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Introduction: Sarcopenia is a common age-related disease, defined as a decrease in muscle strength and function owing to reduced skeletal muscle. One way to diagnose sarcopenia is through gait analysis and foot-pressure imaging.

Motivation and research gap: We collected our own multimodal dataset from 100 subjects, consisting of both foot-pressure and skeleton data with real patients, which provides a unique resource for future studies aimed at more comprehensive analyses. While artificial intelligence has been employed for sarcopenia detection, previous studies have predominantly focused on skeleton-based datasets without exploring the combined potential of skeleton and foot pressure dataset. This study conducts separate experiments for foot-pressure and skeleton datasets, it demonstrates the potential of each data type in sarcopenia classification.

Methods: This study had two components. First, we collected skeleton and foot-pressure datasets and classified them into sarcopenia and non-sarcopenia groups based on grip strength, gait performance, and appendicular skeletal muscle mass. Second, we performed experiments on the foot-pressure dataset using the ResNet-18 and spatiotemporal graph convolutional network (ST-GCN) models on the skeleton dataset to classify normal and abnormal gaits due to sarcopenia. For an accurate diagnosis, real-time walking of 100 participants was recorded at 30 fps as RGB + D images. The skeleton dataset was constructed by extracting 3D skeleton information comprising 25 feature points from the image, whereas the foot-pressure dataset was constructed by exerting pressure on the foot-pressure plates.

Results: As a baseline evaluation, the accuracies of sarcopenia classification performance from foot-pressure image using Resnet-18 and skeleton sequences using ST-GCN were identified as 77.16 and 78.63%, respectively.

Discussion: The experimental results demonstrated the potential applications of sarcopenia and non-sarcopenia classifications based on foot-pressure images and skeleton sequences.
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1 Introduction

According to the 2021 population census data released by the National Statistical Office, people aged 65 years or older comprises 16.5% of Korean population (1). They are classified as an aging society according to United Nations standards. Thus, the average life expectancy is high, and according to the ‘OECD Health Statistics 2023’ published by the Ministry of Health and Welfare, the average life expectancy in Korea is 83.6 years, which is approximately 3 years greater than the OECD country average of 80.3 years. Therefore, health problems among the older adults have emerged as an important issue. In the 8th amendment to the Korean Standard Disease Sign Classification in 2021, sarcopenia was recognized as a disease, and the disease code (M62.5) was attributed to it.

Sarcopenia is a disorder in which skeletal mass, muscle mass, and function steadily decline owing to aging, inactivity, poor diet, and chronic illnesses (2, 3). The International Working Group on Sarcopenia (IWGS), the Asian Working Group for Sarcopenia (AWGS), and the European Working Group on Sarcopenia in Older People (EWGSOP) have varying definitions of sarcopenia. The official organization EWGSOP describes sarcopenia as a widespread skeletal muscle illness that progresses over time (3–5). Although the definition of sarcopenia varies slightly across institutions, a loss of muscle mass and physical performance is generally indicated along with the possibility for major health complications in the absence of proper treatment (6, 7). The combination of strength, endurance, power, and coordination determines physical function, which is crucial for maintaining musculoskeletal health. A wide range of musculoskeletal disorders (MSDs), ranging from acute injuries such as fractures and sprains to chronic illnesses such as rheumatoid arthritis and osteoarthritis, can result from aberrant muscle function in addition to sarcopenia (8).

Physical function, multiple sclerosis, and sarcopenia are intricately linked. Many tests are currently being conducted for physical function evaluation and early identification of possible problems with MSDs and sarcopenia. The chair stand exam, the timed up-and-go test, and the gait speed test are some of these assessments (9, 10). However, these techniques have some drawbacks as they can be affected by the subjectivity of the measurer and patient variability (11). Research to create smart gadgets that use pressure sensors, inertial measurement units (IMUs), and artificial intelligence (AI)-based measuring techniques are underway to extract pattern data from patients’ daily lives and overcome these restrictions (11–13). Smart insoles are commonly used to monitor patients with MSDs, including sarcopenia, by using pressure sensors and an IMU. They are particularly helpful for monitoring movement, detecting falls, and assessing balance. The pose estimation approach is also widely used in sports and gait analysis (14, 15).

