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Existing deep learning (DL) networks are primarily trained on adult datasets and may not always generalize to
pediatric populations, where growth plays a major role. Here, we investigated improving semantic segmentation
outcomes of pediatric hand phalanges from radiographs without relying on fully pediatric training datasets,
which are scarce. First, alternative DL networks (FCN-8, FCN-32, U-Net, Inception U-Net, and DeepLabv3+) were
trained with manually segmented radiographs of near-skeletally-mature (NSM) subjects and their performances
were evaluated using mean intersection-over-union (Mean IoU) and multiclass Dice scores. DeepLabv3+ and
Inception U-Net performed the best for NSM segmentation, with Mean IoU scores of 0.899 + 0.035 and 0.887 +
0.062, respectively. These networks were then used to investigate zero pediatric data (scaling-based data
augmentation) and minimal pediatric data (incremental pediatric data substitution) approaches to improve age-
domain generalizability. The minimal pediatric data approach proved effective, with a 20 % pediatric data in-
clusion leading to an up to 21.1 % increase in Mean IoU for pediatric subjects compared to networks trained
exclusively on NSM subjects. Furthermore, no adverse effects of this approach were found when tested on NSM
subjects, and there were even improvements in performance for Inception U-Net. To conclude, we highlight that
networks utilizing multi-scale filters perform best for the semantic segmentation of hand phalanges. We further
demonstrate that a minimal inclusion of pediatric training data can markedly improve age-domain generaliz-
ability for semantic segmentation tasks. This removes the difficult task of gathering large training datasets of
pediatric subjects, which is often impractical, if not impossible.

1. INTRODUCTION datasets of pediatric medical imaging to train DL models. Furthermore,

existing Al models, usually trained on adult datasets, rarely perform well

The prominence of artificial intelligence (AI), enabled by deep
learning (DL) techniques, is evident in contemporary medical imaging
research [1,2]. Specifically for the task of image segmentation, tradi-
tional methods (e.g., thresholding) have been outperformed by DL-based
strategies [2,3]. Furthermore, feature maps extracted by DL-based ap-
proaches for the purpose of segmentation have been utilized in multi-
task frameworks, such as disease diagnosis and/or prognosis [4].
While DL has emerged as a powerful tool for medical image analysis,
there is a lack of high-quality, diverse datasets [5,6]. This is particularly
apparent in pediatric populations for which there is a general lack of
imaging data due to increased radiological health risks [7], difficulty in
handling small children during image acquisition [8,9], and ethical
concerns [10].

Taken together, these difficulties thus prevent the collection of large
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when tested on pediatric patient data [11-15]. Nevertheless, the
possible applications of Al in pediatric healthcare are innumerable from
both prognostic and diagnostic standpoints [16-20]. These applications
have the potential to greatly improve patient outcomes and the overall
quality of healthcare. Pediatric data paucity, therefore, presents an open
challenge for widespread use of Al in healthcare. Specifically, models
should be made to be sufficiently age-agnostic even with a lack of
existing age-diverse datasets and difficulties in gathering large pediatric
training datasets.

Semantic segmentation, wherein anatomical structures are both
delineated and labeled, is emerging as the leading direction of research
in medical imaging analysis to examine multi-organ images. As
compared to previous approaches for multi-body semantic segmentation
(e.g., shape model based fitting [21-23]), DL-based semantic
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segmentation methods have become increasingly powerful and consis-
tently achieved record-setting results [24,25]. Despite the increased
anatomical significance of 3D medical imaging, 2D medical imaging
modalities are more accessible, especially in low-resource settings
[26,27]. Therefore, semantic segmentation of structures from 2D ra-
diographs continues to be an active area of research. For example, Ryu
et al. semantically segmented feet radiographs to quantify flatfootedness
[28]. Segmenting chest radiographs into their constituent anatomical
structures (i.e., clavicle, heart, lungs, etc.) has also been done both for
anatomical studies and to serve as a basis for diagnostic pipelines
[29,30]. Liu et al. focused specifically on delineating ribs and clavicles
for either suppression from radiographs to uncover underlying soft tis-
sue, or to highlight the bony structures themselves [31]. Hand phalange
segmentation from radiographs is also useful in bone age prediction as
demonstrated by Lv et al. and the RSNA Pediatric Bone Age Challenge
[32,33]. Hatano et al. extensively investigated this task, utilizing
network architectures of increasing complexity and also ensemble-like
frameworks [34-36]. While semantic segmentation of 2D radiographs
continues to be relevant, the lack of diverse age-domain datasets pre-
sents a major challenge to pediatric applications of DL-based approaches
devised for such tasks.

