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Re-Assessment of Applicability of Greulich and 
Pyle-Based Bone Age to Korean Children Using Manual 
and Deep Learning-Based Automated Method 

Jisun Hwang1, Hee Mang Yoon2, Jae-Yeon Hwang3, Pyeong Hwa Kim2, Boram Bak4, Byeong Uk Bae5, 
Jinkyeong Sung5, Hwa Jung Kim6, Ah Young Jung2, Young Ah Cho2, and Jin Seong Lee2

1Department of Radiology, Hallym University Dongtan Sacred Heart Hospital, Hwaseong; 
2Department of Radiology and Research Institute of Radiology, University of Ulsan College of Medicine, Asan Medical Center, Seoul; 
3Department of Radiology, Research Institute for Convergence of Biomedical Science and Technology, Pusan National University 
Yangsan Hospital, College of Medicine, Pusan National University, Yangsan; 
4University of Ulsan Foundation for Industry Cooperation, Ulsan; 
5VUNO, Inc., Seoul; 
6Department of Clinical Epidemiology and Biostatistics, University of Ulsan College of Medicine, Asan Medical Center, Seoul, Korea.

Purpose: To evaluate the applicability of Greulich-Pyle (GP) standards to bone age (BA) assessment in healthy Korean children 
using manual and deep learning-based methods.
Materials and Methods: We collected 485 hand radiographs of healthy children aged 2–17 years (262 boys) between 2008 and 
2017. Based on GP method, BA was assessed manually by two radiologists and automatically by two deep learning-based BA as-
sessment (DLBAA), which estimated GP-assigned (original model) and optimal (modified model) BAs. Estimated BA was com-
pared to chronological age (CA) using intraclass correlation (ICC), Bland-Altman analysis, linear regression, mean absolute error, 
and root mean square error. The proportion of children showing a difference >12 months between the estimated BA and CA was 
calculated.
Results: CA and all estimated BA showed excellent agreement (ICC ≥0.978, p<0.001) and significant positive linear correlations (R2 
≥0.935, p<0.001). The estimated BA of all methods showed systematic bias and tended to be lower than CA in younger patients, and 
higher than CA in older patients (regression slopes ≤-0.11, p<0.001). The mean absolute error of radiologist 1, radiologist 2, origi-
nal, and modified DLBAA models were 13.09, 13.12, 11.52, and 11.31 months, respectively. The difference between estimated 
BA and CA was >12 months in 44.3%, 44.5%, 39.2%, and 36.1% for radiologist 1, radiologist 2, original, and modified DLBAA 
models, respectively. 
Conclusion: Contemporary healthy Korean children showed different rates of skeletal development than GP standard-BA, and 
systemic bias should be considered when determining children’s skeletal maturation.
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INTRODUCTION

The determination of skeletal maturation in children is impor-
tant for the assessment of growth disorders, endocrine prob-
lems, planning for orthopedic surgery, and non-clinical legal or 
forensic issues.1,2 The Greulich-Pyle (GP) method3 is the most 
commonly used method in clinical practice. The GP method 
utilizes the assessment of predictable serial changes of ossifi-
cation centers on left hand radiographs, and is preferred by 
pediatric radiologists.4 Recently, deep learning-based bone age 
(BA) assessment techniques have been developed to improve 
the low efficiency and reproducibility of manual BA reading, 
with a similar accuracy compared to experienced readers.5-7 In 
South Korea, GP-based automated deep learning software has 
been developed, and is being used in the real-world clinical 
practice.7 

The GP atlas was based on the data collected from North 
American Caucasians of good socioeconomic status between 
1931 and 1942, and its applicability to modern children with 
improvable nutritional status and to children of different eth-
nicities has been questioned by many researchers. In general, 
racial differences in the estimated BA by GP method were ob-
served.8-13 Regarding contemporary and healthy Korean chil-
dren, the applicability of GP method has been investigated in 
only a few studies to date, with children of a limited age range.8,14 
In addition, there has been no study regarding the applicabili-
ty of GP-based deep learning software in healthy Korean chil-
dren. 

The present study aimed to evaluate the applicability of GP 
method to BA assessment in contemporary healthy Korean 
children by using manual and deep learning-based automated 
methods. Our hypothesis was that if clinically meaningful dif-
ference would exist between GP-based BA and CA in healthy 
Korean children, physicians should be aware of the limitation 
when assessing the developmental status of pediatric patients.