Pose estimation is a cutting-edge computer vision technique that uses deep-learning models to estimate important human body parts instantly and reliably (16). Accurate 2D or 3D pose estimation enables the tracking and detection of body joints (17, 18). The efficacy and accuracy of pose estimation are being compared to those of the VICON motion system (Vicon Nexus; Vicon Motion Systems Ltd., Oxford, England), which uses numerous cameras to capture extremely accurate 3D motions (19, 20). Medical research aggressively investigates the assessment of physical functions, including the quest for precise body position tracking, while AI analytical tools continue to progress (11, 12). These developments have the potential to significantly improve both the diagnosis and treatment of a wide range of medical disorders, as well as our comprehension of human movement.

In this study, we first collected skeleton and foot-pressure datasets to effectively analyze gait for an accurate diagnosis of sarcopenia. Skeleton-based representation and foot-pressure exertion on the pressure plates is one of the methods that can effectively represent dynamic changes in human body movements and is widely used in human action recognition. Second, we performed rotation and flipping augmentations on the foot-pressure dataset for enhanced sarcopenia classification performance.

Our contributions can be summarized as follows:

• We collected foot-pressure and skeleton datasets from various populations and classified them into sarcopenia and non-sarcopenia groups based on grip strength, gait performance, and appendicular skeletal muscle mass (ASM) estimation, using the AWGS standard (Chen et al.).

• We performed flipping and rotation augmentations on the foot-pressure dataset using the ResNet-18 model to increase classification accuracy.

• We performed experiments on a skeleton dataset using the spatiotemporal graph convolutional network (ST-GCN) and demonstrated the potential applicability of sarcopenia classification from video sequences.

The remainder of this paper is organized as follows. Related work is summarized in Section 2. The datasets used in this study and the proposed models are described in Sections 3. Section 4 presents the experimental results and discussion, and Section 5 presents the conclusion of the study.



2 Related works

Owing to the recent advancements in machine and deep learning, these technologies are at the forefront of healthcare innovation, garnering considerable attention for their transformative impact on the diagnosis of conditions, such as gait disorders. By harnessing the power of intricate algorithms and neural networks, machine and deep learning not only enhance the accuracy and efficiency of diagnostic processes but also hold the promise of uncovering nuanced patterns and correlations within complex medical data. This section discusses various aspects of machine-learning and deep-learning methods to detect sarcopenia.

In Asian countries, the AWGS, an expert group, initiated a study on sarcopenia diagnosis in 2014. They identified three key diagnostic factors: muscle mass, muscle strength, and physical activity (gait). These diagnostic standards were revised in 2019 to address the limited accessibility of medical equipment such as MRI, CT, DXA, and muscle mass measurement tools. As an alternative, they proposed the use of bioelectrical impedance analysis and introduced a new category called the ‘possibility of sarcopenia.’ This category is used when muscle strength is low despite normal physical activity. The criteria for diagnosing the ‘possibility of sarcopenia’ or sarcopenia include handgrip strength less than 28 kg for men or less than 18 kg for women, or a 5-time chair stand test taking longer than 12 s. Sarcopenia is diagnosed when both ASM and muscle strength are low according to the aforementioned criteria. Severe cases where all three criteria were met were classified as severe sarcopenia (Chen et al.).

Logistic regression is a potent statistical method for predicting the risk and onset of sarcopenia in aging populations. Logistic models combine several factors, such as age, sex, physical activity, and body composition, to determine a person’s risk of developing sarcopenia (21–23). A noteworthy work by Kaur et al. (21) showed that logistic regression could be used to assess frailty and sarcopenia. Even with undefined variables, their model was remarkably accurate in predicting outcomes with a 97.69% prediction rate. To predict sarcopenia, Agnes et al. (22) created a multi-logistic model that included important factors such as BMI and calf circumference. With 80% sensitivity and 70% specificity, this model has the potential to be a useful screening tool. Yin et al. (23) combined logistic regression and nomogram visualization to accurately predict the risk of individual sarcopenia, highlighting its clinical utility.

Ko et al. (24) used the Support Vector Machine (SVM) analysis of data from inertial measurement devices during walking to achieve 95% prediction accuracy. Similarly, Kim created prediction models for sarcopenia by utilizing a variety of algorithms, including SVM, with public health data. The SVM model outperformed the LightGBM approach (25), yielding an accuracy of 85.2% in this investigation. Seok and Kim (26) highlighted data limitations as one of the main constraints. Sufficient datasets are a prerequisite for model training. Further details on the sensitivity of SVM to feature selection are provided by Kang et al. (27). Choosing the right features is essential to obtain the best possible prediction accuracy for sarcopenia. Castillo et al. (28) identified an important interpretability issue by drawing attention to the fact that SVM models are usually viewed as “black-box” models, which makes it difficult to understand how the model arrives at its predictions.