Several existing works have implemented novel solutions to increase
age-domain generalizability and address the issue of pediatric data
paucity. Boutillon et al. developed a multi-task, multi-domain frame-
work incorporating multi-scale contrastive regularization and multi-
joint anatomical priors to improve generalizability of their models for
MRI knee, shoulder, and foot bone segmentation in a pediatric popula-
tion [37]. Their study, however, investigated a relatively small age
range (at most from 5 to 17 years of age) and their datasets for training
and testing were comparatively small. Furthermore, while effective,
relying on learned anatomical priors from multi-anatomy (ankle, knee,
shoulder) imaging necessitates collecting said multi-anatomy data,
which is difficult in the case of pediatric subjects. Similarly, Rajaraman
et al. implemented an ensemble-based solution, relying on a stacked
ensemble of networks to improve age-domain generalizability of their
chest X-ray segmentation models [38]. They demonstrated improved
segmentation performance. However, their approach only carried out
binary segmentation as opposed to semantic segmentation. Recently,
Kumar et al. have investigated the effects of pediatric data inclusion on
piecewise binary segmentation of differing pelvic and thoracic organs
from CT images [39]. They demonstrated that ensuring an age-diverse
dataset improves pediatric segmentation outcomes. Nevertheless, their
main finding seemingly arose when combining separate training data-
sets from differing age categories. Therefore, their findings of improved
performance could simply be a function of increased training dataset
size, and a more granular parametric investigation into increasing age
diversity of training data may be warranted. A study by Somasundaram
et al. demonstrated that transfer learning-based fine-tuning of adult-
trained models on pediatric data improves segmentation outcomes
[40]. While effective, it, nevertheless, necessitates collating data from
multiple sources, which may or may not exist in an open-source setting
for specific applications. Taken together, these studies made initial steps
to address the issue of age-domain generalizability of DL models.
However, they relied on collating images from multiple anatomical
structures and sources, were limited in the scope of DL task, or did not
adequately separate the effects of age-diverse training data from those of
a larger training dataset.

In this study, we aim to tackle the open research problem of age-
domain generalizability of DL models in the context of semantic seg-
mentation, a comparatively more complex task than binary segmenta-
tion. We aim to provide relatively straightforward guidelines to ensure
that practitioners are aware of easy-to-implement methods to improve
the age-domain generalizability of their models without necessitating
specific network architectures or collecting additional data. Specifically,
we aim to investigate two potential methods that require minimal pe-
diatric data to improve the generalizability of DL-based semantic
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segmentation workflows. As far as the first approach (i.e., zero addi-
tional pediatric data) is concerned, a relatively commonplace practice in
the field of DL is the use of data augmentation, wherein existing data are
modified to increase dataset size and improve generalizability [41,42].
For images, examples of common modifications include rotations, blur,
and also scaling. The lattermost augmentation is particularly notable as
bones have been determined, generally, to isometrically scale during
growth [43]. Thus, one can rationally infer that the use of scaling-based
data augmentations can enrich the training data for DL networks,
improving age-domain generalizability. Therefore, while most networks
already employ a degree of data augmentation, the efficacy of scaling-
based augmentation during training to address pediatric data paucity
is yet to be elucidated upon. Regarding the second approach (i.e., min-
imal pediatric data), we aim to study to what extent is the outcome of
semantic segmentation dependent on the amount of pediatric data
included in training data. We study the efficacy of both above-
mentioned approaches within the context of the semantic segmenta-
tion of pediatric phalanges from hand radiographs. We first explore
various DL network architectures and quantify their effectiveness in
semantically segmenting (near) skeletally mature hand phalanges
(NSM) from hand radiographs. Then, we use both alternative ap-
proaches to determine to what extent they could improve segmentation
performance on pediatric subjects. Overall, the results of this study may
lead to methodological enhancements or improved guidelines sur-
rounding training dataset construction and pre-processing. These ad-
vances could ensure that DL models used in medical image analaysis of
bones are more generalizable towards pediatric patients in spite of a
prevailing paucity of pediatric training data.

