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Deep learning-assisted
segmentation of X-ray images

for rapid and accurate assessment
of foot arch morphology

and plantar soft tissue thickness

Xinyi Ning?, Tianhong Ru?, Jun Zhu3, Longyan Wu?3, Li Chen?*, Xin Mal24* &
Ran Huang®35*

The morphological characteristics of the foot arch and the plantar soft tissue thickness are pivotal

in assessing foot health, which is associated with various foot and ankle pathologies. By applying
deep learning image segmentation techniques to lateral weight-bearing X-ray images, this study
investigates the correlation between foot arch morphology (FAM) and plantar soft tissue thickness
(PSTT), examining influences of age and sex. Specifically, we use the DeepLab V3+ network model

to accurately delineate the boundaries of the first metatarsal, talus, calcaneus, navicular bones, and
overall foot, enabling rapid and automated measurements of FAM and PSTT. A retrospective dataset
containing 1497 X-ray images is analyzed to explore associations between FAM, PSTT, and various
demographic factors. Our findings contribute novel insights into foot morphology, offering robust
tools for clinical assessments and interventions. The enhanced detection and diagnostic capabilities
provided by precise data support facilitate population-based studies and the leveraging of big data in
clinical settings.
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In daily activities, the foot, as a biomechanical structure, bears the body weight and plays a crucial role in human
locomotion. When standing or walking, the ground reaction force applied to the foot can reach 1.2 times body
weight, escalating to 2.5 times during more strenuous activities like running and jumping, the distribution and
magnitude of the plantar pressure significantly influence foot health!. The human foot’s bony structure, liga-
ments, and plantar soft tissues undergo elastic deformation due to inherent skeletal morphology differences and
external forces during movement. This deformation collectively determines the distribution of plantar pressure.
Different regions accumulate varying stress over time, resulting in distinct deformations, reflected specifically
in changes in foot arch morphology (FAM) and plantar soft tissue thickness (PSTT)2 Consequently, alterations
in FAM and PSTT further impact the force direction and balance, thereby affecting foot health®. Therefore, the
characteristics of FAM and PSTT are two vital factors extensively attended to by clinicians.

The FAM is defined by multiple indices and serves as a key indicator in clinical evaluation of various foot
pathologies. For instance, the diagnosis of flatfoot and high-arch feet primarily relies on foot arch height*, which
is determined by the curvature of the longitudinal arch and transverse arch, and influences foot stability, shock
absorption, and propulsion efficiency®. Radiographic imaging is usually used to evaluate the foot morphology
under weight-bearing conditions when evaluating foot deformity clinically®. Particularly, weight-bearing lateral
X-rays of the foot are considered the gold standard for diagnosing progressive collapsing foot deformity” and for
assessing medial longitudinal arch characteristics®.
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The PST is subjected to the highest mechanical loads in the human body and has developed unique properties
over time to accommodate these demands. These include wear resistance, pressure tolerance, and the limita-
tion of interlayer displacement. Functionally, the PST supports weight, absorbs and cushions impacts from the
ground, and maintains body balance and stability®'°. It consists of complex structures such as skin, adipocytes,
fascial layers, and muscles'. Variations in PSTT can influence the distribution of plantar pressure and the overall
biomechanical behavior of the foot. Clinical observations and statistical data indicate that PST degeneration is
linked to many common foot and ankle disorders, particularly in elder adults. Such degeneration may lead to
pain and contribute to conditions like metatarsalgia, plantar fasciitis, hallux valgus, and complications in diabetic
foot conditions'>-%.

While FAM and PSTT are common indicators for evaluating foot health clinically, the evaluation methods
exhibit subjectivity and lack standardized criteria. In clinical practice, doctors typically manually annotate and
measure radiological imaging results to assess FAM, focusing on parameters such as the calcaneal pitch angle
(CPA) and the talo-first metatarsal angle (TMA or Meary’s angle) to diagnose conditions like flatfoot and high
arches'®. However, these angles can be measured using approximately four to six different methods®, and there
is no standardized approach for defining and measuring arch height. Additionally, these manual measurements
are time-consuming for practitioners.

