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Abstract: This study aimed to investigate whether the left and right hands yield the same bone age
using the automated bone age assessment (BAA) system and proposed the right-hand BAA as a tool
for filtering out measurement errors. The Bland—Altman, Passing—Bablok, and Spearman correlation
coefficients were analyzed to compare the automated BAA results for each hand. The absolute
difference between each hand obtained by the model (ADBH model) was calculated. The mean
absolute difference (MAD) was estimated between the automatic BAA results for each hand and the
reference standard. The mean of the ADBH model was 0.23 &+ 0.19 years; 92.2% of the participants
showed an ADBH model result of <0.5 years. The Passing-Bablok regression analysis revealed an
excellent overall correlation between the BAAs of both hands. Of the total cases, 59 participants
showed an ADBH model result >0.5 years, with a MAD between the model and the reference standard
of 0.409 years for the left hand and 0.424 years for the right hand; both MADs were higher than those
of previous studies using the same model. Given the excellent overall correlation of the BAA between
both hands using the model, the high ADBH model value may indicate BAA measurement errors
and serve as a cue for manual supervision.
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1. Introduction

A bone age assessment (BAA) is a clinical procedure used to evaluate skeletal maturity
in pediatric patients [1]. Discrepancies between bone and chronological ages over two
standard deviations (SDs) indicate growth disorders [2,3]. In clinical practice, left-hand
and wrist radiography-based BAAs are widely used, including the Greulich-Pyle (GP)
method [4] and the Tanner—-Whitehouse 3 (TW3) approach [5]. The GP method is an atlas-
based method that compares a patient’s radiograph with an atlas of representative age,
whereas TW3 is a scoring system based on the osseous stages and events at each level. To
overcome some issues with these methods, including inter-/intra-observer variability and
dependency on accuracy [6-8], researchers have attempted to develop an automated BAA
approach that demonstrates high accuracy, reproducibility, and time efficiency [9-12].

Most artificial intelligence (Al)-based automated BAA approaches are derived from
the whole hand [13-17] or region-based convolutional neural networks (CNNs) that extract
the region of interest (ROI) [18] from left-hand radiographs. These automated BAAs are
validated as reference data against manual ones by experts analyzing left-hand radiographs
using the GP or TW method. Although Al performance has improved and the mean
absolute difference (MAD) values have gradually decreased to an acceptable range, the
risk of measurement errors persists. These errors can potentially be mitigated through
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consistent results from repeated measurements [19]. Given the ethical considerations
against obtaining a second radiograph from each child, we propose using the right-hand
BAA as a validation tool during the initial evaluation.

Left-handed radiographs are preferred over right-handed ones for detecting bone
age [20]. One rationale is that since most people are right-handed, the right hand is more
prone to injuries than the left hand [4], making the bone ossification levels of the non-
dominant hand a more accurate reflection of true bone maturity [21]. Another reason is
that in the early 1900s, in a conference involving physical anthropologists, it was decided
that physical measurements should be taken on the left rather than on the right side of the
body [4]. Roche [22] observed that the left hand was more advanced than the right hand,
whereas Baer and Djrkatz [23] found no such effect.

Current developments of artificial intelligence have come to the level of recognizing
human activity and their physical, motor, and mental statuses while moving and acting in
physical spaces [24]. It is time to focus on how to use it efficiently in real practice without
missing inevitable errors. As a simple tool for error filtering, we propose right-hand
BAA as a validation tool. The aim of this study was to introduce an upgraded automatic
hand bone alignment technique and to propose right-hand BAA as a tool for filtering out
measurement errors.

2. Materials and Methods
2.1. Model Development

Our study included 757 children (321 boys and 436 girls) who visited the pediatric
department and underwent bilateral radiography at our institution between January
and December 2023. All acceptable left- and right-hand images were scanned, yield-
ing 1514 images. Patients with congenital anomalies (including Down syndrome, Noonan
syndrome, congenital adrenal hyperplasia, or methylmalonic acidemia) or those with poor
imaging quality were excluded from the study.