2. MATERIALS AND METHODS
2.1. Dataset and pre-processing

In this study, we utilized hand radiographs from the RSNA Paediatric
Bone Age Challenge (2017) dataset [44]. We first categorized the data
into their developmental stages based on the third version of the Tanner-
Whitehouse method (TW3) [45]. We then generalized these data cate-
gories further to simplify our analyses. Stages A-D were grouped
together as they represent the youngest subjects within the dataset
(0-84 months old), and is hereby referred to as the pediatric dataset.
Stages G-I on the other hand represent the oldest subjects from the
dataset (>169 months old), and is referred to as the NSM dataset
(Fig. 1A). 400 radiographs (200 NSM, 200 pediatric) were then
randomly selected, pre-processed, and segmentation masks were created
(Fig. 1B).

In terms of pre-processing, contrast limited adaptive histogram
equalization (CLAHE) was carried out to enhance edges within the
dataset and improve segmentation outcomes [46]. Then, segmentation
masks highlighting and delineating the metacarpals and the proximal,
medial, and distal phalanges were created using the open-source soft-
ware labelme [47]. All the radiographs were then resized to uniform
dimensions (256 x 256 pixels). 10 % of each dataset was extracted and
set aside as NSM and pediatric test datasets, NSM-Te and P-Te, respec-
tively. The rest of the data were designated as NSM and pediatric
training data, NSM-Tr and P-Tr, respectively. Using a K-folds validation
strategy (K = 5), NSM-Tr and P-Tr were then split into folds and initially
augmented with horizontal flipping and random rotations (8 = + 200).

2.2. Improving pediatric generalizability

We investigated the efficacy of two different approaches to pediatric
data generalizability of our networks, that is a zero pediatric data and
minimal pediatric data approach (Fig. 1C). For the zero pediatric data
approach, based on the principle of isometric scaling found in long
bones [43], we sought to investigate the use of scaling-based data
augmentation in improving performance on pediatric test data. We do so
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Fig. 1. Illustration of workflow of this study. A) First, the dataset is delineated into developmental stages based on their age according to the TW3 method and
grouped as pediatric (Stages A-D) and near skeletally mature (NSM) (Stages G-I) [39]. B) The datasets are then pre-processed with resizing, CLAHE, and segmentation
masks are manually created. These datasets are then separated further into testing and training datasets. C) In this study, i) we first determined which network
architecture worked best on segmenting NSM subjects. ii) Then, we utilised the best performing networks to investigate a zero pediatric data and a minimal pediatric
data approach to improve pediatric generalizability. iii) We then investigated if improvements in pediatric generalizability affected performance on NSM subjects.
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as no previous studies have investigated the efficacy of this approach for
improving age-domain generalizability specifically. Thus, in this study,
varying proportions of NSM-Tr (n = 5, 10, 15, 20 %) were affinely
downscaled by varying scaling factors (s.f. = 50, 60, 70, 80, 90 %). For
the minimal pediatric data approach, we attempted to investigate and
quantify the effect of utilizing an age-diverse dataset. Whilst existing
studies have demonstrated, generally, the efficacy of including addi-
tional pediatric data for improved segmentation outcomes, existing
works do not quantitatively investigate training data composition. We
did so by taking NSM-Tr and substituting varying proportions (n = 5, 10,
15, 20, 25, 30, 35, 40, 45, 50 %) with P-Tr to quantify the effect of
utilizing progressively more age-diverse training data. Networks trained
via both approaches were then tested on P-Te and compared to networks
trained solely on NSM-Tr and P-Tr to quantify any improvements in
segmentation outcomes. The best performing approach was then tested
on NSM-Te to investigate if it is able to generalize towards pediatric
subjects without a loss in performance towards NSM subjects.