Worse still, detecting variations in PSTT presents significant challenges due to its individualized nature,
influenced by age, sex, diseases, and lifestyle factors?*%. Ultrasound has emerged as the primary method for
assessing PSTT due to advancements in technology®*-**. Additionally, the development of computer technology
and advanced medical imaging techniques has facilitated the use of visual image processing, including deep
learning and artificial intelligence, in foot medical imaging?®-?%. Despite these advancements, there remains a
gap in analyzing the correlation between PSTT and factors such as sex, age, and footwear habits, particularly in
studies utilizing large datasets for comprehensive statistical analysis. Moreover, the scarcity of medical data has
hindered investigations into the correlation between foot skeletal structure and PSTT across large data volumes.
Consequently, prior research has yielded inconsistent and inconclusive results regarding the relationship between
FAM and PSTT, with limited examination of the impact of demographic factors. Exploring these associations is
essential for precise and efficient foot health assessment, enhancing understanding of foot biomechanics, aiding
in disease prevention and rehabilitation, and informing footwear and orthotic design.

Methods

To address the aforementioned challenges, our study amassed a substantial dataset of weight-bearing lateral foot
X-ray images, a type for which there is currently no publicly available dataset. A set of 1497 images is retrospec-
tively collected from the foot and ankle database of Huashan Hospital (Shanghai, China) spanning the last dec-
ade, with the personal info anonymized and ethic review approved. Utilizing deep learning image segmentation
techniques, we preprocessed these images by adjusting grayscale, removing noise, and normalizing the images,
enhancing the model’s robustness, stability, and accuracy?. We then trained a deep neural network to perform
precise segmentation of the first metatarsal (FM), talus (TA), calcaneus (CA), navicular (NAVI) bones, as well
as the overall foot boundary. This approach enabled automated, standardized, and batch processing for precise
computations of FAM and PSTT, thereby yielding significant time and cost efficiencies.

Our study focuses on analyzing the homogeneity and heterogeneity within large datasets, employing data-
driven methods to identify patterns of similarity and dissimilarity across population groups. We specifically
explored the correlation between FAM and PSTT among diverse demographic groups. Section “Methods” details
the methodology, including data sourcing, dataset composition and preprocessing, development of deep learning
image segmentation models, and evaluation metrics for FAM and PSTT. Section “Results” presents the results,
elaborating on the performance of the segmentation models, data outcomes for FAM and PSTT, and the correla-
tion analyses across different demographic groups. Section “Discussion” discusses the methodologies, results,
and hypotheses, concluding with a summary and future outlook of the research. The overall study workflow is
depicted in Fig. 1.

Human ethical statements

We confirm that all methods were carried out in accordance with relevant guidelines and regulations. We confirm
that all experimental protocols were approved by The Ethical Review Committee of Huashan Hospital, Fudan
University (HIRB). This is a retrospective study, all the images are provided anonymously, and this paper only
reports general statistical results over the dataset, therefore the informed consent was waived. This waiver was
approved by the Ethics Committee of Fudan University, ensuring compliance with ethical standards for the use
of pre-existing data where participant identification is not disclosed.

Dataset

The application of deep learning for image detection and segmentation requires a substantial dataset. Due to the
unavailability of public X-ray image datasets, we undertook a retrospective data collection to facilitate efficient
and cost-effective research. We compiled 1497 weight-bearing lateral full foot X-ray images from Huashan Hos-
pital’s foot and ankle imaging database, spanning from 2013 to 2022, involving 1098 patients. The data, stored
in DICOM file format®*?!, includes demographic details such as sex, age, and imaging timestamps. All data
samples were anonymized during processing and subsequent research phases to ensure privacy. Additionally,
to account for the developmental stage of children’s skeletons, we excluded samples from individuals under the
age of 14 years. The collection process also involved manual screening by foot and ankle surgeons to exclude
images from patients with skeletal or soft tissue foot defects, a history of foot ulcers, neurological joint diseases,
post-foot surgery conditions, and those unable to walk independently.
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Fig. 1. The overall workflow of this study.