The digital images were processed using an automated MediAI-BA method (Crescom,
Seongnam-Si, Republic of Korea). The methodology was previously described by Lee et al. [11];
briefly, the model relies on hybrid TW3 and GP Al-based automatic bone age measurements.
The CNN algorithm automatically classified multiple ROIs and holistic hand images based
on maturity (Figure 1A). First, the algorithm automatically identifies multiple regions
based on TW3. Next, it automatically categorizes each ROI and holistic hand image based
on maturity. The final bone age estimation involves integrating features from both ROIs
and holistic hand images. The proposed method used eight regions (the radius, ulna,
distal phalanges, middle phalanges, proximal phalanges, metacarpal of the third digit,
metacarpal of the first digit, and carpal region) and was classified into 34 stages with
6-month intervals from 1.5 to 18 years to assess bone maturity. The model was upgraded
with data augmentation techniques and the automatic hand bone alignment technique.
The automatic hand bone alignment technique automatically indicates three regions (distal
phalanges, the metacarpal of the third digit, and the metacarpal of the first digit) and
rotates, aligns, and flips the image to match the regions’ orientation (Figure 1B). The model
additionally applied the data augmentation technique, artificially increasing the training
set by creating modified copies of a dataset using existing data. The model achieved human
expert-level accuracy, with an upper 95% confidence interval (CI) of <0.5 years for the MAD
between the BAA models and the reference standard [11,25].

Cases with absolute differences over 6 months between the left- and right-handed
BAAs were analyzed separately. The reference standard was the average independent bone
age estimated by the two reviewers. Reviewer 1 was a pediatric radiologist with 11 years
of clinical experience; reviewer 2 was a musculoskeletal radiologist with 9 years of clinical
experience. The two reviewers independently estimated the bone age based on the GP
atlas, reporting their estimates to the nearest year with a decimal place. They intended
to adhere to the GP standard for the bone age assessment whenever possible; however,
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they were allowed to use the median age according to their experience level. If there was a
discrepancy of >2 years, the image was re-evaluated until a consensus was reached.
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Figure 1. (A) An overview of the hybrid model of Greulich-Pyle (GP) and modified Tanner—
Whitehouse 3 (TW3) methods for bone age assessment in this study. (B) Upgraded automatic
hand bone alignment technique.

2.2. Statistical Analyses

All statistical analyses were performed using either SPSS 20.0 (International Business
Machines Corporation, Armonk, NY, USA) or MedCalc 11.3 (Med Calc Software bvba,
Mariakerke, Belgium) statistical software packages. Values for continuous variables were
represented as mean and standard deviations (SDs), while those for categorical variables
as number and percentage. The absolute difference between each hand BAA by the
model (ADBH model) was calculated with a 95% CI. Bland—Altman, Passing—Bablok, and
Spearman correlation coefficients were analyzed to compare the automatic BAA results
for each hand [26]. To compare the patients with an ADBH model result of <0.5 years
and patients with an ADBH model result of >0.5 years, differences in continuous variables
were analyzed using Student’s {-test; differences in categorical variables were tested using
the Chi-squared and Fisher’s exact tests. To validate the reference standard, the intraclass



Appl. Sci. 2024, 14, 8135

40f9

correlation coefficient (ICC) was measured to assess the inter-observer agreement among the
three reviewers by considering the following values and levels of agreement: 0-0.20, poor;
0.21-0.40, fair; 0.41-0.60, moderate; 0.61-0.80, substantial; and 0.80-1, almost perfect [27].
To measure the predictive accuracy of each hand’s BAA, the MAD between each hand’s
BAA and the reference standard was measured with a 95% CI. The reference standard,
BAA, and MAD of each hand were compared using paired ¢-tests. The ADBH model results
and absolute difference between each hand’s BAA using the reference standard (ADBH-RF)
were compared using a paired t-test. Statistical significance was set at p = 0.05.