2.3. Network architectures

Several network architectures designed for semantic segmentation
were utilized in this study (Supplementary S1). Fully convolutional
networks (FCNs) were utilized as they represent the first DL networks
utilizing convolutional layers for pixel-wise labeling [25,48]. We
implemented the FCN-32 and FCN-8 variations in this study, repre-
senting the worst and best variations of the FCN networks, respectively,
with a VGG-16 encoder as the network backbone. A further development
of the FCN principle is U-Net as proposed by Ronneberger et al. [49]. U-
Net utilizes skip-connections, which integrate both high- and low-level
features for enhanced segmentation accuracy. Its popularity owing to
its performance has led to the development of many variations [50].
Nevertheless, we utilized the original version proposed by Ronneberger
et al. in this work for simplicity. Another network architecture we uti-
lized was DeepLabv3+. This architecture is the culmination of contin-
uous improvement upon the principle of multi-scale convolutions for
semantic segmentation [51]. Essentially, it relies on a unique spatial
pooling layer to encode multi-scale features using parallel atrous con-
volutions with different rates. Finally, building on a similar principle of
multi-scale convolutions, we implemented an Inception U-Net network
architecture. Inception modules concatenate the feature map outputs of
multi-scale convolution filters to better encapsulate features at multiple
length scales [52]. Several works have utilized these modules within ‘U-
Net’-like encoder-decoder configurations for semantic segmentation
tasks [53-55], and we followed a similar configuration.

2.4. Training

The training parameters were set based on initial pilot experiments.
First, a learning rate of 1E — 3 and batch size of 5 were set. Then, cat-
egorical cross-entropy (CCE) was used as the loss function with an
adaptive moment estimation (Adam) optimizer. CCE was utilized as this
loss function is the most commonly used for semantic segmentation
tasks, and based on initial pilot tests, led to the best training outcomes
(Equation (1)). Essentially, it functions as a negative log-likelihood
acting over a distribution of n discrete classes, which is minimized
during training [25,56,57]. In detail, p represents the true labels and p
represents the predicted label.

Jcce = - Zplog@) (1)
i=1

To determine convergence, each network was first trained and tested on
NSM data for 500 epochs with the loss at each epoch recorded. Based on
these loss plots, epochs of convergence for each network architecture
were determined when training and validation losses reached a minima
and exhibited minimal further variation (Supplementary S2). Thus, for
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the rest of the study, all the networks were trained to their respective
epochs of convergence. All the networks were created and trained using
the Tensorflow (2.10.0) framework in Python (3.10.11). The networks
were all trained on the GPU nodes (NVIDIA Tesla V100S, 32 GB) of the
DelftBlue High Performance Computing Cluster [58].

2.5. Performance metrics

In this study, we utilized mean intersection-over-union (Mean IoU)
and multiclass dice (MC Dice) scores to evaluate the efficacy of our
networks. Both of these metrics were calculated and averaged across
each fold of our K-folds validation. Mean IoU is commonly used to
evaluate the results of semantic segmentation tasks [25]. First, IoU was
calculated using the ratio of true positives (TP), false positives (FP), and
false negatives (FN) from a confusion matrix (CM) comparing a pre-
dicted and true mask (Equation (2)). IoU for each class (i.e., category of
phalange) except for the background was determined and the mean was
calculated to determine the mean IoU.

TP

oU=——
YT TP FPIEN

(2)

Similarly, Dice coefficient is a metric commonly used in evaluating
segmentation performance [25]. For binary masks, it can be calculated
as follows:

2TP

Dice = — 2+
€= TP+ FP+ FN ®

In our study, we are concerned with multi-class segmentation outcomes,
a Dice coefficient for each class (excluding the background) was first
calculated, then a mean was calculated to determine the corresponding
multi-class Dice (MC Dice) score. Another metric we utilized was mean
pixel accuracy (mPa), which evaluates the ratio of correctly classified
pixels against the total number of pixels per class [59]. Similar to the
Dice coefficient, mPa is taken for each class (excluding the background),
and a mean was calculated to determine the mPa over all the classes:

TP

mPa = ——
4= TP+ FN

4

2.6. Statistical analysis

To compare the performance of various network architectures and
augmentation strategies, we performed one-way analysis of variance
(ANOVA) with the Tukey’s post-hoc tests for multiple comparisons.
Significance levels were set at p < 0.05 but were corrected, whenever
appropriate, using the Bonferroni correction. All the statistical analyses
were performed using SPSS Statistics (v.29.0.0.0; IBM Corp., Armonk,
New York, USA).

