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Hand X-rays findings and a disease screening 2
for Turner syndrome through deep learning
model
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Abstract

Background Turner syndrome (TS) is one of the important causes of short stature in girls, but there are cases of
misdiagnosis and missed diagnosis in clinical practice. Our aim is to analyze the hand skeletal characteristics of TS
patients and establish a disease screening model using deep learning.

Methods A total of 101 pediatric patients with TS were included in this retrospective case-control study. Their
radiation parameters from hand X-rays were summarized and compared. Receiver operating characteristic (ROC)
curves for parameters with differences between the groups were plotted. Additionally, we used deep learning
networks to establish a predictive model.

Results Four parameters were identified as having diagnostic value for TS: the length ratio of metacarpal IV and
metacarpal lll, the distance between ulnoradial tangents, the carpal angle, and the ulnar-radial angle. When the cutoff
value of the distance between the ulnoradial tangents was 0.40 cm, the specificity reached 92.57%. And for the ulnar-
radius angle, according to the ROC analysis, the maximum value of Youden's index was obtained when the cut-off
value was 170°, with a sensitivity of 66.34% and specificity of 61.38%. The ResNet50 deep neural network architecture
was utilized, resulting in an accuracy of 78.89%, specificity of 76.67%, and sensitivity of 83.33% on a test dataset.

Conclusions We propose that certain hand radiograph parameters have the potential to serve as diagnostic
indicators for TS. The utilization of deep learning models has significantly enhanced the precision of disease diagnosis.
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Introduction

Turner syndrome (TS) is a relatively common chromo-
somal disorder in which female patients typically have
short stature and hypogonadism owing to the absence
of the X chromosome [1, 2]. TS occurs in 1/2000 of live
female birth [3]. However, in reality, this condition may
remain undiagnosed or diagnosed later. One of the rea-
sons for this situation is the lack of simple and effective
screening methods that can identify TS from normal
girls.

In the previous studies, the median age at diagnosis
varied from 1.5 to 15.1 years [3, 4]. Many patients are not
diagnosed until they present with primary amenorrhea
or infertility [3]. Sarah et al. found that in their cohort,
the median age at diagnosis was 9.3 years if there was no
diagnosis 1 year after birth [4]. A study from the UK Bio-
bank in 2018 reported that many women with TS were
not diagnosed until they were adults and some were
never diagnosed [5].

Early diagnosis and treatment are of great significance
for patients with TS. Growth hormone treatment can
bring them close to normal female final height, and sex
hormone therapy helps maintain secondary sex charac-
teristics, uterine development, bone density, and mental
health [6].

Karyotype analysis is the gold standard for diagnos-
ing Turner syndrome. However, owing to its technical
requirements and cost-effectiveness, it has not yet been
used in large-scale clinical screening programs. Clini-
cally, testing is mostly considered in patients with typical
TS symptoms. However, the accuracy of patient clinical
evaluation is largely dependent on the personal knowl-
edge and experience [7]. Common clinical manifestations
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of TS include growth failure (95-100%), infections of the
middle ear (60%) and mandible (60%), and nonverbal
learning disabilities (~40%), all of which are not disease-
specific [1]. There was significant variation between indi-
viduals, and variation in karyotypes may be associated
with the phenotype. In general, women with monosomy
45,X were more affected than those with other karyo-
types. However, compared to patients with other karyo-
types, patients with 45, X had a slightly lower median age
at diagnosis [8]. In cases with mild clinical manifesta-
tions, short stature can be the sole evident manifestation
in childhood. Meanwhile, because the test report usually
takes approximately 4—5 weeks, it may lead to patient loss
to follow-up. Therefore, we aimed to use the information
provided by routine tests to develop a rapid and low-cost
TS screening method.

As mentioned above, patients with TS often visit the
hospital for short stature in childhood, and hand radiog-
raphy is the most routine examination for children with
short stature [4]. The hand bones consist of both irreg-
ular and long bones, and as children grow older, mul-
tiple ossification centers gradually appear. Hand X-rays
are often used to assess bone age or maturity to deter-
mine growth potential, and skeletal abnormalities can be
detected. Skeletal deformities are a clinical manifesta-
tion of Turner syndrome in which various hand deformi-
ties have been observed. These include short fourth and
fifth metacarpals, positive metacarpal signs, Madelung
deformity, and a narrow carpal angle (Fig. 1) [9]. How-
ever, very few studies have analyzed the characteristics
of radiological hand parameters in patients with TS or
evaluated the early diagnostic value of these parameters
in TS. Therefore, we chose to develop a screening model

Fig. 1 Skeletal deformities of TS patients. A. short fourth and fifth metacarpals. B. positive metacarpal sign. C. Madelung's deformity
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using hand X-ray images, which was a necessary and sim-
ple examination method for TS, and TS has characteristic
feature in hand bones that could provide an abundance of
information.

