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ABSTRACT 

Objective: Artificial intelligence (AI) is playing an increasing role in patient assessment. 

AI bone age analysis is such a tool, but its value in Arabic children presenting to an 

endocrine clinic has not been explored. We compared results from an experienced 

pediatric radiologist and the AI bone age system, BoneXpert (BX), (Visiana, Denmark) to 

assess its utility in a cohort of children presenting to the Al Jalila Children’s Specialty 

Hospital endocrine service. 

Materials and Methods: We conducted a retrospective chart review of 47 children with 

growth disorders, initially assessed by a single experienced radiologist and subsequently 

by BX, to confirm the usefulness of the BX system in our population. The results of the 

analyses were analysed using a Bland-Altman plot constructed to compare differences 

between the radiologist’s interpretation and BX across the available range of bone age. 

Results: Forty-four of the patient x-ray images were analysed by BX. Three X-ray images 

were rejected by BX due to post-processing artifacts, which prevented computer 

interpretation. For the remaining 44 X-rays, there was a close correlation between 

radiologist and BX results (r=0.93; p <0.00001).  Two radiographs were identified with a 

large discrepancy in the reported bone ages. Blinded, independent re-evaluation of the 

radiographs showed the original manually interpreted bone age to have been erroneous, 

with the BX results corresponding closely to the amended bone age. A small positive bias 

was noted in bone age (+0.39 years) in the BX analyses, relative to manual interpretation. 

Conclusions: AI bone age analysis was of high utility in Arabic children from UAE 

presenting to an endocrine clinic, with results highly comparable to an experienced 

radiologist. In the two cases where a large discrepancy was found, independent re-

evaluation showed AI analysis was correct. 

Keywords: Bone Age, Greulich & Pyle, Growth, Puberty 

 

 

 

 

 

 

 

 

 

 

 

Research Article 

Received 04-07-2021  

Accepted 20-07-2021  

Available Online: 23-07-2021 

Published 30-07-2021 

Distributed under 

Creative Commons CC-BY-NC 4.0 

OPEN ACCESS 

 

INTRODUCTION 

Assessment of bone age is a critical tool in the investigation of disorders affecting growth 

and puberty. (1, 2, 3) A child growing as expected for age will have a bone age close to 

his chronological age.  However, a child with pathological short stature or delayed 

puberty is likely to have significant bone age delay.  In contrast, a child who has 

precocious puberty will have a relatively advanced bone age. (4) Accuracy in the 

determination of bone age is crucial to correct diagnosis and may be used to determine the 

height prognosis, which is a major concern to parents and children. (5) 

Additionally, serial bone age assessment is invaluable in disease monitoring, as in 

congenital adrenal hyperplasia, where excessive steroid replacement retards growth and 

delays bone age, whereas the inadequate replacement is reflected in the advanced bone 

age and compromised final height. (6) Similarly, the effect of treatments such as 

gonadotropin releasing hormone agonists (used for central precocious puberty) or growth 

hormone can be monitored through serial measurements of bone age. (4) 
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In order for bone age measurement to have maximum utility, 

accuracy and precision of bone age assessment is critical. 

This is particularly true for serial measurements. There are 

two widely used approaches to determine bone age from a 

hand and wrist radiograph – the Greulich & Pyle method 

(G&P) – in which, most commonly, bone age is determined 

by comparing a hand-wrist radiograph of a child with the age-

matched standard radiographs shown in the Greulich & Pyle 

atlas. (7) This method is straightforward and quick and hence 

widely used, but when bone age is assessed in this way, it is 

typically somewhat imprecise (e.g. ‘the bone age is between 7 

and 7.5 years’).  The Tanner Whitehouse method, now in its 

third iteration (TW3) depends on assessing and scoring the 

skeletal maturity of each individual bone of the hand, (8) and 

hence is time-consuming and laborious compared with the 

G&P method and while more precise, it has less utility for 

determining height prognosis, which is a major objective of 

bone age assessment. (9) The G&P bone age method was 

originally compiled from bone age assessments of largely 

Caucasian children from Ohio, USA, of good socioeconomic 

status, but subsequently has been validated in many 

populations worldwide, although important ethnic differences 

do exist.(10) 

Use of Artificial Intelligence (AI) to assess bone age has been 

attempted for over 30 years. The first step in the use of AI 

was the HANDX system developed in 1989. (11) HANDX 

was a semi-automated system able to detect skeletal growth 

abnormalities in children. The PROI system (1991) (12) and 

Computer-based Skeletal Aging Scoring (CASAS) system 

(1994) (13) allowed assessment of bone age in a highly 

reproducible and accurate way. However, although of 

increased accuracy, compared with manual assessment of 

bone age, CASAS was more labor-intensive than manual 

reading, and hence not viable for clinical practice. 