3. ResuLts
3.1. NSM segmentation

Our initial results revealed a clear disparity in the performance of our
implemented network architectures for the semantic segmentation of
NSM hand phalanges. When comparing the CMs (Fig. 2B), we can
qualitatively observe that Inception U-Net and DeepLabv3 + are much
more generalizable and robust than FCN-32, FCN-8, and U-Net. This is
evidenced by the consistently high number of TPs identified for all
classes across all K-folds, with minimal FPs and FNs. Utilising these CMs,
the architectures can then be compared quantitatively (Fig. 3). FCN-32
performed the worst, with a Mean IoU of 0.09 + 0.177 (mean =+ stan-
dard deviation) and an MC Dice of 0.123 4+ 0.234. This can also be
qualitatively observed in sample predicted masks (Fig. 4), wherein the
predicted masks using FCN-32 often do not even capture the general
shape of the phalanges and are often incomplete. FCN-8 and U-Net,
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Fig. 2. Confusion matrices comparing the performance of varying network architectures trained and tested on adult data. A) Template confusion matrix detailing the
various classes and color gradient scale in greyscale. B) Confusion matrices of all the trained and tested networks across the K-folds validation.
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Fig. 3. Metrics from testing the converged networks on adult data, in terms of semantic performance metrics. The significance is marked with *, corresponding to p
< 0.01. Significance level was determined by adjusting the standard p < 0.05 value with a Bonferroni correction. Vertical lines represent standard deviation.
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Fig. 4. Predicted NSM segmentation masks from our converged networks.

showed similar performances with the latter peaking at a Mean IoU of
0.332 + 0.335 and an MC Dice of 0.405 + 0.369. This is also reflected in
the predicted masks (Fig. 4), which show both networks can capture the
shape of the phalanges relatively well. However, some small areas of
misclassification and false positives are still evident. DeepLabv3 + and
Inception emerged as the best performing architectures in terms of high
average semantic metrics and low standard deviations. The former
performing slightly better at a Mean IoU and MC Dice of 0.899 + 0.035
and 0.946 + 0.021, respectively. This is also apparent in the predicted

masks (Fig. 4), wherein the shapes of the phalanges are remarkably well
captured although with some small areas of misclassification in both
architectures. Based on these results, DeepLabv3 + and Inception were
chosen for further study on improving pediatric data generalizability.

3.2. Improving pediatric generalizability

3.2.1. Zero pediatric data approach: Scaling-based data augmentation
We first investigated the use of scaling-based augmentation by
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retraining the best performing networks (DeepLabv3 + and Inception U-
Net) with various scaled datasets as previously described (Section 2.2,
Fig. 1C). Our results for the scaling study demonstrated that the pa-
rameters chosen for rational scaling (i.e., dataset percentage and scaling
factor) minimally affect the segmentation outcomes for pediatric data
(Fig. 5A). This observation was consistent across both network archi-
tectures, with relatively unchanged mean and standard deviation values.
For Inception, however, a decrease in both Mean IoU and MC Dice at a
scaling factor of 50 % and dataset percentage of 20 % can be noted with
the caveat of a high standard deviation (Fig. 5A). In fact, a key caveat
with our results is that they are marred by high standard deviations
across both network architectures and all parameters (see Section 4 for a
discussion). Nevertheless, the best performing networks (in terms of
mean metrics) for Inception were with 20 % data downscaled by 60 %,
whilst for DeepLabv3 + it was 20 % data downscaled by 70 %.

3.2.2. Minimal pediatric data approach: Pediatric training data substitution

The alternative approach to scaling-based augmentation was P-Tr
substitution. For both network architectures, similar improvements can
be observed when applying pediatric substitution. Overall, increasing
the amount of adult training data being substituted with pediatric data
leads to improvements in the segmentation metrics (Fig. 5B). With only
5 % P-Tr substitution, we only have 0.72 + 0.22 and 0.75 + 0.21 Mean
IoU for DeepLabv3 + and Inception respectively. However, increasing P-
Tr substitution up to 50 % increases these values up to peak Mean IoU
values of 0.88 + 0.08 and 0.9 + 0.1 for DeepLabv3 + and Inception
respectively. A clear pattern is that increasing P-Tr substitution per-
centage not only increases mean values, but also decreases standard
deviations. Nevertheless, what we can note is that even a relatively low
percentage of P-Tr substitution (i.e., 20 %) led to a Mean IoU of 0.804 +
0.157 and 0.819 + 0.168 for DeepLabv3 + and Inception respectively.
These values are markedly better than with a lower proportion of sub-
stitution, and potentially better than utilizing a training dataset of 100 %
NSM-Tr. To illustrate the use of a minimal proportion of pediatric data
further, we selected 20 % P-Tr inclusion for comparison with the zero
pediatric data approach and against networks trained solely with 100 %
NSM-Tr and P-Tr.