In this study, we measured and analyzed radiological
hand parameters in 101 patients with TS and compared
them with those of a control group of 202 girls with short
stature and normal karyotypes. Combined with the dif-
ferential parameters of the case and control groups, we
evaluated their diagnostic value in TS. Furthermore, we
attempted to use an image-recognition model based on
deep learning to determine the role of hand X-ray images
in TS screening and recognition, which may have impor-
tant significance for the early diagnosis of this disease.

Subjects and methods

Study participants

This study was conducted at Shanghai Children’s Medical
Center, Shanghai Jiao Tong University School of Medi-
cine, Shanghai, China(Filing number: MR-31-24-010836,
https://www.medicalresearch.org.cn). The participants
were girls admitted to the hospital for short stature from
January 1, 2019, to December 31, 2022, each of whom
had completed chromosome karyotype testing. Based
on the clinical manifestations and karyotypes, we iden-
tified 101 patients diagnosed with TS. Here, considering
the difference in the ossification center at different ages
and the difference in bone size at different heights, we
conducted a case-control study in which we randomly
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1:2 matched age-and height-specific controls in girls
with normal karyotypes (n=202). In the control group,
we excluded children with intellectual disabilities, short
stature syndrome caused by single gene mutations, and
congenital malformations in other systems. All partici-
pants, due to their short stature, underwent complete
chromosome karyotype analysis during clinical diagnosis
and treatment. Informed consent was obtained from the
children and their parents. The study was approved by
the Institutional Review Board of the Shanghai Children’s
Medical Center (No. SCMCIRB-YSW]W2023008).

Hand X-ray feature evaluation

In this study, hand X-ray images were used to evaluate
the hand bone morphology. All X-rays were taken on the
left hand with the five fingers naturally separated and the
thumb and palm at a 30° angle. The axis of the middle
finger was aligned with the axis of the forearm, and the
source-image distance was constant (80 cm). To quantify
hand abnormalities, several radiological hand parameters
were measured independently by two physicians in the
Department of Radiology with more than 5 years of expe-
rience. The average values of the two observers for each
parameter were calculated for further analysis. Based on
the hand bone characteristics of TS, we focused on the
length of the metacarpals and changes in carpal space,
which include measurements of angles and heights.
The following parameters were calculated and observed
(Fig. 2).

Fig. 2 Demonstration of measurements performed on Hand X-ray of a patient. Parameters include: Capitate bone length (1), Metacarpal Il length (II),
Metacarpal IV length (Ill), Metacarpal V length (IV); Carpal height (V, the distance from the apex of Capitate to the Radius dome); The distance between

ulnoradial tangents (VI); Carpal angle (VII), Ulnar-Radial angle (VIIl)
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1. Bone length: capitate bone, third metacarpal bone
(metacarpal III), fourth metacarpal bone (metacarpal
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IV), and fifth metacarpal bone (metacarpal V).

N

Angle: Carpal angle (VII) (the angle between the
tangents of the scaphoid lunate bone and lunate-
deltoid bone) and ulnar-radial angle (VIII) (the angle

between the distal radius and ulna);

w

(VD)

-~

the distal radius.

S

Distance: the distance between ulnoradial tangent

Carpal height (V): distance between the base of the
third metacarpal and the subchondral bony cortex of

Carpal height ratio: value of dividing carpal height by

the length of the third metacarpal [10].

o

N

positive [12].

50-layers resnet

7*7 conv,64./2

maxpool,/2

Nattrass index: the value of dividing carpal height by
the length of capitate bone [11].

Positive metacarpal sign: If the line drawn along the
heads of the 4th and 5th metacarpals intersects with
the head of the 3rd metacarpal bone, it is considered

3*224*224

64*112%112,k=7,5=2,p=3

64*56*56 k=3,5=2,p=1
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Deep learning technique

We implemented medical diagnostic classification of
X-ray images using the ResNet50 network [13]. Next,
we provide a detailed description of our methodology
(Fig. 3).