To facilitate generalization, random forest (RF) employs a large number of decision trees, each trained on bootstrap samples containing random elements (26). Sarcopenia modeling appears to benefit from the application of machine learning. Using 17 risk indicators, Kang et al. (27) compared the performance of RF with those of other classifiers in a specific application. Although logistic regression outperformed the other models, the 2000-tree RF model found significant predictors. Yoon et al. (29) used RF to predict the risk of sarcopenia in patients with cancer, whereas Seok and Kim (26) estimated the likelihood of sarcopenia in the older population using RF and physical activity data. RF is generally well suited for incorporating several clinical and anthropometric sarcopenia predictions because it is suitable for handling large datasets and nonlinear connections (26). Nevertheless, drawbacks, including subpar results for small datasets, challenges with missing data, and overfitting, exist.

To predict sarcopenia, gradient-boosting machines (GBMs) (26) have become versatile machine-learning tools. By combining multiple weak decision-tree models into one robust classifier, the GBM employs an ensemble technique. GBM introduces unpredictability while optimizing based on error metrics by repeatedly training models on a variety of activity data and other variables (26, 27, 30). With an AUC of 0.78–0.85, GBM yielded a prediction accuracy comparable to that of RF and logistic regression (26). Numerous useful elements were included, such as demographics (age and sex) (27), dietary characteristics (BMI and protein intake), and physical activity variables (gait speed, strength, and muscle mass) (26). Radiomics muscle characteristics acquired from CT scans also have potential (30). These diverse data facilitate the detection of the risk factors for sarcopenia. GBM models now incorporate activity-related characteristics such as BMI, walking speed, strength, muscle mass, and CT radiomics features (26, 30). These data have greatly aided the development of predictive sarcopenia frameworks to identify hazards in aging populations.

Gu et al. (31) presented an artificial intelligence body component measurement system (AIBMS) that uses deep learning to automatically divide body parts from abdominal CT scans and quantify the body component volumes and regions. Three network models, SEG-NET, U-NET, and Attention U-NET, were used in the development, and plain abdominal CT scan data were used for training. The segmentation model showed a high degree of accuracy, with a 0.9 DSC score for segmented body parts when tested using multi-device development and independent test datasets. Bae et al. (32) discussed a deep-learning model for forecasting a reduction in physical fitness caused by sarcopenia in individuals who may develop sarcopenia. Data from the Korean National Physical Fitness Award (2010–2023) were used in the study. The data comprised physical fitness and body composition indicators as well as exercise- and health-related assessments in Koreans aged >65 years. To characterize normal and potentially sarcopenic conditions, ASM was computed as ASM/height2 (33). The deep-learning model demonstrated 87.55% accuracy, 85.57% precision, 90.34% recall, and an F1 score of 87.89% to differentiate sarcopenia.

A long short-term memory (LSTM)-autoencoder-based anomaly detection system for orthopedic illnesses and its capacity to differentiate between normal and pathological gaits were presented in (34). To determine the gait characteristics of the human body, the sensitivity of the anomaly detection based on five human body points was analyzed. The diagnostic method identified 92% (n = 35) of the 38 individuals with sarcopenia. In addition to reduced physical functioning, a key factor in the diagnosis of sarcopenia is variations in gait disturbance performance among individuals who meet the criteria for sarcopenia (35). Physicians screen for sarcopenia by observing the patients’ habitual gait features without quantifying them. Such a subjective diagnosis has been considered problematic as different clinicians may arrive at different decisions because variables such as weariness may influence the diagnosis. A unique automated deep-learning model based on RF for real-time human body joint recognition was developed and paired with a modified LSTM to recognize gait parameters for additional clinical analysis and to enhance and facilitate the use of these data. The accuracy of the model was 90.9%. Wearable sensor data have also been used to predict various diseases. Chen et al. (36) presented a hardware- and software-based sarcopenia identification system, because alterations in human muscles mirror the symptoms of sarcopenia. The hardware consisted of multiple sensor modules (MSMs) and wearable devices used to gather electromyography (EMG) and gait signals. The software comprises a leg health classification net (LCNet) and a biomedical and inertial sensor algorithm.

A study that aimed to develop predictive and classification models for sarcopenia and discovered digital biomarkers is presented in (37). The method used plantar pressure data from 83 patients with smart insole equipment and a smartphone to collect video data for pose estimation. The Mann–Whitney U test was used to compare the data from 23 patients with sarcopenia and 60 patients in the control group. The physical capacities of patients with sarcopenia were compared with those of a control group by using a smart insole and pose estimation. Significant differences were found in 12 out of the 15 joint point variables analyzed; however, the knee mean, ankle range, and hip range did not indicate any differences. Another study presented a smart insole device and pose estimation based on AI, along with three classification models–RF, SVM, and artificial neural network—to classify control and sarcopenia groups (38). Approximately 67% of the patient data from 83 individuals were chosen for training, whereas the remaining data were split into test sets.