3.2.3. Approach comparison

To compare their efficacy, we selected the best performing networks
from both approaches across both network architectures and compared
them against negative and positive controls (i.e., networks trained with
100 % NSM-Tr and 100 % P-Tr data respectively). For this comparison,
the additional metric of mPa was included to enhance the diversity in
comparisons for our proposed approaches. For all networks and metrics,
networks trained on 100 % NSM-Tr and 100 % P-Tr are statistically
significantly different, with the latter performing comparatively better
as expected. This confirms our initial claim that networks trained solely
on NSM data do not generalize well to pediatric subjects (Fig. 6). We can
then note that for both networks, similar patterns are observed across
the utilized approaches. Firstly, for both Mean IoU and MC Dice, net-
works trained on 100 % P-Tr perform statistically significantly better
than all of the others as expected, except P-Tr substitution. In fact, P-Tr
substitution performs statistically significantly better than 100 % NSM-
Tr, but there is no statistically significant difference compared to 100 %
P-Tr. This is interesting because for both of these networks, only 20 % of
NSM-Tr was substituted with P-Tr, and this led to an up to an impressive
21.1 % increase in Mean IoU as compared to networks trained on 100 %
NSM-Tr. In comparison, the scaling augmentation approach yielded
minimal improvements over the 100 % NSM-Tr networks. Specifically,
for both networks, we only found an up to 9.98 % increase in Mean IoU
with a no statistically significant difference compared to 100 % NSM-Tr.
In terms of mPa, Inception exhibits similar results for the minimal and
zero pediatric data approaches. However for DeepLabv3 + 100 % P-Tr is
not statistically significantly different from scaling augmentation.
Nevertheless, the similarities in our comparison of metrics, that is,
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between Mean IoU, MC Dice, and mPa suggest an underlying pattern.
That is, our results suggest that the minimal pediatric data approach (i.
e., P-Tr substitution) can improve the segmentation performance on
pediatric subjects while requiring only 20 % pediatric data. We then re-
tested the networks trained with P-Tr substitution on NSM-Te (Fig. 7).
We found that the use of P-Tr substitution did not adversely affect their
performance on NSM-Te. In fact, for DeepLabv3+, there was not a sta-
tistically significant difference between the negative control (i.e., 100 %
NSM-Tr) and P-Tr substitution, implying that performances are com-
parable and P-Tr leads to similar results. There is, however, a statisti-
cally significant difference compared to the positive control (i.e., 100 %
P-Tr) for all metrics. This demonstrates that P-Tr leads to improved
pediatric generalizability without decreasing the performance on NSM
subjects. For Inception, we found similar results but with the additional
benefit of a statistically significant improvement over the positive con-
trol. Thus, this approach improves both generalizability towards pedi-
atric population and the overall performance of the networks.

4. DIiscussION

An initial finding we had was the marked contrast in the performance
of the networks trained and tested for the NSM segmentation task
(Figs. 2-3). The under-performance of FCN-32 can be attributed to its
simplistic architecture, wherein the drastic up-sampling led to inaccu-
rate and indistinct segmentation masks being learned. However, an
unexpected result is that U-Net under-performed, with statistically
similar performance metrics to that of FCN-8. The characteristic skip-
connections and encoder- decoder architecture of U-Net usually leads
to better performance, especially as compared to simpler FCN-type
networks [50]. This under-performance could be due to the relative
complexity of this particular segmentation task. Wherein, the varied
shapes and sizes of the assorted phalanges cannot be effectively captured
solely by skip-connections and an encoder-decoder style architecture. A
marked difference in our results is between the networks with multi-
scale filters (Inception and DeepLabv3+) and without (FCN-32, FCN-8,
and U-Net). From our results, we can surmise that multi-scale filters
enhance the ability of segmentation networks to learn segmentation
maps of assorted anatomical structures of interest with varying shapes
and sizes. Not only do the average metrics of these multi-scale filter
networks outperform the others, a distinct aspect is their relatively low
standard deviations. Especially in the context of our K-folds validation,
this demonstrates that these networks not only perform better, but are
also more consistent and can more easily generalize as compared to the
other architectures.