MATERIALS AND METHODS

Patients
This study was approved by the Institutional Review Board of 
Asan Medical Center (No. 2018-0692), and informed consent 
was waived due to the study’s retrospective nature. The inclu-
sion criteria were as follows: healthy children 1) aged between 
2 and 17 years; and 2) who visited the emergency department 
and underwent left wrist and hand radiographs for trauma 
evaluation. We assumed that skeletal development of these 
children was likely to be within the normal range, and that 
they could represent relatively healthy children compared to 
children who visited our endocrinologic department to take 
left hand radiographs with a specific request for BA assess-
ment. The data were consecutively collected from two tertiary 
hospitals, Asan Medical Center and Pusan National University 

Yangsan Hospital (PNUYH), in South Korea, between January 
2013 and December 2017, and between December 2008 and 
December 2017, respectively. The exclusion criteria were as 
follows: 1) presumed metabolic disease (n=1); 2) bony abnor-
malities, including fracture (n=3), congenital anomalies (n=3), 
and tumors (n=1); 3) poor image quality (n=1); and/or 4) for-
eign children (n=0). Finally, a total of 485 radiographs were in-
cluded in this study.

Deep learning-based automated bone age assessment 
BA was assessed by a deep learning-based BA assessment (DL-
BAA) system (VUNO Med-BoneAge, version 1.1.0, VUNO, 
Seoul, Korea). This system has been commercially available in 
South Korea since May 2018 and in Europe since June 2020. 
The DLBAA system is designed with the convolutional neural 
networks (CNNs) to assess BA by months for hand radiographs. 
The input image is normalized by two image pre-processing 
methods. First, the hand region is segmented from the input 
image using CNNs, and the remaining background region is 
removed. Second, the hand pose estimation network is built 
to normalize diverse hand positions using a geometric trans-
formation matrix. After pre-processing the image, the BA as-
sessment network predicts probability values for each BA. 
This original model provided the probability of top three GP-
assigned BAs (i.e., age intervals equal to GP atlas from 3 
months to 1 year) in the order of probability.7 The modified 
model is able to provide the optimal BA by using all GP-as-
signed BAs and their probabilities, rather than just displaying 
the top three GP-assigned BAs. To convert the GP-assigned 
BA results to the optimal BA, BA expectation regression with 
the softmax output for GP standards was performed. The soft-
max output represents the bone age distribution (the proba-
bility of belonging to all of the different BAs of GP standards), 
which is used to calculate the expectation of BA. The optimal 
BA was then calculated by weighted sum of GP-assigned BAs 
using the predicted probabilities as weights in the modified 
DLBAA model. In this study, we assessed GP-assigned BA that 
showed the highest probability by the original DLBBA model 
and optimal BA estimated by the modified DLBBA model. 

Bone age assessment by radiologists
Two board-certified pediatric radiologists (J.H. with 7 years of 
experience and H.M.Y. with 11 years of experience) indepen-
dently rated the BA of all of the hand radiographs based on the 
GP method without time limitation. Both radiologists had train-
ing sessions with 40 cases before starting the BA reading. The ra-
diologists were blinded to the CA of the children examined.

Statistical analysis
The outcome of this study was to assess the difference between 
GP-based BA and CA in healthy Korean children. Due to a lack 
of the perfect ground truth in normal skeletal development, 
CA was inevitably set to be as a reference standard, although 
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normal skeletal development may show a wide range of differ-
ence. The BAs were estimated manually by two radiologists and 
automatically by using two different DLBAA methods based 
on GP standard. The estimated BAs were compared to CA of 
each patient. First, to investigate the agreement between CA 
and BA, intraclass correlation (ICC) analysis, linear regres-
sion, and Bland-Altman analysis were performed. Second, the 
mean absolute error and root mean square error were calculat-
ed to estimate the difference between BA and CA. Additional-
ly, proportions of BA showing a difference of >12 months, >18 
months, and >24 months compared to CA were analyzed. The 
ICC values were categorized as poor (ICC <0.40), fair (ICC= 
0.40–0.59), good (ICC=0.60–0.74), and excellent agreement 
(ICC=0.75–1.0).15 The mean absolute error was computed as 
the average over the absolute differences between the esti-
mated BA and CA of each patient.6 The root mean square error 
was computed by the square root of the average of squared er-
rors.16 A p-value<0.05 was considered statistically significant. 
Repeated measures analysis of variance and pairwise com-
parisons were performed to compare the mean absolute error 
and root mean square error of the radiologists and DLBAA 
methods. The comparison of proportion of BA estimations >12, 
18, and 24 months was done by Cochran’s Q test, followed by 

multiple comparisons using the McNemar test with Bonferro-
ni correction. Statistical analyses were performed with R soft-
ware version 4.1.0 (R Foundation for Statistical Computing) 
and MedCalc software version 20.009 (MedCalc Software, Os-
tend, Belgium).