Medical image-based body part analysis can be used to detect sarcopenia. Thus, the development of an effective computational technique for disease prediction and autonomous body part segmentation is imperative. The work reported in (31) relates to the AIBMS for the diagnosis of the sarcopenia, which uses deep learning to automate the segmentation of body parts from abdominal CT scans and the quantification of body part areas and volumes. The work showed a high degree of accuracy with above 0.9 DSC score in segment body sections when tested using multi-device developing and independent test datasets.

We had previously proposed a single-model ST-GCN using an attention technique to classify pathological gaits from a skeleton dataset (39). We experimented with our model on the NTU RGB + D, GIST, and multimodal-gait symmetry (MMGS) datasets and obtained excellent performance. We enhanced our work by proposing single and multiple models to classify one normal and five pathological gaits (antalgic, lurch, steppage, stiff-legged, and Trendelenburg) using early and late fusion with publicly available foot-pressure and skeleton datasets (40). Foot-pressure data were fed into the transformer-based models, and skeleton data were fed into the ST-GCN. An evaluation was also conducted on single models and multi-model fusions, which involved applying early fusion to the feature vector and late fusion by combining the outputs from both modalities with and without different weights. The proposed single and multimodal models demonstrated good performance compared with those of other state-of-the-art methods.

Previous studies have focused on machine-and deep learning-based methods for the classification of sarcopenia. However, only a few studies have used deep learning-based methods. In addition, either skeleton or plantar foot-pressure datasets are focused on but not both. We have already proposed a single-as well as a multi-model-based system using the fusion of skeleton and foot-pressure datasets; however, it was for the classification of pathological gaits. Moreover, the size of the dataset was small, as deep-learning-based models require an adequate amount of data to achieve good performance. In addition, the data were not captured from real patients. Briefly, we need to capture a sufficient real-time dataset from patients using skeleton- and foot-pressure-based sensors. Furthermore, deep-learning-based models that can use skeleton-based and/or foot-pressure data are needed to classify sarcopenia. Table 1 contrasts various studies related to sarcopenia detection methods, highlighting the limitations of previous approaches and showcasing how our work, including the collection of a multimodal dataset (skeleton and foot-pressure), contributes to sarcopenia classification by experimenting on each modality separately.



TABLE 1 Comparison of related studies on sarcopenia prediction and classification with our contributions.
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3 Materials and methods: skeleton-foot pressure-physical performance datasets for sarcopenia diagnosis by Yeungnam University (SF3PDB-YU) and proposed baseline models

This section provides a detailed overview of the materials and methods used in this study, which focuses on the dataset and the baseline models for sarcopenia diagnosis. Sequential skeleton data were collected using three Azure Kinect depth cameras (Microsoft, United States) to capture 3D skeletal information during gait sequences. Foot-pressure data were obtained using a pressure plate, allowing us to distinguish between normal and sarcopenic gaits. Additionally, physical performance metrics, such as grip strength and gait speed, were collected to assist in the diagnosis of sarcopenia. For the methods, we applied deep learning models, specifically ResNet-18 for foot-pressure data classification and Spatiotemporal Graph Convolutional Networks (ST-GCN) for skeletal sequence classification. The ResNet-18 model was fine-tuned on foot-pressure data to extract key features indicative of abnormal gaits, while the ST-GCN model was used to capture spatiotemporal relationships in skeletal sequences. Both models were evaluated for their ability to classify sarcopenia versus normal gait, using the collected datasets as inputs.