In comparison to other studies, Ding et al. achieved an IoU and Dice
score of 0.929 + 0.023 for the segmentation of paediatric hand bones
from radiographs using a multi-scale block in an encoder-decoder
configuration, relatively similar to our implementation of Inception U-
Net [60]. In comparison, we achieved a Mean IoU and MC Dice of 0.887
+ 0.062 and 0.937 + 0.04, respectively, using Inception U-Net,
demonstrating similar performance. However, in their study, the seg-
mentation task was slightly different, as they sought to obtain binary
masks of all the hand bones, including the carpals, radius, and ulna,
while we attempted to obtain semantic masks of the phalanges exclu-
sively. Furthermore, they explicitly delineated unfused epiphyses of the
phalanges as two separate structures while our masks considered them
as parts of the same structure. Differences notwithstanding, the similarly
improved performance when using multi-scale filters demonstrates the
superiority of these types of modules for segmentation tasks involving
structures of varying sizes, especially hand bones. Ono et al utilized
vanilla DeepLabv3 + and developed a variant for a similar task of
semantically segmenting proximal and medial phalanges of adult hand
bones (excluding the thumb) from radiographs [36]. Both configura-
tions of DeepLabv3 + achieved a Mean IoU of 0.949, similar to us
achieving a Mean IoU of 0.899 + 0.035. Our comparatively lower per-
formance is attributed to the difference in task, wherein ours can be
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Fig. 5. A) Results from the parametric augmentation study, split into Inception U-Net (top) and DeepLabv3+ (bottom). B) Results from the P-Tr substitution study.
Note that vertical lines represent standard deviation.
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intersection-over-union, multiclass Dice, and mean pixel accuracy (top to bottom). 100 % NSM-Tr refers to a training dataset of exclusively NSM-Tr, while 100 % P-Tr
refers to a training dataset of exclusively P-Tr. Significance is marked with *, corresponding to p < 0.0167. The significance level was determined by adjusting the
standard p < 0.05 value with a Bonferroni correction. Note that vertical lines represent standard deviation.

considered more complex due to the additional category of phalange we suitable for segmentation tasks involving structures of varying sizes.
segmented in our networks. Nevertheless, the comparable performance Hatano et al. utilized U-Net to segment binary masks of the medial and
could indicate, again, that networks with multi-scale filters are more proximal phalanges from NSM radiographs, and achieved an impressive



E. Tay et al.

Mean IoU of 0.914 [34]. In contrast, in our study, U-Net achieved a
Mean IoU of only 0.332 + 0.335. The superior performance of U-Net in
their study could be due to their relatively simpler segmentation task, as
they sought to only generate binary masks. Furthermore, their seg-
mentation masks consisted of only two anatomical structures of rela-
tively similar sizes. In comparison, our inclusion of an additional
anatomical structure in the distal phalanges may have made the feature
maps too complicated for U-Net.

In terms of our investigation into our diverging approaches to
improve age-domain generalizability, we find that the minimal pediatric
data approach (scaling-based augmentations) had little to no effect
(Fig. 5A). For both networks, all combinations of augmentation pa-
rameters seemingly does not provide additional useful information to
the networks, leading to an no observable effect on segmentation out-
comes. A potential reason for this could be related to the notably high
standard deviations. These high standard deviations found in both ap-
proaches (Fig. 5A-B) could be due to the granularity of our analysis and
grouping of pediatric data. Specifically, the age range we labeled as
pediatric (stages A-D, corresponding to 0-7 years of age), could be too
broad. Thus, our augmentations may be performing better on some ages
and not others leading to consistently high standard deviations. As this
age range constitutes rapid growth and changes of anatomy, a more
comprehensive analysis using more dedicated approaches may be
required. This potentially warrants investigating the parametric effects
at each TW3 stage or bone age, either on a yearly or monthly graduation.
This, however, requires significant additional resources. In practical
terms, sufficient numbers of segmentation masks for each TW3 or bone
age would need to be annotated and a nontrivial number of DL networks
have to be trained for validation, warranting significant additional
computational resources.

