assessment is more likely to be used in clinical applications. Yet, most previous studies emphasize the accuracy and efficiency of AI bone age assessment compared with manual results (14, 19, 23). Available literature on AI-assisted bone age assessment is scarce (24). Therefore, we compared bone age assessment by specialists with different levels of experience with and without.



AI-ASSISTED BONE AGE ASSESSMENT

Our findings were consistent with those of a previous study (24) that also compared the bone age assessments of physicians, using radiographs, with and without AI assistance and showed that MAEs were significantly improved in physicians with AI assistance. Moreover our study showed that MAEs were significantly improved in senior, mid-level, and junior physicians. Importantly, we found that the improvement of junior physicians was the most notable. A possible reason for this finding is that bone age classification is very meticulous work, and bone age is difficult to judge. Junior physicians typically require several years of experience with the assistance of senior doctors before they can evaluate bone age independently. Additionally, despite the statistically significance of the MAEs in senior and mid-level physicians, the actual MAEs which improved in senior and mid-level physicians with AI assistance is very low (about 1 month). Our results suggest that AI bone age assessment can assist physicians with low levels of experience. Consistency significantly increased in senior, mid-level, and junior physicians. Improvements in consistency would facilitate the adoption of the bone age report by different doctors and follow-up of pediatric patients' bone age assessments, which typically requires repeating assessments of earlier radiographs in many departments.

Another key finding was that AI assistance decreased MAE for specific bones, the first and fifth proximal phalanges, among bone age assessments performed by physicians of all levels of experience including senior, mid-level, and junior physicians. Similar results were reported by Xue-Lian Zhou and colleagues (25): human interpretations of particular bones, male capitate, hamate, the first distal and fifth middle phalanx and female capitate, the trapezoid, and the third and fifth middle phalanx, were the most inconsistent. This is likely because the China 05 RUS-CHN method is subjective—there is no standard regarding which bone should be weighted or relied upon more during the assessment (8). As for senior specialists, only the MAEs for the first and fifth proximal phalanges were significantly different between the two groups, while other 11 bones were no differences. Our results indicate that bone age assessments of the first and fifth proximal phalanges may be difficult, and they should be paid more attention during bone ageassessment.

Limitations of this study are cross-sectional study and use of single-center data; therefore, the sample size was relatively small. In addition, differences in the bone age development of children in different regions of China and the influence of different digital radiography acquisition parameters on the accuracy of AI bone age interpretation were not discussed herein. In the future, more in-depth research such as a multicenter study should be carried out to address these limitations.

In summary, AI assistance increases the accuracy and the consistency of bone age assessments performed by physicians with different levels of experience. In particular, bone age, when assessment relies upon radiographs of the first and fifth proximal phalanges, is easily misjudged.
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