Data set and data pre-processing

We selected a dataset consisting of 202 nondiseased and
101 diseased X-ray images for the deep learning network.
To ensure the generalizability of the model, we randomly
split the dataset into 55% for training, 15% for validation,
and 30% for testing. The input image size for ResNet50
was 224x224 x3, whereas the acquired X-ray images
had nonuniform sizes. Thus, we employed image resizing
and normalization techniques to conform to the input
requirements of a deep learning network. Owing to the
limited data quantity and variations in hand position-
ing in X-ray images, we also applied data augmentation
techniques, such as random horizontal and vertical flip-
ping, random rotation, and random zooming, to increase
the size of the training set and reduce overfitting. The
selection of these specific augmentation techniques was
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Fig. 3 The deep learning network structure based on a modified version of ResNet50. The network input size is 3*224*224, where 3 represents the
number of channels and 224*224 represents the image size. The convolution calculation for each layer is shown in the diagram to the right of each
convolution kernel, such as "64*112*112, k=7, s=2, p=3", where 64 represents the number of feature channels, 112*112 represents the feature size,
k represents the convolution kernel size, s represents the convolution stride, and p represents the padding around the feature. The symbol “/2"in the
diagram represents downsampling, which reduces the output feature size by half. There are a total of 50 layers in ResNet50, with the same bottlenecks

shown schematically in the diagram
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based on their commonality and effectiveness in image
data augmentation. For instance, data flipping simulated
the effects of mirror reflection, while data rotation simu-
lated different shooting perspectives. Changes in bright-
ness simulated images under various lighting conditions,
which was particularly important for improving the mod-
el’s performance in different environments.

Network

We used the ResNet50 deep neural network architecture,
which has shown excellent performance in various com-
puter-vision tasks. We replaced the last fully connected
layer of ResNet50 with a new layer with two output neu-
rons corresponding to the two disease classes.

Training

We trained the ResNet50 model on the training set using
the stochastic gradient descent optimizer with a learning
rate of 0.00001, batch size of 32, and categorical cross-
entropy loss function. We trained the model for 100
epochs and saved the model weights with the best perfor-
mance on the validation set.

Evaluation

We evaluated the trained model using the test set and
calculated the accuracy, precision, recall, and F-score for
each disease class. We also generated a confusion matrix
and calculated the area under the receiver operating
characteristic curve for each disease class.

Statistical analysis

For descriptive analyses, continuous variables are sum-
marized as mean *standard deviation (SD) or median
(interquartile range, IQR), and categorical variables are
presented as frequencies and percentages. Comparisons
of basic characteristics among groups were analyzed
using the Mann-Whitney U test for skewed continuous
variables, Student’s t-test for normally distributed con-
tinuous variables, and the Pearson Chi-square test for
categorical variables. Receiver operating characteristic
(ROC) curves for the parameters were plotted and the
area under the curve (AUC) was measured. In addition,
we used deep learning networks to analyze the images
and attempt to establish predictive models. All statisti-
cal analyses were performed using SPSS 25.0 (SPSS Inc.,
Chicago, IL, USA) and the ResNet50 network, and sta-
tistical significance was set at two-tailed p <0.05. And in
our study, to ensure matching between the control group
and the experimental group in terms of age and height,
we used SPSS software to carry out the matching process.
The matching functionality of SPSS software allowed us
to make precise pairings based on the statistical distribu-
tion of these variables, ensuring comparability between
the two groups.
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Results

Karyotypes distribution

A total of 101 girls were enrolled in the TS group, includ-
ing those with monosomy X (45, X, n=52), mosaicism
(45, X/46, XX, n=12; mosaicism with triple X, n=3;
mosaicism with Y chromosome, n=1), deletion (partial
deletion of one X chromosome, n=23), and X isochro-
mosome (n=10) (Fig. 4). The karyotypes of all girls in
the control group were 46, XX. There were no signifi-
cant differences in age or height between the two groups
(Table 1).