One hundred men and women with an average age of 55 years participated in the experiment. The number of men among the participants was 23, and the number of women was 77. All the participants agreed to use their data for research purposes. Figure 1 shows the age-wise distribution of participants. In the 30s age group, the number of patients was 18, whereas in the 40–50s, the number of patients was 21. Similarly, in the 60s age group, the number of patients was 28, while in the age group of 70 years and above, the number of patients was 33. The number of participants above 70 years of age was higher than that in other age groups. Data collection was conducted under strict supervision, and when participants walked through a 6-meter walkway, sequential skeleton and foot-pressure data were collected. A few samples of normal and abnormal (sarcopenia) gaits from the skeleton and foot pressure data are shown in Figure 2. The skeletal data and foot-pressure data in Figure 2 illustrate clear distinctions between normal (non-sarcopenia) and sarcopenia gaits. In the skeleton data, the sarcopenia group demonstrates more restricted joint movement, particularly in the hips and knees, leading to shorter and uneven strides. The joint angles in sarcopenia subjects indicate a reduced range of motion, which affects their overall gait efficiency. In contrast, the non-sarcopenia group shows more extended joint movements, with fluid and coordinated strides, allowing for a more efficient walking pattern. In the foot-pressure data, the pressure distribution differs significantly between the two groups. Non-sarcopenia subjects exhibit a more even pressure distribution across the entire foot, especially in the heel and forefoot regions, which are critical for balanced walking and effective propulsion. On the other hand, sarcopenia subjects show reduced pressure on these key areas, particularly in the forefoot, indicating weaker muscle strength and a diminished ability to push off effectively during walking. This imbalance in pressure contributes to an unstable gait pattern and increases the risk of falls in sarcopenia subjects. Additionally, the foot-pressure data for sarcopenia subjects reveals a more staggered and irregular footprint pattern, further demonstrating instability and compensatory gait behaviors, such as reduced stride length and slower gait speed. These combined observations in both skeletal and foot-pressure data highlight the biomechanical differences between normal and sarcopenic gaits, underscoring the impact of muscle weakness and joint stiffness in sarcopenia.

[image: Figure 1]

FIGURE 1
 Age-wise distribution of participants for sarcopenia.
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FIGURE 2
 Representative samples of skeleton and foot-pressure data for normal and abnormal (sarcopenia) gait.



3.1 Skeleton data collection

The Azure Kinect is the latest released Kinect sensor. We obtained the skeleton data using the Azure Kinect sensor and the corresponding Microsoft software development kit (SDK). Figures 3A,B show our multimodal setup views for data collection from the front and side, respectively, where we collected the skeletal gait data of the walkers on a 6-meter walkway. We obtained the 3D xyz coordinates of 33 joints, i.e., pelvis, spine_naval, spine_chest, neck, clavicles, shoulders, elbows, wrists, hands, hand tips, thumbs, hips, knees, ankles, feet, head, nose, eyes, and ears. The x- and y-axes represent the width and height of the participant, respectively, and the z-axis represents the distance between the camera and participant. The participant walked 6 m back and forth 10 times using the gait performed in daily life, and the frontal view of the participant walking was recorded in an RGB + D video using an Azure Kinect camera.

[image: Figure 3]

FIGURE 3
 System setup for multimodal data collection system: (A) front view and (B) side view.



3.1.1 Selection of 25 joints from 32 joints

We extracted the data for 25 joints from that of the 32 joints for each frame, as shown in Figure 4. The names of the selected 25 joints shown in Figure 4 are as follows: 0—sacrum, 1—center of the spine, 2—neck, 3—head, 4—left shoulder, 5—left elbow, 6—left wrist, 7—back of left hand, 8—right shoulder, 9—right elbow, 10—right wrist, 11—back of right hand, 12—left hip, 13—left knee, 14—left ankle, 15—left foot, 16—right hip, 17—right knee, 18—right ankle, 19—right foot, 20—center of the shoulder, 21—left middle finger, 22—left thumb, 23— right middle finger, and 24—right thumb.

[image: Figure 4]

FIGURE 4
 Selected 25 joints from 32 joints.





3.2 Foot-pressure data collection

A 6-meter walkway was set up, and a force plate was installed in the middle. Here, we used the average foot pressure, which was calculated by averaging the planar foot pressures for all time sequences. As shown in Figure 2, the average foot pressure can be expressed as a 1-channel image. We collected gait datasets for 100 people who moved back and forth 10 times; therefore, the expected total number of sequences was 100 × 10 × 2 = 2,000. However, some of the collected sequences contained missing data and were excluded from the evaluation. Consequently, 1986 skeleton and foot-pressure instances were obtained.

To ensure the accuracy of measurements for both the left and right feet, as well as to accommodate different step lengths among participants, the foot-pressure data was processed in the following way:

Data Filtering and Cleaning: Foot-pressure sequences with significant measurement errors or missing data were excluded to maintain data quality. Only sequences with reliable foot-pressure data for both the left and right feet were included in the final dataset.