The X-ray images were sourced from medical imaging devices produced by several manufacturers, including
GE, Canon, Philips, CARESTREAM, and KODAK. These devices capture images with an average pixel spacing
of approximately 0.14 mm/pixel. The X-rays are collected as grayscale images with a depth of 16 bits, and the
resolution of these collected images ranges from 1010 to 4260 pixels in length (columns) and 965-4259 pixels
in width (rows). For visualizing and processing the X-ray images, we employed the PyDicom library, a medical
image processing tool, to parse DICOM files and convert the X-ray grayscale images into JPG format for easier
handling®?. Table 1 presents the basic information of these data samples. In this study, each X-ray image is treated
as an individual data sample. This includes both left and right foot X-ray images of the same patient and multiple
images taken from the same patient over the past decade, without filtering for duplicate individuals in the dataset.

Image preprocessing

From the dataset, 220 images were randomly selected and divided into training, validation, and testing sets, with
180, 20, and 20 images respectively. Under the supervision of foot and ankle surgeons, these images were manu-
ally annotated for precise boundary delineation of the entire foot and the four bone structures: FM, TA, CA,
and NAV], using the LabelMe library. These annotations served as the ground truth for model training®. Once
the model’s accuracy and generalization were confirmed, it was applied to all sampled images to automatically
calculate metrics related to FAM and PSTT. This facilitated large-scale data analysis to investigate the factors
influencing these measurements.

Additionally, to enhance the robustness and generalization capability of the model, we employed the Contrast
Limited Adaptive Histogram Equalization (CLAHE) algorithm for contrast enhancement®, and converted the
16-bit X-ray image into 8-bit images with sufficient contrast. Subsequently, image normalization is performed
to reduce differences in brightness and contrast, mitigating the model’s susceptibility to outliers or extreme pixel
values. Next, in order to reduce computational complexity and memory usage, we utilized the bilinear interpo-
lation method® for resizing the original images to a unified size of 384 x 576 pixels as input for the model, and
ensured that the key semantic information in the images was preserved. Figure 2 illustrates an example weight-
bearing lateral foot X-ray image.

Deep learning image segmentation model

In our selection of deep learning network models, for the task of calcaneus (CA) segmentation, we evaluated
four widely used models in medical image segmentation: FCN*, U-Net”, SegNet*, and DeepLab V3+*. Due to
the optimal performance of the DeepLab V3+ model, we chose it for automatic image segmentation. To enhance
robustness and accuracy, we constructed five independent DeepLab V3+ segmentation models, one for the entire
foot boundary and one for each of the four bone boundaries (FM, TA, CA, NAVI). Each model was trained sepa-
rately to optimize parameters. The input image dimensions were standardized to 384 x 576 pixels, and outputs
were binarized using the sigmoid function . To ensure reproducibility, all training runs were conducted with
fixed seed settings. PyTorch was used for model construction and training, with parameters as follows: Adam
optimizer?!, learning rate is set to 107, batch size is set to 4, epoch is set to 20. The environment and versions
are macOS Ventura 13.2.1, 4-cores CPU, 16 GB RAM, PyTorch version 1.8. For the loss function and evaluation
metrics, we selected the Dice coeflicient and Intersection over Union (IoU). The Dice coeflicient is particularly
sensitive to small targets, making it ideal for precise segmentation of smaller anatomical structures, while IoU
is well-suited for large target detection and segmentation tasks. Therefore, we utilized Dice loss for training to
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Age group Sex 2013 | 2014 | 2015 |2016 |2017 |2018 |2019 |2020 |2021 2022 All years
Male 3 0 1 5 20 9 11 7 19 14 89
[14,20] Female |1 0 0 4 11 3 9 10 7 7 52
Total 4 0 1 9 31 12 20 17 26 21 141
Male 7 0 6 8 25 19 38 25 14 7 149
[21,30] Female |2 0 1 4 22 36 15 11 14 10 115
Total 9 0 7 12 47 55 53 36 28 17 264
Male 1 0 1 0 13 28 29 21 28 21 142
[31,40] Female |4 0 1 0 14 23 19 15 28 14 118
Total 5 0 2 0 27 51 48 36 56 25 260
Male 1 2 0 1 11 20 13 14 18 6 86
[41,50] Female |2 0 0 6 14 31 15 11 28 3 110
Total 3 2 0 7 25 51 28 25 46 9 196
Male 0 0 0 6 17 11 3 4 26 7 74
[51,60] Female |6 1 4 8 30 22 33 21 33 19 177
Total 6 1 4 14 47 33 36 25 59 26 251
Male 1 0 0 3 7 10 11 8 9 13 62
[61,70] Female |2 2 3 13 53 40 35 14 34 13 209
Total 3 2 3 16 60 50 46 22 43 26 271
Male 0 0 0 0 6 7 3 0 3 0 19
[71,80] Female |4 0 0 0 10 13 12 7 18 13 77
Total 4 0 0 0 16 20 15 7 21 13 96
Male 0 0 2 0 0 4 1 0 2 1 10
[81,87] Female |0 0 0 0 0 3 0 0 5 0 8
Total 0 0 2 0 0 7 1 0 7 1 18
Male 13 2 10 23 99 108 109 79 119 |69 631
All ages Female |21 3 9 35 154 171 138 89 167 |79 866
Total 34 5 19 58 253 279 247 168 286 148 1497