Characteristics of hand X-ray parameters

According to the measurement and statistics of the
radiological hand parameters, the length ratio of meta-
carpals IV and III, carpal angle, and ulnar-radial angle in
the TS group were lower than those in the control group
(0.86 vs. 0.88°, p=0.002; 125.27°vs. 129.26°, p=0.002; and
167.76°vs. 173.08°, p<0.001, respectively) (Table 1). The
distance between the ulnoradial tangents was greater in
the TS group than in the control group (0.25 vs. 0.00,
p<0.001) (Table 1).

Based on the ROC analysis, we found that the AUC
length ratio of metacarpal IV and metacarpal III
(Fig. 5A, AUC=0.638), distance between the ulno-
radial tangents (Fig. 5B, AUC=0.661), carpal angle
(Fig. 5C, AUC=0.626), and ulnar radial angle (Fig. 5D,
AUC=0.699) had diagnostic value for TS. Furthermore,
we determined the sensitivity and specificity of the four
parameters for different cutoff values (Table 2).

Sensitivity and specificity of single hand X-ray parameters
The appropriate cutoff value of the ulnar-radial angle
(VIII) was 170 °when Youden’s index reached a maxi-
mum value of 0.277, and the sensitivity and specific-
ity were 66.34% and 61.38%, respectively (Table 2). This
suggests that the possibility of Turner syndrome should
be further considered when the ulnar radial angle is less
than 170 °on the radiogram of a girl with short stature.
As a screening indicator, the cut-off value of the carpal
angle was 130 °, and high sensitivity and specificity were
obtained, with 73.42% and 41.67%, respectively.

Analysis of deep learning models

The network performance was tested on 30% (90 303) of
the images that were not used for training. The metrics
used were accuracy (proportion of successful classifica-
tions), sensitivity (recall, proportion of positively labeled
images that were classified correctly), and specificity
(proportion of correctly classified negative images). The
ensemble model, which was averaged over the output of
multiple networks, showed a confusion matrix result with
an accuracy of 78.89%, specificity of 76.67%, and sensitiv-
ity of 83.33% on the test images (Fig. 6A). The ROC curve
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TS gruop (N=101)

Fig. 4 Type and frequency of chromosome abnormalities in TS group

is shown in Fig. 6B, showing the relationship between the
false positive rate and the true positive rate for different
classification threshold values; the AUC was 0.865. Fig-
ure 6C presents the precision-recall curve, which shows
a similar tradeoff between precision (proportion of posi-
tively classified images that were correctly classified) and
recall, with an AUC of 0.794. Both figures show the broad
range of thresholds for which both high-performance
metrics are attainable. In addition, the binary decision of
whether a patient has TS is based on an activation score
between 0 and 1 output by the network, corresponding
to the probability that the network assigns to the positive
label. We generated a histogram of these scores (Fig. 6D)
and observed that the most correctly classified points
accumulated at the edges, whereas the incorrectly classi-
fied images were more spread out along the X-axis.

Discussion

In this study, we summarized the hand skeletal charac-
teristics of TS by measuring and analyzing radiological
parameters from hand radiographs. Through case-con-
trol studies, we found that certain characteristic param-
eters can be used as indicators for TS screening in girls
with short stature. Therefore, we developed an algorithm
for automatic TS screening based on artificial intelligence
and deep learning that mainly focuses on hand X-ray
image features.

Previous studies have described radiological abnor-
malities of the hand in Turner syndrome and discussed
the diagnostic value of this disease [2, 10, 14]. To ensure
there were no differences in age and height between
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the two groups, we conducted a case-control study that
ensured that the X-ray images between the two groups
were not affected by these factors. Our study evaluated
hand X-ray features based on the bone length, length
ratio, angle, and tangential distance. For bone length,
shortness of metacarpals IV and V is one of the features
of TS that can be reflected by the metacarpal sign [15].
On a normal radiograph of the hand, a line was drawn
at the tip of metacarpal IV and metacarpal V. The distal
end of this line was beyond the tip of the third meta-
carpal bone and the metacarpal sign was negative. This
sign is positive in some patients with TS due to the short
metacarpal bone. Park et al. found that the positive rate
of metacarpal signs in the TS group was 33.8%, based on
the analysis of hand radiographs of 81 patients with TS
[12]. In the present study, this proportion was 21.78% and
8.41% in the TS and control groups, respectively. How-
ever, in some cases, when patients with TS have only a
short metacarpal V, the metacarpal sign can also be nega-
tive. Therefore, it is not appropriate to use only the meta-
carpal sign to evaluate metacarpal shortness in patients
with TS [15]. Therefore, in this study, we measured the
lengths of metacarpals III, IV, and V in all individuals in
the TS and control groups and calculated the length ratio
of metacarpals IV and III and the length ratio of meta-
carpals V and III. Surprisingly, there were no statistically
significant differences in the lengths of metacarpals III,
IV, and V between the two height-matched groups. The
length ratio of metacarpal IV to metacarpal III was lower
in the TS group than that in the control group (0.86 vs.
0.88, p=0.002). This result indicated that shortening
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Table 1 Hand X-ray features evaluation in TS patients and
matched controls