3.3 Physical performance tests for sarcopenia

Several performance tests for sarcopenia are used in the literature like hand-grip strength (HGS), short physical performance battery (SPPB), gait speed, timed up and go (TUG), and five times sit-to-stand tests (41). In this study, the HGS and gait speed were measured according to the AWGS criteria for sarcopenia. To assess the gait speed of individuals, researchers have utilized a 6-min walking test. This test is highly correlated with the functional performance of older adults and has been established as a valid and reliable measurement method. During the test, the participants engaged in self-paced walking within an enclosed gymnasium. To track gait speed, the participants wore two inertial measurement unit sensors specifically attached to the insteps of their shoes. In this study, only data from the right foot were analyzed to measure the gait speed. To demarcate the turning point, cones were placed at both the starting point and the 30-meter mark. Throughout the test, the participants continuously walked back and forth within a 30-meter distance for a total of 6 min. In addition, the power-grip strength of the participants was measured three times using a hand dynamometer (hydraulic pinch gauge, Jamar, United States). The average of the measured values was used as the final value. The power grip was measured in a sitting position, and the width was adjusted such that the second joints of the four fingers, excluding the thumb, were at right angles when the grip strength measurement sensor was held with the elbow joint bent at 90°.


3.3.1 Hand-grip strength

Traditionally, HGS has been quantified using measurement techniques and dynamometers. Recently, novel techniques for measuring grip strength have been proposed. To evaluate hand-grip strength, Jeong et al. (42) used the joint angles of the fingers from finger tracking. This method has an error rate of less than 15% and has the potential to be converted into a mobile application. Additionally, Barrios et al. (43) presented a straightforward mobile application that measures the speed at which fingers tap, which is a measure of grip strength.

However, grip strength determined by these techniques varies, leading to a broad variety of cutoff positions for sarcopenia screening (44, 45). Moreover, grip strength varies across nations and is predicted to affect the prevalence of sarcopenia. The frequency of low HGS and sarcopenia, as well as their prognostic usefulness for physical performance, were thus strongly influenced by the choice of the HGS criterion (average vs. maximum) (46). Similarly, De et al. (47) contended that HGS, an independent predictor of sarcopenia, should be used as a screening instrument to divide the population for whom confirmatory CT-based evaluation of sarcopenia is necessary.

Sarcopenia diagnosis requires standardization of HGS measures and criteria to comprehend variations in grip strength by nation, age, and sex. As a result, numerous studies have attempted to establish cutoff points and standardize the measurement of grip strength. To standardize the measurement of grip strength (48), Roberts et al. (49) proposed the “Southampton protocol,” and Schaap et al. (50) performed a systematic review. Notwithstanding these efforts, several variables can still affect grip strength and, thus, the cutoff points for diagnosing sarcopenia, including race, body size, lifestyle variations, and socioeconomic status (51).

The gaits of men and women were labeled as normal and abnormal, according to the AWGS 2019 sarcopenia diagnostic criteria for HGS (sarcopenia for men weighing less than 26 kg, sarcopenia for women weighing less than 18 kg) and others. Figures 5, 6 show the measured HGS values of female and male participants, respectively, with sarcopenia according to the AWGS 2019 diagnostic criteria.

[image: Figure 5]

FIGURE 5
 HGS of female participants using the criteria for sarcopenia diagnosis.
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FIGURE 6
 HGS of male participants using the criteria for sarcopenia diagnosis.





3.4 Methods: proposed baseline models

In this section, we first present the single model ResNet-18 for our foot-pressure dataset, then present the ST-GCN for our skeleton dataset, and finally, discuss the normalization of the skeleton dataset. Both models were used to classify sarcopenia.


3.4.1 ResNet-18 for foot-pressure dataset

It is possible to train deep neural networks (NNs) with more than 150 layers using residual neural networks (ResNet). By introducing residual blocks (RB) (52), ResNet can address the issues of vanishing gradients and deterioration (53) caused by the constant increase in CNN depth. Residual blocks create a “skip connection” that fast-forwards to a deeper layer by adding the output from the previous layer to the layer above. In this study, we fine-tuned the pre-trained ResNet-18 model for the foot-pressure dataset, leveraging the benefits of residual connections to prevent vanishing gradients. A softmax layer was placed at the end of the ResNet-18 architecture to classify images into either “normal” or “sarcopenia,” as shown in Figure 7.

[image: Figure 7]

FIGURE 7
 Proposed single modal ResNet-18 for the foot-pressure dataset.


The steps in the process are outlined below:

1. Data Augmentation: Given the limited training data, we applied data augmentation to increase the dataset size and prevent overfitting. For each foot-pressure image, the following transformations were applied: flip/mirror the image with a probability of 0.5 and rotate the image at an angle of 45°.