Table 1. Statistical information of data samples.

(d)

©
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Fig. 2. A weight-bearing lateral foot X-ray image and manually annotated ground truth: (a) the original
grayscale image parsed from the DICOM file serves as the input to the model; (b) the manual labeling results
using the Labelme library, stored as a JSON file; (c)-(g) the boundaries of the entire foot, FM, TA, CA and
NAVTI bones obtained from parsing the JSON file. Here, for visual clarity, these label boundaries are overlaid on
the original image for visualization, though each labeled image is actually a binary black-and-white image; (h)
visualization of various labeled images with different pixel values overlaid on one image.

optimize our model’s ability to detect small variations, and employed IoU as the evaluation metric to assess the
overall accuracy and integrity of the segmentation across larger areas*.

Additionally, in the test set, in rare extreme cases where X-ray images contained high-intensity artifacts, the
model might misclassify noise and contamination during segmentation. Therefore, post-processing was applied
to the segmentation masks using the DBSCAN algorithm for clustering®. This step retained the largest clustered
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area as the target region and set the values of smaller misclassified noise regions to 0, eliminating interference
in subsequent tasks such as extracting bone axes and calculating PSTT.

Calculation and evaluation of FAM and PSTT indicators

In this study, we focused on three primary descriptors of FAM as advised by foot and ankle surgeons: the angle
between the axes of the first metatarsal and the talus (“angle-fm-ta”), the inclination of the calcaneus axis relative
to the plantar surface (“angle-ca-plantar”), and the longitudinal arch height (LAH). Additionally, we measured
PSTT at the forefoot and rearfoot regions.

To calculate the “angle-fm-ta” and “angle-ca-plantar” in weight-bearing lateral foot X-ray images, we first
applied the Principal Component Analysis (PCA) algorithm® to determine the principal axes of the segmented
FM, TA, and CA bones. We then calculated the angle between the principal axes of the FM and TA to determine
the “angle-fm-ta” This method mirrors the standardized manual angle measurements performed by surgeons
using X-ray reading software, reducing subjective variability. The “angle-ca-plantar” was defined as the angle
between the main axis of the CA (which derived by PCA) and the horizontal plane, as suggested by surgeons.

For the calculation of LAH, we identified the center of the NAVI bone based on the PCA algorithm and
defined it as the distance from the NAVI bone center to the median of the PST boundary points on the forefoot
and rearfoot. Figure 3 displays schematic diagrams of these measurements for both the left (a) and right feet (b).
Notably, here we stipulated that the “angle-fm-ta” is the angle between the FM axis and the TA axis, potentially
resulting in angles greater than 180°.

We also measured PSTT by calculating the distance from the lowest boundary point of the FM to the foot’s
lower border directly beneath it, denoted as the forefoot PSTT (arrow A in Fig. 3). Similarly, the rearfoot PSTT
was measured from the lowest point of the CA to the foot boundary beneath it (arrow B in Fig. 3).

For comparative analysis, we calculated the foot length (FL), defined as the distance between the outermost
points of the toe and heel, marked by a red line in Fig. 3. The LAH and PSTT values were then normalized by
dividing by the FL, resulting in normalized indicators: normalized LAH, normalized forefoot PSTT, and nor-
malized rearfoot PSTT.

Results

Image segmentation model results

In the model selection stage, the performance of four different models is compared and summarized in Table 2.
Among these, DeepLab V3+ demonstrated superior performance, particularly in detailed boundary segmenta-
tion and generalization capabilities.