Characteristics TS (n=101) Controls Sta- p-value
(n=202) tistics
T/Z/Y?
Age (months) 103.31+£30.89 10254+32.34 -0.196 0.841
Height (SD) -2.16(0.19) -2.18(0.16) -0.204 0.838
Length(cm)
Carpal bone 1714033 1.64+034 -1.340 0.181
Metacarpal Il 4.11+0.73 4.09+0.83 -0.143 0.887
Metacarpal IV 3.51+0.65 3.57+0.76 0.648 0518
Metacarpal V. 329+0.59 3.28+0.71 -0.184 0.854
Carpal height  2.51+0.28 248+0.30 0419 0419
Length ratio
Metacarpal IV/  0.86(0.04) 0.88(0.04) -4.080 0.002
Metacarpal lll
Metacarpal V/  0.80(0.05) 0.80(0.05) -0.760 0439
Metacarpal Ill
Distance (cm)
Between 0.25(0.39) 0.00(0.23) 4797  <0.001
ulnoradial
tangents
Angles (°)
Carpal angle 125.27+9.66 129.26+8.76 -3.151 0.002
Ulnar-Radial 167.76+6.89 173.08+7.13 6201 <0.001
angle
Carpal height 0.61+0.09 0.62+0.11 0.459 0.459
ratio
Nattrass index 145+0.22 1464022 0513 0.608
Positive metacar- 17/202(8.41%) 22/101(21.78%) 10.727 0.001

pal sign
Bold indicates p <0.05
Mann-Whitney tests were used for skewed continuous variables

T tests were used for normally distributed continuous variables
X? tests were used for categorical variable

of metacarpal IV relative to metacarpal V is frequently
observed in patients with TS.

The carpal and ulnar radial angles were also measured.
It has previously been reported that patients with TS have
relatively narrow carpal angles [16]. Neci¢ et al. evaluated
radiographs of the left hand in 17 patients with TS and 17
age-matched girls with constitutional short stature and
found no statistical difference in the carpal angle between
the two groups. The mean values for both groups were
almost identical (TS: 124.7° vs. control: 125.1°) [2], but in
the present study, the mean value of the carpal angle in
the TS group was significantly lower than that in the con-
trol group, with a statistical difference (TS 125.27°+9.66°
vs. control 129.26°+8.76°, p=0.002). When the carpal
angle cut-off point was 120°, although the sensitivity
decreased to 34.18%, the specificity was 84.62%. This
suggests that when reading the wrist radiographs of girls
with short stature, TS should be further considered if the
carpal angle is <120 °. Madelung deformity is a specific
skeletal abnormality associated with TS [17]. The main
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change in this deformity is the short and curved radius,
with the wrist facing the volar and ulnar sides slanting.
To quantify this change, we measured the ulnar-radial
angle (Fig. 1) and the distance between ulnoradial tan-
gents (Fig. 1). When the ulna and radius were in the same
horizontal plane, the ulnar-radial angle was 180° and the
distance between the tangents was 0 cm. In our study, the
mean value of the ulnar-radial angle in the TS group was
only 167.76°, and the median distance between ulnoradial
tangents reached 0.25 cm, both of which were statisti-
cally different from those in the control group. Tauber
et al. found that the greater the value of this parameter,
the greater the height gain after growth hormone treat-
ment, which was not evaluated in our study [14]. Our
study showed that when the cutoff value of the distance
between the ulnoradial tangents was 0.40 cm, the speci-
ficity reached 92.57%, suggesting that this sign is clini-
cally significant in diagnosing TS. For the ulnar- radius
angle, according to the ROC analysis, the maximum
value of Youden’s index was obtained when the cut-off
value was 170°, with a sensitivity of 66.34% and specificity
of 61.38%. These findings suggested that clinicians should
have considered the diagnosis of Turner syndrome and
conducted relevant assessments when they encountered
short girls with a distance between the ulnar-radial tan-
gents exceeding 0.40 cm or an ulnar-radius angle less
than 170°.These measurements can be completed in an
outpatient clinic, potentially reducing the missed diagno-
sis rate of TS.