Improvements in computational power and AI analysis 

techniques finally led to the realization of viable commercial 

solutions, such as BoneXpert™ (BX) (Visiana, Copenhagen, 

Denmark) in 2008. (14) BX is an AI system that calculates 

bone age by analyzing the shape and density of 21 bones 

(ulna, radius, metacarpals and phalanges). The borders of the 

bones are detected using a machine-learning algorithm which 

has learned to locate landmarks on the bones, and the normal 

anatomy of each bone. The information is used to generate a 

G&P and TW3 bone age, and more recently, BX version 3.0 

introduced in September 2019 also reports carpal bone age. 

BX is now widely used in Europe and has additionally been 

validated in multiple ethnic populations, worldwide. (15) This 

system uses AI assessment of bone age to derive G&P and 

TW bone ages, with a high degree of precision.  It has been 

progressively refined since its introduction and has attained a 

level of precision and accuracy superior to conventional 

radiographical interpretation.  Indeed, the current software 

(version 3.03) is equivalent to the combined assessment of 

five expert radiologists. (16) 

An additional utility of the BX system is that it includes a 

measure of bone density – Bone Health Index – which has 

been found to correspond very closely to measurements by 

dual energy X-ray absorptiometry (DXA). (17, 18) 

The use of BX to determine bone age also yields actionable 

results immediately, allowing real-time decision-making on 

the basis of the result, rather than awaiting a manual report, 

and aids the radiologist, the clinician and the patient. Having 

introduced BX, we conducted a retrospective validation of the 

previously obtained bone age results. 

MATERIAL and METHODS 

We examined bone age x-rays from 47 children with 

disorders of growth and puberty attending endocrine clinics 

between August 2017 until December 2018, who required 

bone age assessment. The children were aged between 3.75 

and 14.95 years, (27 males) assessed by a single experienced 

radiologist (EA) before the introduction of BX, using the 

G&P method. We compared the results to those obtained with 

BoneXpert (BX), (version 2.0.1.3, Visiana, Denmark), in 

December 2018. Hand radiographs for bone age were 

identified retrospectively from the Picture Archiving and 

Communication System (PACS) in standard digital imaging 

(DICOM) format. Figure 1 shows an example of an AI 

generated BX report. 

 

 

Figure 1. An example BX report. The annotated image is the result 

of the analysis, containing the following: BA (GP): Greulich-Pyle 

bone age (gender, M or F), BA SDS: Bone Age Standard deviation 

score of GP bone age, BA (TW3): Tanner-Whitehouse bone age; 

Chronological age, BHI: Bone health index – a measure of bone 

density, BHI SDS: Standard deviation score of BHI 
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Statistical analysis was performed using Microsoft Excel 

(Microsoft Corp., Redmond, WA, USA). The bone ages 

obtained by the two methods were compared and the 

correlation coefficient and statistical significance were 

determined.  A Bland-Altman plot was constructed to 

determine analogy between the manual bone age and BX 

results and to identify any systematic bias. 

The analysis was a retrospective review of routine 

radiographic data obtained as part of normal clinical practice 

and as such, ethical approval was deemed unnecessary. 

RESULTS  

Of the 47 X-rays analysed, three could not be evaluated by 

BX due to image processing artifacts. Image processing 

(‘edge enhancement’) is commonly employed to improve the 

clarity of radiographs for manual interpretation, but the 

resultant digital “noise” may render the X-ray unsuitable for 

AI analysis. (14) 

Of the 44 analyses where comparison was possible, there was 

a high correlation between the two bone age measures (r= 

0.93, p<0.00001).  There were 2 outliers, which differed by 

more than 3 years. The outliers were independently reviewed 

by co-author, APD, who was blinded to the original bone age 

assessments. He reported bone ages that corresponded closely 

to the bone age determined by BX.  The range excluding 

these two outliers was -1.22 years to +2.30 years, which were 

within the expected range of bone age, as shown by the 

Bland-Altman plot (Figure 2). 

 

 

Figure 2. Bland-Altman plot demonstrating difference between bone 

age measurements plotted against the average bone age. The dashed 

lines indicate the Limits of Agreement between which 95% of 

measurements are expected to lie. Two outliers (highlighted with 

circles) are clearly evident – one above, and one below the upper and 

lower limits of agreement, respectively. There is a small positive 

bias of 0.39 years indicating that, on average, the bone age 

determined by BX is 0.39 years greater than manual reading 

 

 

 

This clearly demonstrated the two outlying values, (circled) 

but the remaining observations were in close agreement, all 

lying within the limits of agreement, albeit that there was a 

systematic positive bias of +0.39 years, indicating that BX 

systematically scored bone ages 0.39 years higher than 

manual reading. The data spread and bias were similar when 

the results were analysed by gender (data not shown). 

DISCUSSION  

In our retrospective analysis of bone ages of children 

attending an endocrine clinic, we found a close correlation 

between an experienced radiologist’s interpretations and AI 

Bone age analysis.  Two bone age results differed markedly 

from those determined by BX and following independent 

review of the images, blinded to the original bone age 

estimation, the original bone age was amended and was in 

agreement with that given by BX. With the exception of these 

two outliers, there was close agreement between the bone 

ages, indicating that the discrepancy arose from erroneous 

manual reading of bone age and not from software error. This 

suggests that for practical purposes, AI bone age analysis 

using BX is a suitable tool for the evaluation of bone age in 

Arabic children attending an endocrine clinic in UAE. 