Table 3 summarizes the performance of five segmentation model on the training, validation, and test set
respectively. It is observed that among the five segmentation tasks, the performance of the entire foot segmenta-
tion model is the best. Besides, all models demonstrate good performance and generalization, thereby avoiding
the issue of overfitting.

Figure 4 displays the automated segmentation results from a randomly selected image in the testing set,
detailing outcomes for the entire foot boundary and the FM, TA, CA, and NAVI bone regions (Fig. 4b-f). The
results demonstrate precise delineation of the foot outline and CA boundaries, underscoring the model’s efficacy.
However, minor discrepancies are observed in the segmentation of the FM, TA, and NAVI bones, due to the
complexities involved in segmenting these intricate structures. These challenges, akin to those encountered in
manual annotation by experienced surgeons, are demanding and time-intensive. Nonetheless, the overall model

@ ' )

Fig. 3. The schematic diagrams of the calculation of FAM and PSTT metric for (a) left foot and (b) right foot.

Segmentation network models IoU (train set) | IoU (validation set)
FCN 0.9437 0.9212
U-Net 0.9683 0.9577
SegNet 0.9338 0.9326
DeepLab V3+ 0.9728 0.9742

Table 2. Comparison of different segmentation models performance on the calcaneal dataset.
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Foot 0.0110 0.0110 0.0123 0.9938 0.9931 0.9884
First metatarsal 0.0214 0.0222 0.0241 0.9574 0.9567 0.9513
Talus 0.0297 0.0272 0.0302 0.9511 0.9589 0.9487
Calcaneus 0.0159 0.0153 0.0159 0.9728 0.9742 0.9731
Navicular 0.0341 0.0340 0.0361 0.9483 0.9472 0.9446

Table 3. Accuracy of DeepLab V3+image segmentation models.

®

Fig. 4. The segmentation results of a randomly selected image from the test set given by the models.

performance is satisfactory. Surgeons manually reviewed and validated the results, noting a high concordance
with actual bone boundaries. These discrepancies were considered negligible, affirming the model’s utility and
accuracy for FAM and PSTT analyses.

Furthermore, Figure 5 demonstrates the comparative effectiveness of using the DBSCAN method for
handling outlier data with artifacts. It is visually apparent that this method effectively rectifies errors in the
DeepLabV3+model.

Result of FAM analysis

Distribution of FAM characteristic indicators

Figure 6a—c show the statistical histogram of the angle-fm-ta, angle-ca-plantar, and the normalized LAH respec-
tively, obtained through automated calculations via image segmentation and PCA. It is evident from the figures
that the distribution of the angle-fm-ta is mainly concentrated around 180° (182.151°+ 11.433°), which is consist-
ent with the normal FAM in medicine. The angle-ca-plantar is mainly distributed around 12° (11.941°+6.169°),
but a small number of negative values are observed, which were subsequently diagnosed by orthopedic surgeons
as cases of flatfoot during further analysis. The mean and standard deviation of the normalized LAH are cal-
culated as 0.214 times FL and 0.034 times FL, respectively. Analysis of the coefficient of variation (angle-fm-ta

(b) ()

Fig. 5. (a) A sample image with artifacts; (b) the result provided by the foot segmentation model; (c) result after
post-processing using DBSCAN.
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Fig. 6. Statistical histogram of angle-fm-ta (a), angle-ca-plantar (b), and normalized LAH (c).
CV =0.063, angle-ca-plantar CV =0.517, normalized LAH CV =0.160) for the three metrics indicates that the
angle-fm-ta exhibits the highest stability across various samples.
Interrelationships among FAM characteristic indicators
As shown in Fig. 7, there is a strong correlation among the three characteristic indicators of FAM. The normalized
LAH exhibits a negative correlation with the angle-fm-ta (The Spearman correlation coefficient: r=— 0.9 and the
p-value is 0), while showing a positive correlation with the angle-ca-plantar (r=0.71, p=0). Subjects with larger
angle-fm-ta tend to have smaller angle-ca-plantar, and may even become negative in some cases. Additionally,
their normalized LAH tends to be lower. Such characteristics are associated with flatfoot conditions.
Relationship between FAM indicators and sex
Figure 8 illustrates the variations in the distributions of angle-fm-ta, angle-ca-plantar, and normalized LAH,
highlighting the influence of sex on these metrics. The data shows that the angle-fm-ta is generally higher in
females than in males. Additionally, there is a strong correlation among these three indicators; correspondingly,
the angle-ca-plantar and normalized LAH are both observed to be smaller in females compared to males. This
pattern underscores the impact of sex-specific anatomical differences on these foot arch morphology metrics.
Relationship between FAM and age
We categorized the age distribution of all collected samples into eight groups, ranging from 14 to 90 years old,
with the following brackets: [14-40], [41-50], [51-60], [61-70], [71-80], and [81-90]. This organization was
made after excluding samples from individuals under the age of 14. Figure 9a-c displays the box plots for the
distribution of three evaluation indicators of FAM across these age groups. The plots indicate that there is no
significant correlation between FAM and age, as the data distribution shows minimal variation among the dif-
ferent age categories.
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Fig. 8. Box plot of data distribution on the relationship between FAM indicators and sex: (a) angle-fm-ta; (b)
angle-ca-plantar; (c) normalized LAH.
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Result of PSTT analysis