3. Results

The mean chronological age 4= SD of the participants was 8.75 &+ 2.66 years (male:
9.49 £ 3.06; female: 8.21 £ 2.18) (Table 1). According to the age distribution, the largest
group included 498 participants (65.8%) aged >5 years but <10 years, which refers to most
ages within the early and mid-puberty stages according to the major developmental stages
of the skeletal system [pre-puberty (males <9 years; females <7 years); early and mid-
puberty (9 years < males < 14 years; 7 years < females < 13 years); late puberty (14 years
< males < 16 years; 13 years < females < 15 years); and post-puberty (males > 16 years;
females > 15 years)] [13]. The mean bone ages £ SDs assessed by the model were 9.15 + 3.21
for the left hand and 9.20 % 3.23 for the right hand (p < 0.001). The mean of the ADBH
model was 0.23 = 0.19 years (95% CI: 0.22-0.25); 92.2% of participants showed an ADBH
model result of <0.5 years.

Table 1. The baseline characteristics of the subjects.

Variables Total (n = 757) Male (n = 321) Female (n = 436)
Age, years ? 8.75 4+ 2.66 9.49 + 3.06 8.21 +£2.18
Age distribution, years
<5 56/757 (7.4%) 23/321 (7.2%) 33/436 (7.6%)
>5and <10 495/757 (65.8%) 161/321 (50.2%) 337/436 (77.3%)
>10and < 15 190/757 (25.1%) 126/321 (39.3%) 64/436 (14.7%)
>15 13/757 (1.7%) 11/321 (3.4%) 2/436 (0.5%)
Automatic bone age assessment by the model 0.775
Left hand @ 9.15 +3.21 9.85 + 3.72 8.63 + 2.67
Right hand @ 9.20 + 3.23 9.90 + 3.72 8.69 + 2.72
0.23 +0.19 0.24 +£0.19
b
ADBH model (0.22,0.25) (0.22,026) 0.23 £+ 0.19 (0.21, 0.25)
<0.25 510/757 (67.4%) 215/321 (67.0%) 295/436 (67.7%)
>0.25 and <0.5 188/757 (24.8%) 80/321 (24.9%) 108 /436 (24.8%)
>0.5 and <0.75 48/757 (6.3%) 20/321 (6.2%) 28/436 (6.4%)
>0.75 and <1 11/757 (1.5%) 6/321 (1.9%) 5/436 (1.1%)

Unless otherwise indicated, the data are presented as the number of patients, with percentages in parentheses.
ADBH model, the absolute difference between each hand’s bone age assessment. # The data are presented as
means =+ standard deviation. P The data are shown as the means + standard deviation, with the 95% confidence
interval in parentheses.

The results of the Bland—Altman analysis, which was used to assess the agreement
between each hand’s BAA, are shown in Figure 2. The mean difference between both
hands’ BAAs was 0.05 years (95% CI, 0.63-0.53); 4.6% (35/767) of the data were outside
the limits of agreement. The Passing—Bablok regression analysis showed that the overall
correlation of the BAA between both hands was excellent, having no significant deviation
from linearity in this association (p = 0.15) (Figure 3). According to the model, the bone
age of the right hand was approximately 1 month more advanced than that of the left. The
Pearson’s correlation coefficient was r = 0.995 (p < 0.001) for the BAA between both hands.
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Figure 2. The Bland-Altman plots indicate an agreement between each hand’s bone age assessment.
The dotted horizontal lines represent a standard deviation of +2.
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Figure 3. The Passing—Bablok regression analysis showed that the overall correlation of the bone age
assessment between both hands was excellent, with no significant deviation from linearity in this
association (p = 0.15).