RESULTS

Patient characteristics
The patients’ sex and age distributions are summarized in Fig. 
1. In total, 485 radiographs (226 and 259 radiographs from 
Asan Medical Center and PNUYH, respectively) from 223 girls 
and 262 boys were included in this study. The mean (± SD) age 
of the included pediatric patients was 10.0±4.3 years (range, 
2–17 years).

Concordance between chronological age and estimated 
bone ages
The ICC values were calculated from the data of CA and esti-
mated BA by radiologist 1, radiologist 2, and the original and 
modified DLBAA models. All of the ICC values showed excel-
lent agreement (ICC ≥0.978, all p<0.001) (Table 1).
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Fig. 1. Number of included children per age and sex (A: boys, B: girls) from two hospitals. PNUYH, Pusan National University Yangsan Hospital.

Table 1. ICC Values of the Comparison between Chronological Age and Bone Age Assessment Methods

Parameter
Estimated bone age

Radiologist 1 Radiologist 2 Original DLBAA model Modified DLBAA model
Chronological age 0.978 0.978 0.982 0.982
Estimated bone age

Radiologist 1 0.995 0.994 0.994
Radiologist 2 0.993 0.994
Original DLBAA model 0.999

DLBAA, deep learning-based bone age assessment; ICC, intraclass correlation.
All p-values were <0.001 by ICC analysis.
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The Bland-Altman plots revealed negative trend curves (all 
slopes ≤-0.11, all p<0.001) showing proportional negative bias 
(Table 2 and Fig. 2). These results indicated that, compared to 
CA, the radiologists and DLBAA methods tended to underes-
timate BA in younger children and overestimate BA in older 
children. The mean differences were -2.24 months, -0.48 
months, -1.64 months, and - 1.40 months for radiologist 1, ra-
diologist 2, and the original and modified DLBAA models, re-
spectively. When the analyses were conducted according to 
each sex and each hospital, the Bland-Altman plots and trend 
curve revealed similar results (Supplementary Table 1 and Sup-

Fig. 2. Bland-Altman plots and trend curve for comparison between chronological age (CA) and estimated bone age by radiologist 1 (A), radiologist 2 
(B), original model of deep learning-based bone age assessment (DLBAA) system (C), and modified model of DLBAA system (D). Limits of agreement 
are shown as the top and bottom dashed lines and average bias (the center dashed line) with 95% confidence intervals of each value (dotted line). 
The regression fit of the differences on the means are shown as solid blue lines with 95% confidence intervals (gray shaded area).

Table 2. Bland-Altman Analysis with Slope from the Linear Regression 
Between Estimated Bone Ages and Chronological Age

Measurements
Mean  

difference
Standard  
deviation

Slope Intercept

Chronological age vs.

Radiologist 1 -2.24 16.30 -0.16 17

Radiologist 2 -0.48 16.55 -0.15 18

Original DLBAA model -1.64 14.62 -0.11 12

Modified DLBAA model -1.40 14.43 -0.11 12

DLBAA, deep learning-based bone age assessment.
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plementary Figs. 1-4, only online).
In linear regression analysis, there were significant positive 

linear correlations between CA and estimated BA by the radi-
ologists and DLBBA methods (R2≥0.935, p<0.001) (Table 3 and 

Fig. 3). The regression lines of all of the estimates showed an un-
derestimation of BA in younger children (up to 102.8 months by 
radiologist 1, 116.8 months by radiologist 2, 101.8 months by 
the original DLBAA model, and 103.1 months by the modified 

Table 3. Linear Regression Results for Bone Age Estimation by Radiologists and Deep Learning-Based Software Compared to Chronological Age

Measurements Regression coefficient R2 value Intercept SD p value
Chronological age vs.

Radiologist 1 1.130 0.939 -13.370 14.878 <0.001
Radiologist 2 1.123 0.935 -14.363 15.290 <0.001
Original DLBAA model 1.086 0.942   -8.751 13.936 <0.001
Modified DLBAA model 1.082 0.942   -8.452 13.809 <0.001

DLBAA, deep learning-based bone age assessment; SD, standard deviation of residuals of the regression.
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Fig. 3. Linear regression scatter plots between chronological age (CA) and estimated bone age by radiologist 1 (A), radiologist 2 (B), original model of 
deep learning-based bone age assessment (DLBAA) system (C), and modified model of DLBAA system (D). Lines represent the line of linear regres-
sion (blue line) and identity line (black line).
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Fig. 4. Screenshot result of the original model of DLBAA system in a girl with chronological age of 6 years 9 months. Among the top three GP-assigned 
bone ages, the estimated bone age with the highest probability was 5 years 9 months. In this patient, the estimated bone ages by radiologist 1, radiol-
ogist 2, and modified model of DLBAA system were 5 years 9 months, 5 years, and 6 years 3 months, respectively. DLBAA, deep learning-based bone 
age assessment.