Relationship between PSTT and sex

Table 4 presents the distribution of PSTT across all data samples, categorized by sex, displaying the mean thick-
ness for both the forefoot and rearfoot. There is a discernible difference in PSTT between these regions, averaging
approximately 0.5 mm. This specific measurement facilitates comparisons between PSTT beneath the FM and
CA. Such variability underscores the need for further exploration of regional PSTT differences within the foot.
Additionally, Fig. 10 illustrates the normalized distribution of forefoot and rearfoot PSTT by sex, indicating that
PSTT is generally thicker in males than in females, particularly in the forefoot.

Relationship between PSTT indicators and age
Table 5 summarizes the results of PSTT grouped by age. Due to the limitation of retrospective data collection, it
is not feasible to subjectively intervene in achieving a balanced distribution of sample sizes within each age group.
Figure 11a and b depict how normalized forefoot and rearfoot PSTT vary with age across groups, showing an
initial increase followed by a decrease in PSTT with advancing age. This pattern is influenced by developmental
factors in adolescents aged [14-20] and is potentially skewed by the small sample size of 18 in the [81-90] age
group, which may introduce outliers. Excluding these groups, the data show a more pronounced decrease in
PSTT among older adults, indicating thinner plantar soft tissues compared to middle-aged groups, especially in

All samples (n=1497)

Males (n=631)

Females (n=866)

Forefoot-PSTT (mm)

12.8805+2.6068

14.0523 £2.5535

12.0267 +£2.2947

Rearfoot-PSTT (mm)

10.8076+£2.4310

11.4765+2.5679

10.3202+2.2017

Mean-PSTT (mm)

11.8440+2.1701

12.7644 +2.1759

11.1734+1.9036

Table 4. The average result of plantar soft tissue thickness (with grouping by sex).
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Fig. 10. Data distribution on the relationship between PSTT and sex: (a) normalized forefoot PSTT; (b)

(a)

(b)

normalized rearfoot PSTT; (c) normalized overall PSTT.

[14, 20] (n=141)

[21, 30] (n=264)

[31, 40] (n=260)

[41, 50] (n=196)

Forefoot-PSTT (mm)

13.2146 £2.4205

12.9186 £2.4551

13.5027£2.7143

13.2508 £2.7411

Rearfoot-PSTT (mm)

10.6639+2.2916

10.4155+2.4788

10.9998 £2.3841

11.1176 £2.4706

Mean-PSTT (mm)

11.9393£2.0443

11.6670+2.0670

12.2512+2.2451

12.1842+2.3298

[51, 60] (n=251)

[61,70] (n=271)

[71, 80] (n=96)

[81, 90] (n=18)

Forefoot-PSTT (mm)

12.6175+2.5113

12.5189+2.5543

11.5688 £2.4482

12.7922+2.0918

Rearfoot-PSTT (mm)

11.2674+2.5158

10.6875+2.3187

10.1943 £2.3893

10.1995+1.5830

Mean-PSTT (mm)

11.9424+2.1814

11.6032+2.0552

10.8816 +2.0242

11.4959+1.5108

Table 5. The average result of plantar soft tissue thickness (with grouping by age).
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Fig. 11. Data distribution on the relationship between PSTT and sex: (a) forefoot and (b) rearfoot.

the heel area. Additionally, Fig. 12 illustrates the impact of sex on PSTT across age groups, with males generally
exhibiting thicker PSTT than females. This trend, consistent across most age groups, underscores the complex
interaction between age and sex in influencing PSTT.

