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Bone age assessments are a complicated and lengthy process, which are prone to inter- and intra-observer variabilities.
Despite the great demand for fully automated systems, developing an accurate and robust bone age assessment solution has
remained challenging. The rapidly evolving deep learning technology has shown promising results in automated bone age
assessment. In this review article, we will provide information regarding the history of automated bone age assessments,
discuss the current status, and present a literature review, as well as the future directions of artificial intelligence-based bone
age assessments.
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INTRODUCTION

Although the definition of artificial intelligence (AI)
varies, it commonly refers to the technology of creating
machines demonstrating intelligence similar to that of
humans [1].

Al is increasingly being used in medicine, considering
the remarkable advances in the field. Deep learning is a
subclass of Al that exploits artificial neural networks (ANNs).
The most common ANN, which is used for image analysis
and recognition-related problems, is the convolutional
neural network (CNN). CNNs form a connectivity pattern
between neurons similar to the organization of the animal
visual cortex and use supervised learning (Fig. 1) [2]. CNNs
show state-of-the-art performance for image classification
and segmentation-related tasks. Recurrence neural networks
(RNNs) are another type of ANN that is suitable for
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recognizing the regular patterns in data containing serial or
temporal information. Thus, RNNs are widely used in fields
that handle serial data such as music, text processing,

lyric making, songwriting, language translation, and stock
prediction (Fig. 2) [3].

Al has also been extensively employed in the field of
medical imaging for applications such as detection and
classification of an object or lesion, anatomical object
localization, organ and substructure segmentation, lesion
segmentation, and registration [4]. Numerous studies have
exploited CNN-based deep learning for neuroanatomic
structure segmentation, classification of neurodegenerative
diseases, detection and classification of chest abnormalities,
liver segmentation, classification of pathologic findings in
the liver, detection and classification of breast cancer, and
bone age assessment [5-11].

Bone age assessment is a representative case where
the concept of object detection and classification can be
applied. Numerous attempts have been made to develop an
automated system in the past several years [12]. Bone age
assessments have become a major target of the machine
learning community, since the task is a typical object
detection and classification problem of deep learning.

In this approach, for a given input (e.g., the left hand
radiograph including the distal radius and ulnar epiphysis)
and a corresponding class (e.g., a class corresponding

Copyright © 2021 The Korean Society of Radiology
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Fig. 1. Convolutional neural networks. Convolutional neural networks form a connectivity pattern between neurons similar to the
organization of the animal visual cortex and use supervised learning. They show state-of-the-art performance for image classification and

segmentation-related tasks.
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Fig. 2. Recurrent neural networks. Recurrent neural networks recognize regular patterns in data containing serial or temporal information.
They are widely used in fields that handle serial data such as music text processing, lyric making, songwriting, language translation, and stock

prediction.

to a bone age) is predicted [13]. Automated bone age
assessments using CNN-based machine learning models have
shown remarkable performance in recent years [11, 13-15].
The purpose of this review article was to discuss the
current status of AI-based bone age assessments and
its future direction. This study also aimed to provide an
insightful introduction to the history of automated bone
age assessments and present a literature review on Al-based
bone age assessments.

History of Automated Bone Age Assessments

Bone age is a marker of bone maturity. It is determined
based on the shape and maturity level of the primary
and secondary ossification centers and the time of fusion
between the two [16]. Atlas-based methods such as the
Greulich-Pyle (GP) as well as the Gilsanz-Ratibin methods
are used to determine bone age [17, 18]. In contrast,
the Tanner-Whitehouse (TW) method, which is a scoring
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method, considers selected radiographic regions of interest
(ROI) in specific bones of the left hand and categorizes the
development level of each ROI into stages (from A to I).
The total score is calculated by adding the scores assigned
to each stage of development for each bone. Finally, the
total score is converted into bone age [19]. Recently, the
revised TW3 method was proposed, which assesses the
maturity of the radius, ulna, and short bones (RUS) [19].