2. ResNet-18: After data augmentation, the images were passed through the pre-trained ResNet-18 model, which was fine-tuned for our foot-pressure dataset. ResNet-18, with its residual blocks, helps manage the vanishing gradient problem and allows for efficient training, even with a deep network.

3. Softmax Layer: At the end of the ResNet-18 architecture, the softmax layer provides a probability distribution across the two classes, “normal” and “sarcopenia.” The final classification is based on the highest probability.

In this study, we chose ResNet-18 as the CNN model for foot-pressure data classification for several reasons. First, ResNet-18 employs a residual learning framework, which addresses the vanishing gradient problem commonly encountered in deeper networks. This is particularly beneficial for capturing the complex spatial patterns in foot-pressure data over time. Furthermore, ResNet-based models have shown strong generalization abilities in gait and action recognition tasks, closely related to our focus on sarcopenia classification. ResNet-18’s lightweight architecture, compared to deeper variants like ResNet-50, also ensures efficient training and inference, making it ideal for real-time classification. Additionally, its compatibility with transfer learning allows us to fine-tune the model on our relatively smaller dataset, leveraging pre-trained features to enhance performance while reducing the risk of overfitting.



3.4.2 ST-GCN for skeleton dataset

Data from successive time series comprise skeleton sequence data. The use of graph convolutional networks (GCNs) in skeleton-based action detection has significantly increased (54, 55). The ST-GCN-based model displayed strong generalization abilities and increased expressive power. Pathological gait categorization has recently used the ST-GCN, combining 3D skeletal data with attention technique (56). This novel method enables focus on important joints in the current gait by introducing an attention mechanism for spatiotemporal GCNs. There are two types of edges: temporal edges, which link the same joints over successive time steps, and spatial edges, which follow the inherent connections of the joints. In addition, several ST-GCN layers were built, enabling information integration along the temporal and spatial dimensions. This is accomplished by first using joint angles to extract spatiotemporal information from 3D skeletal data and then applying these features to GCNs.


3.4.2.1 Normalization of skeleton dataset

The x-axis of the 3D skeleton data represents the left side direction of the participant, the y-axis represents the participant’s up side direction, and the z-axis represents the distance between the participant and camera. The range of the x-, y-, and z-axis coordinate values of the 3D skeletal data varies depending on the participant’s height, which may affect learning. To conduct efficient and accurate learning, it is necessary to reduce the height differences between participants. The 3D skeletal data coordinate values were normalized based on the distance from the 0-sacral vertebrae to the 20-shoulder center on the x-, y-, and z-axes of each frame. We used Equation 1 to determine the distance (d) from 0-sacral vertebrae to the 20-shoulder center in three-dimensional space. For each of the 25 joints, the x, y, and z-axis coordinate values were normalized by dividing the distance (d) using Equations 2–4, respectively.
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3.4.2.2 Sarcopenia classification by the normalized skeleton sequences

When classifying pathological gaits using skeletal data, the ST-GCN attention mechanism makes it easy to focus on important joints. A block diagram of the classification of the normal and sarcopenia classes is shown in Figure 8. Here, we applied our previously suggested ST-GCN model (40), which uses an attention technique applied to pathological gait classification based on skeleton information. When implementing this model, we had two main goals. The process is outlines as,

1. Spatiotemporal Feature Extraction: The first goal was to extract spatiotemporal features from the skeletal sequence data, which are represented as graphs. The nodes of the graph correspond to body joints, while the edges represent the joint connections (spatial edges) and the temporal relationships between joints across time steps (temporal edges). These features are crucial for capturing the dynamics of gait.

2. Attention Mechanism: The second goal was to introduce an attention mechanism into the ST-GCN model, which allows the model to focus on the most important joints during the classification process. This mechanism helps the model learn which joints are most relevant to identifying sarcopenia-related gait abnormalities.

3. Multi-Input Feature Integration: In addition to joint positions, we integrated multi-input features such as joint velocity and bone orientation to improve classification accuracy. This multi-branch approach has been validated through ablation studies, which demonstrated the contribution of each component to the overall performance of the model.

[image: Figure 8]

FIGURE 8
 Proposed single modal ST-GCN (39) for the skeleton dataset.







4 Results: experimental results of the baseline models

To assess the performances of the proposed single- and multimodal classification models, a leave-one-subject-out cross-validation approach was employed. We used a four-fold cross-validation to assess the performance and generalization ability of the model. The number of participants with sarcopenia was 20; therefore, we divided them into four folds (five participants in each fold), while the number of participants in the normal (without sarcopenia) class was 80; therefore, we divided them into four folds (20 participants in each fold). Thus, we created four folds, with 25 participants in each fold [5 participants in the sarcopenia class and 20 participants in the non-sarcopenia (normal) class]. During the training, each fold was used separately for each test. Consequently, the model was trained four times, and the accuracies were averaged for all folds. During training, we separated 20% of the training dataset (three participants in the sarcopenia class and 12 participants in the non-sarcopenia class) for validation.