DLBAA model) and overestimation in older children (Fig. 4). 

Difference between chronological age and estimated 
bone ages
The mean absolute error of radiologist 1, radiologist 2, and the 
original and modified DLBAA models were 13.09, 13.12, 11.52, 
and 11.31 months, respectively (Table 4). The root mean square 
error of radiologist 1, radiologist 2, and the original and modi-
fied DLBAA models were 16.44, 16.54, 14.69, and 14.48 months, 
respectively (Table 4). The differences between radiologists vs. 
DLBAA models were significant for both mean absolute error 
(p<0.001) and root mean square error (p≤0.018). No significant 
difference was found in both the mean absolute error (p=0.81) 
and root mean square error (p>0.999) between the two DLBAA 
models.

The difference between estimated BA and CA was >12 
months in 44.3%, 44.5%, 39.2%, and 36.1% of the patients; >18 

months in 27.0%, 28.9%, 21.0%, and 20.0% of the patients; >24 
months in 14.2%, 15.3%, 8.0%, and 8.7% of the patients by radi-
ologist 1, radiologist 2, and the original and modified DLBAA 
models, respectively. Cochran’s Q test showed a significant dif-
ference in the percentage of BA estimations >12 months, 18 
months, and 24 months in reference to CA among the radiolo-
gists and DLBAA methods (p<0.001). The post-hoc test results 
are shown in Table 5. The differences in the percentage of BA 
estimations >12 months were significant between radiologists 
vs. modified DLBAA model (p<0.001). The differences in the 
percentage of BA estimations >18 and 24 months were signifi-
cant between radiologists vs. DLBAA models (p≤0.002). There 
was no significant difference in the percentage of BA estima-
tions >12 months (p=0.028), 18 months (p=0.487), and 24 
months (p=0.678) compared to CA between the two DLBAA 
models.  
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DISCUSSION

Our study compared the CA of contemporary healthy children 
in Korea with the BA determined by radiologists and the DL-
BAA system based on the GP method. Although the estimated 
BA and CA showed excellent agreement, a systemic bias was 
present in all of the estimated BA methods in our study popu-
lation. Specifically, BA tended to be lower than CA in younger 
patients, and higher than CA in older patients (approximately 
below and above 102–117 months, respectively). This tendency 
was seen in both boys and girls, and in children of two tertiary 
hospitals located in two major Korean cities. 

The systemic bias noted in our study was in concordance with 
the findings from previous studies. Ontell, et al.9 evaluated GP-
based BA in children of diverse ethnicities using hand radio-
graph of healthy children. They concluded that compared to 
CA, BA was lower in the ages of 4–8 years, and higher in adoles-
cent ages in Asian boys. Zhang, et al.11 assessed BA based on 
the GP method using a large number of digital hand atlases 
obtained from healthy children in California, which included 
331 Asian children. The authors concluded that the BAs of Asian 
girls (aged 10–13 years) and boys (aged 11–15 years) were sig-
nificantly advanced than those of white children in the same 
age group. One study with a population of 212 heathy children 
in Korea showed a strong correlation between GP-based BA 
and CA, and the estimated BA tended to be lower than CA 
among boys.8 However, their study only included prepubertal 
aged children (7–12 years). Our systemic bias was consistently 

observed in the evaluation by all of the radiologists and deep 
learning-based software; therefore, it may be assumed that this 
finding is a reliable reflection of existing difference between 
the GP atlas and contemporary Korean children, rather than 
rater variability.

Previous studies demonstrated a reduced interpretation time, 
improved accuracy, and/or decreased variability with the assis-
tance of deep learning-based software.7,17 The aforementioned 
results support that deep learning software can reliably assist 
the assessment of BA in children and function as a time-sav-
ing tool when used in clinical practice. In our study, the differ-
ences between CA and BA were higher in manual reading com-
pared to the automated method. However, even after applying 
the deep learning-based software for BA assessment in cur-
rent healthy Korean children, the systemic bias remained un-
resolved. This issue should be clarified to pediatric radiologists 
or pediatrician who use the DLBAA system for BA assessment. 
We first validated the modified model of DLBAA system that 
can calculate optimal BA, not limited to BA intervals used in 
the GP atlas. We confirmed feasibility of the modified DLBAA 
model that showed comparable results to the original DLBAA 
model in BA estimation. The accuracy of this modified DLBAA 
model must be validated in a larger population and various eth-
nic groups. 