While studies have attempted to assess bone age
using ultrasound and MRI, the validation process remains
incomplete [20, 21]. Moreover, bone age assessments using
left hand radiographs are less expensive than ultrasound
and MRI. Although there are concerns regarding radiation
exposure, the dose for bone age assessment with left hand
radiographs is low (0.001-0.1 mSV) and is considered safe
[22]. This dose is lower than the amount from a 20-minute
exposure to natural radiation [23].

Bone age is a size-independent indicator of biological
maturity. It is better associated with height velocity,
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menarche, and muscle mass than chronological age.
However, it also has a few drawbacks [23, 24]. First, bone
age assessment is a complicated and lengthy process,
even for experts [16]. Regarding the GP method, although
it can be performed rapidly [11], there is no standard
regarding the bone on which more weight should be placed
during the assessment. For this reason, the GP method

is prone to inter- and intra-observer variabilities as well
as inter-institutional variability [23, 25]. The TW method
is comparatively more complex and requires more time;
however, is more accurate and reproducible as the values
are categorized based on units of 0.1 years [11].

Owing to this nature of bone age assessment techniques,
the demand for automated assessment has always existed.
The HANDX system introduced by Michael and Nelson in
1989 was the first automated assessment technique to
be developed. The HANDX is a semi-automated system
with reduced inter-observer variability and has been used
to detect skeletal growth abnormalities in children [26].
The PROI-based system was subsequently introduced by
Pietka et al. in 1991 [27], followed by the computer-based
skeletal aging scoring system (CASAS) by Tanner et al. in
1994 [28]. The CASAS analyzes the 13 bones included in the
TW3-RUS system. Each bone is identified manually, and the
maturation rating is performed by the computer. However,
a study reported that the CASAS was more time-consuming
than the manual TW method [28].

There have been attempts to develop automated
assessment techniques in Korea. A representative automated
assessment technique was introduced in 2009, which uses a
normalized shape model. In this model, each bone segment
of the fingers is automatically classified on the left hand
radiograph. A normalized shape model is then derived from
the classified images. The system predicts the bone age
using the normalized shape model. A mean absolute error
(MAE) of approximately 0.679 years was observed between
expert radiologists and the proposed method [29].

Al-Based Automated Bone Age Assessment: Is
This the New Era of Bone Age Assessment?

Following the second AI boom in the 1980s and 1990s,
the term ‘computer-aided detection” (CAD) was coined [30].
Subsequently, after the third AI boom, CAD was divided into
conventional and AI-based detection [31]. Al-based CAD
is task-agnostic; it uses a deep learning algorithm to train
itself with the given data [30].
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Bone age images are an ideal dataset for training a deep
learning solution, as there is a single image of the left hand
and wrist and relatively standardized findings [14, 32].

In 2019, Dallora et al. [33] reviewed machine-learning-
based automated bone age assessment solutions including
the regression-based method, ANNs, CNNs, support vector
machines, Bayesian networks, decision trees, and K-nearest
neighbors [13, 34-40]. They summarized their systematic
literature review as follows [33]: 1) most studies aimed

to propose an automatic bone age assessment system; 2)
research has focused on hand and wrist radiographs; 3) the
ethnicity and socioeconomic aspects were not explored in
detail; and 4) the average performance weighted by the
sample size of the compared studies resulted in a MAE of
9.96 months. After this meta-analysis was published, many
studies were conducted on various deep learning-based
bone age assessment solutions, such as content-based
image retrieval [41]. However, only a few of these AI-based
bone age assessment solutions have been commercialized.

BoneXpert, an AI-based bone age assessment solution
was introduced in 2008 [42]. BoneXpert is an Al system
that uses feature extraction techniques and calculates
bone age by analyzing the left hand radiograph based on
13 bones (radius, ulna, and 11 short bones in fingers 1,