In recent years, with the widespread application of
artificial intelligence technology in the field of biomedi-
cine [18, 19]. Because the screening index of TS cannot
achieve good results using any of the above parameters
alone, we attempted to establish a better screening model
using artificial intelligence image recognition, which
achieves the comprehensive efficiency of the joint predic-
tion of multiple parameters. We developed a deep learn-
ing model to classify hand X-ray images as patients with
TS or controls, achieving an accuracy of 78.89%, specific-
ity of 76.67%, and sensitivity of 83.33% on a test dataset.
In this dataset, the model made five false-negative and
14 false-positive judgments. We analyzed the reasons for
these errors from the perspective of age and karyotype.
From the perspective of age, false positives appeared at all
ages, but the error rate was the highest in the younger age
group (less than 60 months). The judgment of three-fifths
of the patients was false positives, which indicated that
the occurrence of false positives might be related to the
fewer ossification centers at the young age group, so there
were fewer identifiable features in the image (Fig. 7A). In
the TS group of the test dataset, the judgments of five
of the 30 patients were false negatives. By analyzing the
distribution of chromosome karyotypes, we found that
patients with haplotypes 45, X were all identified by our
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Fig. 5 A.ROC curves of the four parameters predictors of TS. ROC curve of length ratio of metacarpal IV and metacarpal lll. B. ROC curve of the distance
between ulnoradial tangents. C. ROC curve of the carpal angle. D. ROC curve of the ulnar-radial angle

model, while all five cases with incorrect judgments were
other karyotypes (three were 45, X/46, XX, one was 46,
XX, del (p.22.2), and one was 45, X/47, XXX) (Fig. 7B).
This indicates that haploid TS not only has more severe
clinical symptoms but also has more obvious features on
hand bone images. Our model efficiently and accurately
identifies patients with TS and haploid karyotypes. The
clinical scenario for this model was as follows: after a
short girl has her hand X-ray image taken, once the image

is uploaded to the model, the model will output a classifi-
cation result, which will indicate to the clinician whether
chromosomal karyotyping is necessary.

In recent years, the use of machine learning and deep
learning methods for the diagnosis and research of TS
has gained increasing attention. Existing studies have pri-
marily employed entire facial images as datasets [20-22].
Screening through facial images appeared to achieve
similar sensitivity and specificity as our study. However,



Wang et al. BMC Pediatrics (2025) 25:177

Page 9 of 12

Table 2 Sensitivity and specificity of different hand X-ray skeletal measurement parameters for predicting Turner syndrome

Parameters Cutoff Sensitivity,% Specificity, % Youden’s index PPV, % NPV, %
Length ratio of metacarpal IV and metacarpal Il 0.88 79.21 35.64 0.148 38.10 7742
0.86 5643 67.32 0237 46.34 75.56
0.84 29.70 86.13 0.158 51.72 71.02
Distance between ulnoradial tangents (VI) (cm) 0.10 70.29 5445 0.247 4356 7857
0.20 5445 70.29 0.247 47.82 75.53
0.30 37.62 82.18 0.198 5135 7249
040 21.78 9257 0.144 59.45 7030
Carpal angle (VII) (°) 130 7342 41.67 0.151 3893 75.59
125 58.23 62.82 0.211 44.23 74.81
120 34.18 84.62 0.188 5294 7173
Ulnar-radial angle (VIII) (°) 175 86.13 34.65 0.208 39.73 83.33
170 66.34 61.38 0.277 46.21 7848
165 30.69 88.11 0.188 56.36 71.78
160 16.83 97.52 0.144 77.27 70.10

PPV, positive predictive value; NPV, negative predictive value

from a clinical application perspective, obtaining hand
X-rays was more routine and did not involve patient pri-
vacy. From the perspective of classification techniques
and methodologies, we chosen Convolutional Neural
Networks (CNNSs), which strike a better balance between
performance and computational efficiency. CNN had
been widely applied and validated across various domains
and tasks, including medical image analysis [23]. In the
research on TS, Liu et al. utilized Convolutional Recur-
rent Neural Networks (CRNN) in deep learning, focus-
ing on learning facial image features of TS patients and
combining them with Support Vector Machines (SVM)
for the classification of TS [21]. Li et al. adopted methods
such as Support Vector Machines (SVM) and Principal
Component Analysis (PCA) to extract and analyze facial
image features, assisting doctors in the clinical assess-
ment of TS patients [22]. we will also compare the per-
formance merits and demerits of different deep learning
models in the future.