Among all of the participants, 59 (7.8%) showed an ADBH model result of >0.5 years
(Table 2). There was no statistical difference in the chorological age, sex, and hand BAA
results between patients with an ADBH model result of <0.5 years and those with an ADBH
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model result of >0.5 years. There was a statistical difference according to developmental
stage; the majority of patients in the pre-puberty and early /mid-puberty groups showed
an ADBH model result of <0.5 years.

Table 2. A comparison of the characteristics of the study population.

ADBH Model < 0.5 Year ADBH Model > 0.5 Year

Variables (1 = 698) (1 = 59) p Value
Age, years ? 8.77 £ 2.66 8.55 +£2.73 0.555
Male-to-female ratio 295:403 26:33 0.788
Left-hand BAA 2 9.18 £ 3.21 8.78 £2.27 0.356
Right-hand BAA @ 9.22 +£3.22 9.00 £ 3.39 0.620
0.198 + 0.145 0.667 + 0.109
b
ADBH model (0.187, 0.209) (0.638, 0.695) <0.001
Developmental stage 0.025
Pre-puberty 201/698 (28.2%) 26/59 (44.1%) 0.018
Early and mid-puberty 462 /698 (66.2%) 29/59 (49.2%) 0.010
Late puberty 28/698 (4.0%) 2/59 (3.4%) 1.000
Post puberty 7/698 (1.0%) 2/59 (3.4%) 0.151

Unless otherwise indicated, the data are presented as the number of patients, with percentages in parentheses.
ADBH model, the absolute difference between each hand’s bone age assessment. BAA, bone age assessment.
2 The data are presented as the means + standard deviation. ® The data are shown as the means + standard
deviation, with the 95% confidence interval in parentheses.

With an ICC (95% CI) of 0.997 (95% CI, 0.996-0.998), the agreement between the two
reviewers was sufficiently high to justify using the average BAA value as a reference
standard. The reference standard showed no statistical differences between the BAAs
of each hand (Table 3). The MAD between the model and the reference standard was
0.409 years for the left hand (95% CI, 0.322-0.467; range, 0-1.75) and 0.424 years for the
right hand (95% CI, 0.339-0.510; range, 0-1.33); both were higher than those reported
in previous studies using the same model [11,24]. The mean ADBH model score (0.667;
95% (I, 0.638-0.695) was significantly higher than that of the ADBH-RF (0.102; 95% CI,
0.059-0.144) (p < 0.001).

Table 3. A comparison of the bone age assessment by the model and the reference standard.

Left Hand Right Hand p Value
Automatic bone age assessment by the model 8.78 £3.27 9.00 £ 3.39 0.011
ReferenFe standard bone age reference by 8.93 4+ 3.9 8.89 + 3.33 0.157
two reviewers
Mean absolute difference ? 0.409 £ 0.335 (0.322, 0.467)  0.424 + 0.329 (0.339, 0.510) 0.809
Median 0.354 0.330
Range 0-1.75 0-1.33

Unless otherwise indicated, the data are shown as the means =+ standard deviation. ? The data are shown as the
means + standard deviation, with the 95% confidence intervals in parentheses.