3, and 5). Once the left hand radiograph is sent to the
BoneXpert Al software server, the software applies an active
appearance model (which has learned the regular shape

and density distribution of each analyzed bone) to analyze
the 13 bones. Lastly, the final bone age is determined by
either the GP or the TW method. The left hand radiograph
marked with the final bone age is transferred to the Picture
of Archiving and Communication System (Fig. 3). BoneXpert
is an established bone age assessment system and is widely
used in Europe. It has been validated through comparisons
of manual ratings in several studies. According to Booz et
al. [43], the correlation between BoneXpert-derived and
reference bone ages (r = 0.99) was significantly higher

than that between the reader-calculated and reference
bone ages (r=0.90; p < 0.001). Moreover, BoneXpert
requires considerably less time for image interpretation
than manual rating using the GP method, thereby improving
the time efficiency in routine clinical practice [43].
However, BoneXpert showed limited efficacy when fewer
than eight bones were included, as well as in cases of poor
image quality and abnormal bone morphology [43]. These
limitations may be overcome through consistent version
upgrades.
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VUNO Med-BoneAge is the first AI-based bone age
assessment solution approved by the Korea Food & Drug
Administration and is commercialized in the country [15].
VUNO Med-BoneAge uses a deep learning solution. It was
trained using 18940 left hand radiographs analyzed by the

Fig. 3. Automated bone age assessment by BoneXpert. Once
left hand and wrist radiographs are sent to the BoneXpert artificial
intelligence software server, the software applies an active appearance
model to analyze the 13 bones. Following this, the left hand and wrist
radiographs marked with the final bone age are sent to the Picture

of Archiving and Communication System (source: https://bonexpert.
com).
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GP method. On receiving the image to be analyzed, the
system suggests three most likely estimated bone ages
(i.e., first-, second-, and third-rank AI bone ages) based

on probabilities along with similar images for comparison
(Fig. 4). The accuracy of the first-rank bone age was 69.5%,
which increased to 93% when the first-, second-, and third-
rank bone ages were combined [15]. Strictly speaking, VUNO
Med-BoneAge is a semiautomatic system, rather than being
fully automatic, because a human has to choose one of the
three bone age results and images suggested by the deep
learning model. However, VUNO Med-BoneAge was reported
to show a 29% reduction in the image interpretation time
compared to manual rating [15].

Apart from VUNO Med-BoneAge, which uses the GP
method, another solution using the TW3 method has been
approved by the Korea Food & Drug Administration. The
HH-boneage.io solution is a fully automatic system that
localizes the epiphysis-metaphysis growth regions of the
13 bones, including the radius, ulna, and 11 short bones in
fingers 1, 3, and 5, and estimates the corresponding bone
age [11]. Once an image is uploaded, the system determines
the ROIs of the 13 bones and calculates the maturity score
for each ROI and the total score. The system then predicts
bone age using a correlation matrix (Fig. 5). The system
has a MAE and root mean squared error of 0.46 years and
0.62 years, respectively, when compared to the bone age

Fig. 4. Automated bone age assessment by VUNO Med-BoneAge. On receiving the image to be analyzed, VUNO Med-BoneAge suggests
three most likely estimated bone ages (i.e., first-, second-, and third-rank artificial intelligence bone ages) based on probabilities along with

similar images for comparison (source: https://www.vuno.co).
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Bone Age Assessment Report

Patient Information

Patient ID 2 Patient Name 2
Chronological Age 10.5 years Gender M
Study Date 2020-07-06

Result
Bone Age 11.4 years
Normal expected scope for chronological age mean 125.19 +/- 2SD 21.88 months
Method for Bone Age Analysis TW3
Normal Reference Greulich and Pyle atlas

ROls
= radiuz: — ulma: 15t metacarpal f
. 3rd metacarpal: f . 6th metacarpal: f - 15t prosirmal: §
. ) - P . s
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h Boneage.io

Fig. 5. Automated bone age assessment by HH-boneage.io solution. The HH-boneage.io solution is a fully automatic system that localizes
the epiphysis-metaphysis growth regions of 13 bones including the radius, ulna, and 11 short bones in fingers 1, 3, and 5, and estimates the
corresponding bone age (source: http://www.boneage.io). ROI = regions of interest
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Fig. 6. Automated bone age assessment by MediAI-BA solution. The MediAI-BA solution analyzes seven epiphysis-metaphysis growth
regions of the radius, ulna, metacarpal of the 1st finger, and metacarpal, proximal, middle, and distal phalanges of the 3rd finger. The MediAI-BA
solution has been revised to a hybrid method, which is based on both the Greulich-Pyle and Tanner-Whitehouse methods (source: http://www.