We will test this model in a clinical setting, expand the
dataset, and optimize its performance. We plan to use
this model to classify karyotypes of patients with TS. In
summary, we believe that this model can provide clini-
cians with risk tips for Turner’s during outpatient visits
for girls with short stature to achieve early diagnosis.

Study strengths and limitations

This study provides measurement data of hand bone
parameters of 101 patients with TS from a single cen-
ter and proposes four parameters that have implications
for diagnosing TS. These results suggest that doctors
should not only determine bone age, but also focus on
areas of possible skeletal abnormalities when view-
ing hand X-rays. We also developed a deep neural net-
work that can reliably and rapidly identify patients with
TS. The clinical data used were only hand X-rays, which

are beneficial for inexperienced doctors and poor areas
to identify potential patients with TS and to reduce the
rates of missed and misdiagnosis.

Our study has a few limitations. First, all images were
obtained from our single center and were retrospective,
which may introduce certain biases. In the future, we will
conduct prospective validation of the model in a multi-
center cohort and optimize the model based on the val-
idation results. Second, the age of the enrolled patients
was concentrated between 4 and 13 years, making it dif-
ficult to determine whether the current model is suitable
for younger children, which is important for decreasing
the diagnostic age. At the same time, we can conduct lon-
gitudinal follow-up of enrolled participants to analyze
the changes in hand bone characteristics of TS patients
with age. In future research, it will be necessary to use
a large number of hand X-ray images from different age
groups for analysis to optimize the model and achieve
a more convincing objective result. By this method, we
can also obtain data from patients with various types of
chromosomal karyotypes. Although deep learning mod-
els can achieve higher accuracy, they remain a black box
at present, and further research is required on the rela-
tionship between the image features of hand X-rays and
diseases. At the same time, we acknowledge the limita-
tions of building the model solely based on hand X-rays.
In the future, we could adopt a multimodal approach,
incorporating blood markers and facial photographs, to
build the model, believing that it would yield more accu-
rate results. However, currently using hand X-rays as the
input information has strong clinical applicability and is
easy to promote. Using deep learning, we can determine
whether hidden and undiscovered features are strongly
correlated with diseases. Finally, the model tended to use
hand X-rays to identify potential patients with TS, par-
ticularly girls with short stature. However, this method
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Fig. 6 Performance of the model. A. Confusion matrix of the classification. True positive rate (TPR) at the bottom right corner, True negative rate (TNR) at
the top left corner, false positive rate (FPR) at the top right corner, and false negative rate (FNR) at the bottom left corner. B. ROC curve. The curve shows
the relation between TPR and FPR as the threshold of the separation between positive and negative classification is varied. C. Precision-recall curve. Shows
the relation between precision and recall. D. Classification score histogram. Every image is scored on a scale between 0 and 1 with threshold of 0.5, seen
as a dashed line, such that all images with a higher score will be classified as positive for TS and images below as negative
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B. Chromosome karyotype distribution of TS group in test dataset
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Fig.7 Analysis of the causes of errors in test dataset prediction results. A. Age distribution of TR, TN, FP and FN. B. Distribution of chromosome karyotypes

with TP and FN in the TS group

cannot directly provide a final diagnosis, which depends
on further genetic testing.

Conclusion

The hand bone parameters of patients with TS differed
from those of girls with normal karyotype. The signs
on hand X-ray films have suggestive significance for the
diagnosis of Turner syndrome, and the main parameters
include the length ratio of metacarpal IV to metacarpal
I11, distance between ulnoradial tangents, carpal angle,
and ulnar-radial angle. The image recognition model
based on deep learning can effectively distinguish the
hand X-rays of patients with TS and controls, and may
serve as an accurate and fast way to screen for TS.
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