Correlation between FAM and PSTT
The foot arch and plantar soft tissue play crucial roles in supporting body weight, absorbing pressure, and cush-
ioning impact forces, with their interactions leading to changes in FAM and PSTT. Based on clinical insights,
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Fig. 12. Box plot of data distribution on the relationship between overall PSTT and sex with age.
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we explored the associations between LAH and PSTT, the correlation between the angle-fm-ta and forefoot
degeneration, and the relationship between the angle-ca-plantar and rearfoot.

Figure 13 illustrates the data distribution and a linear regression analysis of the relationship between LAH
and PSTT across different sexes, using a comprehensive dataset. The Spearman correlation coefficient for males
is 0.472 (p-value <0.001), and for females, it is 0.488 (p-value <0.001). A unified linear regression line (brown
line) representing the entire sample indicates a correlation coefficient of 0.487 (p-value <0.001), demonstrating
the significant influence of arch height on PSTT across sexes. It can be seen that the smaller the value of normal-
ized LAH, the smaller the value of normalized Mean-PSTT, indicating that individuals with lower arches tend
to have relatively thinner PST.

Regarding the study relationship between the angle-fm-ta and forefoot PST degeneration, the correlation
grouped by sex are illustrated in Fig. 14. The bold blue line represents the overall data correlation. The over-
all trends for either males or females show a negative correlation (Males: r=— 0.352, p-value =0.0; Females:
r=-0.351, p-value=0.0; Overall: r=- 0.363, p-value=0.0). For samples with larger angle-fm-ta (greater than
180°), indicating with a flatter foot arch, there is a greater impact on the degeneration of the forefoot PST, result-
ing in a smaller forefoot PSTT.

Subsequently, we examined the relationship between angle-ca-plantar and rearfoot PSTT. The analysis indi-
cated a correlation between the angle-ca-plantar and the variation in thickness between forefoot and rearfoot
PSTT, denoted as “ca-fm PSTT diff” As shown in Fig. 15, there is a negative correlation between angle-ca-plantar
and this thickness differential, suggesting that a larger angle-ca-plantar increases the load on rearfoot tissues,
accelerating their degeneration relative to the forefoot and resulting in less disparity in tissue thickness (Males:
r=-0.376; Females: r =— 0.354; Overall: r = — 0.375; all p-values <0.001).

Statistical analyses were performed on different age groups to evaluate the impact of sex on three types of
correlations, as depicted in Figs. 16, 17, and 18. Again, the [14-20] and [81-90] age group was excluded. Apart
from a limited number of male samples in the [71-80] age group, the correlation trends across the other groups
align closely with the overall data patterns previously analyzed, showing minimal performance discrepancies.
Spearman correlation coeflicients for each group are detailed in the corresponding figures.

Discussion
In this study, the absence of publicly available datasets necessitated manual annotation to construct a dataset for
training deep learning models. Manual annotation, particularly of foot and ankle structures, is both costly and
labor-intensive. A total of 220 images were selected randomly for the segmentation models, based on the high
costs associated with annotation and the satisfactory performance of 180 training images. Despite random sam-
pling, a small proportion of images with noise artifacts were excluded from model training, potentially impacting
output accuracy and necessitating post-processing corrections using methods like DBSCAN.

Five DeepLab V3+segmentation models were developed to address various complexities associated with
segmenting the entire foot boundary and specific bone regions (FM, TA, CA, NAVI). The segmentation of
individual bones was challenging due to their interconnected and overlapping features in lateral X-ray images.

Correlation between LAH and PSTT by Sex
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Fig. 13. The data distribution and linear regression between LAH and overall PSTT (grouped by sex).
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Correlation between angle-fm-ta and Forefoot-PSTT by Sex
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Fig. 14. The data distribution and linear regression between angle-fm-ta and forefoot PSTT (grouped by sex).
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Correlation between LAH and PSTT by Sex and Age
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Fig. 16. The data distribution and correlation between LAH and overall PSTT (by sex and age).
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Fig. 18. The data distribution and correlation between angle-ca-plantar and ca-fm PSTT diff (by sex and age).