To a certain extent, bone age is an artificial construct. The 

assessment of bone age using a largely Caucasian reference 

population from the 1940s takes no account of secular 

changes in bone age over time, (19) nor of important ethnic 

differences. (10) The mean age of puberty is falling 

worldwide, in both boys and girls and this is reflected by a 

relative advance in bone age compared with chronological 

age. (19) Nonetheless, BX has been validated in multiple 

ethnic populations and despite such systematic differences, 

has nevertheless been found suitable for clinical use. (15, 20, 

21, 22) 

The finding of a small systematic bias in bone age assessment 

between the software and an experienced radiologist (+0.39 

years) could simply represent the skills of the assessor, 

secular trend in bone age or a true ethnic difference in the 

application of the G&P bone age to an Arabic population. 

Ethnic variation in bone age using the G&P method is well-

recognised (10) and this seems the most likely explanation. 

Recently, the validity of the G&P and TW3 methods of bone 

age measurement was assessed in a large, predominantly 

Arabic Saudi population of children attending an emergency 

Dept. for reasons unrelated to growth or puberty. (23) The 

authors found that there were small systematic differences in 

bone age estimation using either TW3 or G&P.  They 

manually reviewed hand and wrist radiographs from 420 

children and compared the bone age with the patient’s 

chronological age. They concluded that G&P bone age 

consistently underestimated true chronological age in girls but 

overestimated it in boys. Analysis using BX was possible in 

only 210 children (50%) of the cohort and they found the 

same pattern, with a mean difference of -2 months in girls and 

+2.5 months in boys. H owever, we would observe that 

although the bone age significantly differed from the 

chronological age in statistical terms, in clinical practice this 

difference is inconsequential.  
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Moreover, the endocrinologist is not seeking to estimate 

chronological age, but to identify discrepancies between bone 

age and chronological age, which may highlight the presence 

of an endocrine disorder. 

Potentially, a significant limitation of our study was the 

relatively small number of radiographs available for analysis, 

which was inevitable in a newly established children’s 

hospital – the endocrine service was established only in 

August 2017. However, the correlation between assessment 

by an experienced radiologist and BX was highly statistically 

significant (p<0.00001) and corroborated by the Bland-

Altman analysis (Figure 2). 

Clearly, children attending an endocrine clinic with concerns 

regarding growth and puberty are not representative of all 

children in our population.  However, our primary purpose in 

conducting the study was to assure ourselves that AI bone age 

analysis produced comparable results to manual reading in a 

cohort of Arabic children undergoing bone age analysis for 

the evaluation of endocrine disorders, and in this respect it 

excelled. Our data gave us confidence that BX is indeed a 

suitable tool in the assessment of bone age in our local 

population. Since its introduction, we have come to rely on 

BX and at the time of writing (July 2021) we have analysed a 

further 931 x-rays with BX. The added efficiency of the AI 

system which provides results in moments, means we can 

make immediate decisions based on the bone age. This 

convenience and speed aids clinical management, to the 

benefit of the patient clinician and radiologist alike. 

Moreover, serial bone age assessments may be performed to 

monitor progress, with the added confidence of a precise bone 

age measurement. This is in contrast to relying on often 

conflicting measurements of different human observers, based 

on subjective impressions from a bone age atlas. While 

experts may achieve intra-observer error as low as 0.25 years 

(24), Bull et al. found that in clinical practice, intra-observer 

error averaged 0.82 years for G&P bone age. (25)  In 

comparison, even the first iteration of BX achieved a 

precision of 0.17 years, and this has been progressively 

improved with subsequent versions. Indeed, with the latest 

version (3.0.3), BX is equivalent to the combined assessment 

of 5 expert raters. (16) Thus, for routine clinical use, bone age 

assessment by BX is superior to manual bone age 

interpretation. (26) The additional benefit of an estimate of 

bone density (Bone Health Index) provides a valuable extra 

dimension to the assessment. We are now at a point where AI 

bone age analysis is so clearly superior to manual reading that 

it should become the tool of choice for bone age analysis. 

(27) For the present, BX cannot replace radiological review 

of bone age X-rays as it is not capable of identifying 

morphological abnormalities such as rickets or features of 

skeletal dysplasia, but it has replaced the onerous and 

burdensome task of manual bone age evaluation. 

CONCLUSIONS 

AI bone age assessment gives a speedy, accurate and precise 

result and does away with subjective visual interpretation and 

obviates the issue of inter- and intra-observer variability, 

thereby reducing the reporting burden on radiologists and 

facilitating patient care, through enabling a “one stop” visit. 

Our experience shows that AI bone age analysis is of high 

utility in evaluating bone age in Arabic children from UAE 

presenting to our endocrine service, with results highly 

comparable to those obtained by an experienced consultant 

pediatric radiologist.  
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