In practice, advanced BA can be considered in children show-
ing a difference of >2 SD18 or 12 months19 between BA and CA, 
and a delay >2 years has arbitrarily been used for the diagno-
sis of the constitutional delay of growth and puberty.20 Approxi-

Table 4. Results of Pair-Wise Comparison of the Mean Absolute Error and Root Mean Square Error between Radiologists and Deep Learning-Based 
Software When Using Chronological Age as a Reference Standard

Reader Bonferroni-corrected p value

R1 R2
Original 
DLBAA 
model

Modified 
DLBAA 
model

R1 vs. R2

R1 vs.  
Original  
DLBAA  
model

R1 vs.  
Modified  
DLBAA  
model

R2 vs.  
Original  
DLBAA  
model

R2 vs.  
Modified  
DLBAA  
model

Original
vs. Modified

DLBAA
model

MAE (month) 13.09 13.12 11.52 11.31 >0.999 <0.001* <0.001* <0.001* <0.001* 0.81
RMSE (month) 16.44 16.54 14.69 14.48 >0.999 <0.001*    0.018* <0.001* <0.001*  >0.999
R1, radiologist 1; R2, radiologist 2; DLBAA, deep learning-based bone age assessment; MAE, mean absolute error; RMSE, root mean square error.
Difference is statistically significant at the 0.05 level.
*Significant differences by the repeated measures of analysis of variance.

Table 5. Comparison of Proportions of Bone Age Estimations >12, 18, and 24 Months Compared to Chronological Age between Radiologists and Deep 
Learning-Based Software

Proportions (%)

Cochran’s 
Q Test

Post-hoc (McNemar Test)

R1 R2
Original 
DLBAA 
model

Modified 
DLBAA 
model

R1 vs. R2

R1 vs. 
Original 
DLBAA 
model

R1 vs. 
Modified 
DLBAA 
model

R2 vs.  
Original 
DLBAA  
model

R2 vs. 
Modified 
DLBAA 
model

Original
vs. Modified 

DLBAA
model

>12 months 44.3 44.5 39.2 36.1 <0.001 >0.999 0.022 <0.001* 0.016 <0.001* 0.028
>18 months 27.0 28.9 21.0 20.0 <0.001 0.28 0.002* <0.001* <0.001* <0.001* 0.487
>24 months 14.2 15.3   8.0   8.7 <0.001 0.511 <0.001* <0.001* <0.001* <0.001* 0.678
R1, radiologist 1; R2, radiologist 2; DLBAA, deep learning-based bone age assessment.
*Statistically significant differences by post-hoc tests using Bonferroni correction (p<0.0083).
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mately half of the healthy children in our study showed a differ-
ence of more than 12 months between the estimated BA and 
CA, and this difference can be important in the clinical con-
text or in forensic science. Considering the observed difference 
and systemic bias between the estimated BA and CA in the chil-
dren of our study, the GP-independent and Korean-specific 
deep learning model trained upon the normal bone morphol-
ogy of contemporary children should be explored in the near 
future. The result of a recent study by Pan, et al.5 is encouraging 
in that the GP-independent deep learning model showed a 
significantly better performance than did the GP-dependent 
model (mean absolute error of 11.1 months vs. 12.9 months, 
respectively) in the children in the United States.

This study had a few limitations. First, we retrospectively re-
viewed hand trauma radiographs and considered the patients 
as healthy children, compared to those who underwent radio-
graphs for typical BA estimation in the endocrinology depart-
ment. We could not evaluate the patients’ physical develop-
ment, such as the height or Tanner scale; therefore, a small 
number of included patients might not have shown normal 
skeletal development. Second, we could not collect data on the 
socioeconomic status of the included patients. Third, we used 
the CAs of children as a reference standard, but a wide range of 
normal variation can be present in the pattern of ossification of 
the hand and wrist;21 thus, it should be noted that CA may not 
be a “perfect” gold standard.

In conclusion, contemporary healthy Korean children showed 
different rates of skeletal development than the GP standard-
BA, which was lower in younger children and higher in older 
children. This issue remained unresolved when applying deep 
learning-based automated software, and physicians should 
be aware of the limitation when assessing the developmental 
status of pediatric patients. 
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