Manual annotation also presented difficulties due to the three-dimensional skeletal structures being projected
onto a two-dimensional plane, particularly for the talus where varus and valgus deformities cause overlaps. The
selection of which part to define as the boundary of the talus significantly impacts the calculation of its main
axis. After extensive experimentation with various labeling methods, foot and ankle surgeons determined that
the most accurate approach is to select the lower boundary of the projection of the talar roof as the upper edge,
and the talocalcaneal articular surface as the lower edge, ignoring any lateral protrusions. This method ensures
that the main axis results extracted by PCA align more closely with the actual anatomical structure. Despite these
complexities, the models generally produced satisfactory results.

Another aspect that merits discussion involves the evaluation indicators for FAM and PSTT. Clinically, the
talus-first metatarsal angle (also known as Meary’s angle) in a lateral standing position typically sees the inferior
talus oblique line extending through and being collinear with the first metatarsal axis, forming an angle of 0°,
or slightly lower than the first metatarsal axis. The definition of when the talus-first metatarsal angle is positive
or negative remains controversial, however in this work, the angle is specified as 180° for the collinear case.

This study also scrutinizes evaluation indicators for FAM and PSTT. The talus-first metatarsal angle (Meary’s
angle), observed when the inferior talus oblique line is collinear with the first metatarsal axis, is controversially
defined but specified as 180° for collinearity in this work. Clinically, FAM assessments often focus more on the
inclination of the calcaneus along its superior oblique line rather than the inclination angle of the calcaneus
axis (angle-ca-plantar). For clarity and simplicity in our analysis, and to better understand the trends and cor-
relations with various factors, we opted to use the calcaneal axis inclination angle as our evaluation index. The
superior calcaneal oblique line is typically drawn between two points: the first along the inferior surface of the
calcaneocuboid joint and the second along the anteroinferior aspect of the medial tubercle.

Regarding PSTT, while the forefoot primarily supports balance, the rearfoot aids propulsion and stability*.
The load-bearing and degenerative conditions of PST thus vary across different foot regions. In this study, PSTT
was specifically defined for the forefoot and rearfoot in lateral X-rays. Future research will necessitate a more
refined differentiation of plantar soft tissue regions to explore the anatomical and functional disparities further.

Lastly, challenges in data collection due to the retrospective approach limited the control over variables such
as sex and age and restricted access to extensive clinical data, impacting the ability to fully account for intergroup
differences. Future research will benefit from a larger and more diverse dataset to enable more comprehensive
conclusions. Additionally, further single-variable experiments are required to validate current findings and clarify
the influences of critical variables such as weight, BMI, footwear habits, activity levels, and medical history on
PSTT and other related variables.
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Conclusion

This study employed a retrospective collection of weight-bearing lateral foot X-ray images spanning a decade
to develop a deep learning segmentation model, specifically DeepLabV3+, for the automated and accurate
extraction of FAM and PSTT. The model was trained using a manually annotated dataset to achieve precise
segmentation of the FM, TA, CA, NAV], and the entire foot boundary. The PCA method facilitated the extrac-
tion of principal bone axes for FAM angle evaluations. This approach significantly enhances detection efficiency,
accuracy, and objectivity compared to traditional manual methods, providing a consistent and standardized
quantitative analysis tool for FAM and PSTT. Additionally, correlation analyses were conducted to assess the
influence of sex and age on FAM and PST'T, exploring intra-group trends and establishing a robust framework
for further studies on these demographic factors.

Despite the limitation of retrospective study, which poses challenges in controlling data balance across sex
and age groups and limiting access to extensive clinical and personal information, the methods developed here
to analyze FAM and PSTT using deep learning and data-driven approaches provide a solid foundation for further
theoretical and empirical investigations. This methodology not only facilitates enhanced assessments of foot
conditions like flatfoot and high arch but also contributes to clinical research, offering insights for personalized
medical interventions and footwear design to improve foot health and functionality. This research thus presents
a valuable tool for advancing medical and industrial applications in foot health management.

Data availability

The main data generated or analyzed to support the conclusion during this study are included in this published
article. The full datasets generated and/or analyzed during the current study are not publicly available due
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author on reasonable request.
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