4. Discussion

Our study showed an excellent overall correlation of BAA using the model between
both hands, refuting the findings of Roche [23]. Considering that approximately 10% of the
population is assumed to be left-handed [28], it can be concluded that the dominant hand
appears to mature at the same rate as the non-dominant hand, and that the right-hand BAA
can be used as a validation tool. Among the total participants, 59 (7.8%) showed an ADBH
model score of >0.5 years, with higher MAD values (left: 0.409, right: 0.424) compared to
previous studies using the same model (0.39 and 0.37, respectively) [11,24]; their highest
values were 1.75 years for the left hand and 1.33 years for the right hand. Although this
result does not mean that a higher ADBH model score indicates a measurement error, it
could serve as a cue for manual supervision.
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Since the early 1990s, researchers have attempted to automate BAA using computers.
In 1992, the computer-assisted skeletal age score (CASAS) was presented, a semi-automatic
method that required a significant amount of manual labor [29]. In 1997, the automated
computer-aided skeletal maturation assessment system (CASMAS) was also presented,
which was reported to automatically analyze 90% of films but required a manual rating
of 10% [30]. Fully automated BAA has been routinely used in clinical practice since 2009,
when BoneXpert (Visiana Aps, Holte, Denmark; http:/ /www.boneexpert.com, accesses on
15 June 2024) was introduced [31]. Since then, various automatic and deep learning meth-
ods for BAA have been proposed, which have demonstrated high accuracy, reproducibility,
and time efficiency [9-12]. Despite these advantages, Al-based methods are still not suitable
for clinical use due to the risk of large measurement errors. These errors are usually rare
under ideal conditions and may not have a significant impact on the overall error measure,
especially if error measures such as the MAD are used. Although the percentages were
low, the figures and tables of some studies showed a certain percentage of measurement
errors [9,10,17,32].

Radiologists using automated BAA, which can completely replace experts, tend to
change the bone age value very rarely: 40% of users never change it, while 43% change
less than 5% of the cases [33]. If bone age assessment is taken over by automated methods,
there is a risk for large measurement errors, even when used under supervision. These
types of measurement errors can be filtered out by obtaining identical results from repeated
measurements [19], overcoming the effects of slightly different hand positions and the
effects of using different X-ray equipment with different settings. Since it is unethical to
repeatedly expose the same children to X-rays, previous studies have used retrospective
longitudinal X-ray series taken, for example, at 1-year intervals, to establish a level of
precision [19,31]. Another study by Martin et al. used differences between the left and right
hands of normal children [34]. They found the upper limit of its between-image precision
error to be 0.18 years, which was in good agreement with previous studies concerned with
the BAA rating precision [19,31]. To the best of our knowledge, our study is the first to
compare the automated BAA results of both hands in various groups of patients visiting a
tertiary hospital.

Recently upgraded with a self-validation mechanism, BoneXpert rejects the images if
the bone age deviates from the average bone age determined by tubular bones [32]. Even
when using a self-validation mechanism, the method failed to reject cases where wrong
bone ages were assigned, with 1.5% of patients showing an absolute difference between
the automated method and manual assessment exceeding 1.8 years. Considering the self-
validation mechanism proposed by BoneXpert, an automated BAA method approaching
only the holistic hand image may have limitations in filtering out large measurement errors.

Our hybrid model addressed the limitations of GP and TW3 by focusing on regions
highly pertinent to changes in bone maturity and employing more refined maturity stages
than TW3, leading to a robust and precise bone age estimation [11]. Our model integrated
bone age assessments using detailed ROIs alongside holistic images. In comparison, the
current commercial automated BAA system, BoneXpert version 3.0 (launched Septem-
ber 2019), evaluates bone age using both GP and alternative TW2 methods [31], similar
to our approach. BoneXpert utilizes a feature extraction technique that reconstructs the
border of 15 bones, including metacarpals, phalangeal bones, distal radius, and ulna [35],
distinguishing it from our model. The model has been upgraded to improve user conve-
nience and accuracy, including data augmentation techniques and the automatic hand bone
alignment technique.

Our study had a few limitations. First, the reference standard was based on the GP
atlas, which was inherently limited to children. Differences in the nutritional and ethnic
makeup of children in the 1930s and 1940s were used to generate standards. Additionally,
although previous studies have reported racial differences among growth patterns in
certain age groups [36,37], cases were limited to patients of a single ethnicity. Finally, it
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would have been better to compare each ROI bone age of both hands, considering that
skeletal maturation can vary within the same age.

Our study showed an excellent overall correlation of BAAs between both hands using
the model and provided the possibility of using the right-hand BAA as a validation tool.
Perceptible differences between each hand may indicate a large measurement error and
thus may be a signal for manual supervision.
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