Crescom.co).

determined by an expert. The system demonstrated 97.6%
accuracy within one year of ground truth [11].

The MediAI-BA solution is another AI-based bone age
assessment solution, approved by the Korea Food & Drug
Administration, which uses the TW3 method [44]. Unlike
the traditional TW3 method, this system analyzes seven
epiphysis-metaphysis growth regions in the radius, ulna,
metacarpal of the 1st finger, and metacarpal, proximal,
middle, and distal phalanges of the 3rd finger (Fig. 6). The
MediAI-BA solution has a MAE of 0.59 years [44].

Current Issues in AI-Based Automated Bone
Age Assessment

Al-based automated bone age assessments are validated
against manual bone age assessments by experts. Left
hand radiographs are manually analyzed using the GP or
TW method for use as reference data. However, there is
no method to confirm that the manually determined age
represents the true bone age [24]. The question of whether
Al-based assessment results should be compared with
those obtained from other assessment methods (aside
from the ones using the GP or TW method) and with other
types of medical images, such as ultrasound and MRI
(besides left hand and wrist radiographs), persists during
the development of an Al-based automated bone age
assessment solution. The application of Al-based bone age

kjronline.org https://doi.org/10.3348/kjr.2020.0941

assessment solutions to populations of different ethnicities
is another significant issue. Bone age assessment is
influenced by ethnicity, since it has been proven that
different populations show different rates of skeletal
maturation [45]. Therefore, it is reasonable to doubt

the direct application of Al-based bone age assessment
solutions, particularly those based on the GP method, in
populations of different ethnicities other than the groups
considered during development. Recognizing this issue,
studies are being conducted on their applicability in

diverse ethnic groups. For instance, according to a recent
study that validated BoneXpert in American children of

four ethnicities (African American, Asian, Caucasian, and
Hispanic), the AI-based bone age assessment solution could
analyze images of all ethnicities and therefore eliminate the
problem associated with rater variability [46]. In addition,
although AI may significantly increase the efficiency of
bone age assessment by pediatric radiologists, congenital or
acquired abnormal bone morphologies cannot be detected
on left hand radiographs. Thus, the necessity for manual
assessments persists in patients who undergo surgeries
such as epiphysiodesis or show sequelae of growth plate
injury. In addition, most research and commercially usable
solutions for AI-based bone age assessment have focused
on left hand radiographs. MRI offers some advantages
compared to hand radiographs, such as no requirement for
ionizing radiation, more accurate analysis of the growth
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plate, and reduced subjective influence of the examiners
[47-49]. However, there are limited research papers on
automated bone age assessment using MRI [36, 39, 49, 50].
Although these studies reported good performance of MRI
in the estimation of bone age, a comparative study between
radiograph- and MRI-based age estimation solutions is
needed. Lastly, high heterogeneity in research and solutions
is also an issue. Owing to the high heterogeneity in terms
of age ranges, dataset sizes, and performance metrics,

the comparison between studies is challenging [33].
Accumulation of data regarding the clinical efficacy through
multi-center and multi-national clinical trials must precede
use of such AI-based solutions.

However, the development of and research on automated
bone age assessment using AI will continue, which will
result in the commercialization of more solutions. The
existing commercialized solutions will also undergo a series
of upgrades. Therefore, the accuracy of Al-based automated
bone age assessment solutions will improve and the current
limitations will be addressed.

CONCLUSION

The era of AI may be considered an immense revolution
with an irreversible tendency. The research objective
of enhancing the performance of Al-based systems has
now shifted to exploring ways to efficiently exploit this
intelligence to further optimize human performance.
Currently, AI in medical imaging is expected to act as an
assistant that can reduce the burden of doctors rather than
competing against them. AI-based automated bone age
assessments can reduce the burden of radiologists who
handle a large number of images to determine bone age. It
can also significantly reduce the subjectivity, and inter- and
intra-observer variabilities associated with traditional bone
age assessment methods.
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