Comparing the zero pediatric data and the minimal pediatric data
approach (P-Tr substitution), we found that the latter performs better.
Using real pediatric data as constituent training data led to the networks
robustly learning the features of pediatric data. For example, the
nonlinear nature of anatomical growth of hand phalanges (ie., the
emergence and fusing of the epiphysis) cannot be captured by our naive
scaling strategy. Thus, ensuring that training data is as age-diverse as
possible is a sound strategy to enhance age domain generalizability. As
we demonstrated, increasing P-Tr percentage definitely leads to im-
provements in age-domain generalizability (Fig. 5B). Nonetheless, this
approach is still hampered by the aforementioned underlying issue of
pediatric data paucity. Nevertheless, we demonstrate that utilizing what
little pediatric data is available in conjunction with existing, widely
available data from older subjects leads to increased generalizability as
opposed to solely NSM-Tr. Our results align with the findings of Kumar
et al., whose study concluded that increasing age-diversity in training
data improves age generalizability [39]. However, as previously
mentioned, their study did not conduct a parametric investigation into
the inclusion of varying proportions of pediatric training data. In
contrast, our parametric analysis demonstrates that even a relatively
small percentage of pediatric training data significantly improves seg-
mentation outcomes. This quantitative insight provides better guide-
lines to practitioners to ensure sufficiently age-domain generalizable
networks.

In principle, our study indicates that DL networks for segmentation
trained exclusively on adult radiographs are not effective in segmenting
pediatric radiographs. While our strategies of scaling-based augmenta-
tion do not lead to any significant improvements, we found that ensuring
only 20 % of training data are from pediatric subjects leads to marked
improvements in pediatric segmentation outcome without an adverse
effect on NSM subjects. In fact, the minimal pediatric data approach led
to performances reaching that of the positive controls. Simply put, our
findings demonstrate increased age-domain generalizability in this
particular semantic segmentation task. A potential means to improve
this study could be to ground the scaling-based augmentations in real
anatomical morphometrics capturing shape changes during growth,
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which we could not find in the existing literature. With some population
based morphometrical data, we could define scaling parameters a pos-
teriori as opposed to our current parametric approach. This could
potentially lead to more realistic scaling augmentations and, thus, a
better segmentation performance. Finally, one may investigate the use
of deep generative models [61]. Implementing generative networks
would enable the generation of pediatric-like image-mask pairs and
developing these generative networks constitutes further works.
Nevertheless, our study demonstrates the effectiveness of utilizing
multi-scale filters for semantic segmentation tasks involving structures
of interest with varying sizes. Our results, however, are restricted to this
specific task of phalange segmentation from X-rays, and further work
could seek to explore pediatric data generalizability on alternative
anatomical structures and imaging modalities in both 2D and 3D (e.g.,
MRI, CT, ultrasound).

5. CONCLUSIONS

To surmise, our study investigated the task of semantic segmentation
of phalanges from radiographs using DL and sought to improve age-
domain generalizability to pediatric patients. We found that, due to
the varying shapes and sizes of each phalange, network architectures
with multi-scale filters (i.e., Inception U-Net and DeepLabv3-+) led to
better and more robust segmentation outcomes. Specifically, we found
that standard U-Net only achieved a Mean IoU of 0.332 + 0.335 whilst
Inception U-Net and DeepLabv3 + achieved scores of 0.887 + 0.062 and
0.899 £ 0.035 respectively. In improving the generalizability of DL
networks to semantically segment pediatric data, we found that scaling-
based augmentations have slight but not statistically significant im-
provements. Nevertheless, we found that substituting just 20 % of NSM
training data with pediatric data leads to a 21.1 % improvement in
pediatric segmentation outcomes, without a statistically significant ef-
fect on NSM segmentation outcomes. These findings provide quantita-
tive justification and evidence of the necessity of age-diverse training
data for DL models to ensure efficacy when utilized on pediatric sub-
jects. While, pediatric data remains nevertheless elusive, ensuring a
minimal inclusion of pediatric training data would lead to marked im-
provements in age-domain generalizability.
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