For the foot-pressure dataset, a learning rate of 0.001 and the Adam optimizer were used. We used cross-entropy as the loss function, and the entire experiment was conducted over 100 epochs. For the skeleton dataset, we used a learning rate of 0.1 and an SGD optimizer with a momentum of 0.9. We also used the learning rate of each parameter group using a cosine annealing schedule (57) with a weight decay of 0.001 and cross-entropy as a loss function. The experiment was conducted over 200 epochs. We used an Intel (Santa Clara, CA, United States) CPU with 32 GB of RAM and an NVIDIA (Santa Clara, CA, United States) GeForce RTX 3060 GPU for the evaluation. The models used in this study were implemented using the PyTorch software.

The selection of hyperparameters, such as the number of epochs, learning rate, and optimizers, was based on a combination of best practices from related studies and empirical tuning for our specific datasets. For the foot-pressure dataset, we found that 100 epochs provided sufficient time for the model to converge, while for the skeleton dataset, 200 epochs were necessary due to the complexity of spatiotemporal data. The learning rates (0.001 for ResNet-18 and 0.1 for ST-GCN) were chosen to ensure stable and efficient convergence. Additionally, we used the Adam optimizer for ResNet-18 due to its adaptive learning capabilities, and the SGD optimizer with momentum for ST-GCN, as it is known to perform well with spatiotemporal models. These settings, combined with weight decay and cross-entropy loss, helped optimize the performance of both models.

Table 2 lists the accuracies of the foot-pressure dataset using the ResNet-18 model and the skeleton dataset using the ST-GCN model. For fold 1, the accuracies of ResNet-18 and ST-GCN were 77.22 and 80.12%, respectively. For fold two, the accuracies of ResNet-18 and ST-GCN were 76.68 and 79.95%, respectively. For fold three, the accuracies of ResNet-18 and ST-GCN were 86.89 and 80.08%, respectively, whereas for fold four, the accuracies of ResNet-18 and ST-GCN were 67.87 and 74.39%, respectively. The average accuracies of the ResNet-18 and ST-GCN models were 77.16 and 78.63%, respectively.



TABLE 2 Accuracies of ResNet-18 model using the foot-pressure dataset and ST-GCN model using the skeleton dataset.
[image: Table2]



5 Conclusion

In this study, we present our collected foot-pressure and skeleton datasets. Although the original skeleton dataset consisted of 32 joints, only 25 joints were used in each frame. To reduce the height differences between participants, the 3D skeletal data of each frame were normalized based on the distance from the sacral vertebrae to the shoulder center. The normalized 3D skeletal time-series data were labeled as sarcopenia and non-sarcopenia gait based on the participant’s physical performance, according to the AWGS 2019 guidelines. Second, we experimented with the foot-pressure dataset for the ResNet-18 model and the skeleton dataset for the ST-GCN model using 4-fold cross validation; the presence or absence of sarcopenia was predicted with an average accuracy of 77.16% for the foot-pressure dataset and 78.63% for the skeleton dataset.

This study is highly relevant to public health and aging populations, as sarcopenia is a prevalent condition among older adults that leads to decreased muscle mass, strength, and physical performance. Early diagnosis and intervention can significantly improve quality of life and reduce healthcare burdens associated with falls, frailty, and disability in aging individuals. By developing a system that can classify sarcopenia based on foot-pressure and skeletal data, this study provides a foundation for accessible and effective diagnostic tools that can be used in clinical and home settings, potentially contributing to better management of age-related diseases.

In future, we plan to extend this research by increasing the number of participants and improving the accuracy of sarcopenia classification. Moreover, in the future, we can develop a real-time system for the quick and efficient diagnosis of sarcopenia using a camera. We will also attempt to improve the overall performance by improving the spatiotemporal attention mechanism. Because the model uses multiple inputs, lightening of the model is also an important concern; we plan to apply an appropriate lightweight deep learning techniques for practical application in an edge device, while maintaining its performance.



Data availability statement

The datasets presented in this study can be found in online repositories. The names of the repository/repositories and accession number(s) can be found at: https://github.com/Hasaren/Sarcopenia-Gait-Dataset.



Ethics statement

The studies involving humans were approved by Institutional Review Board of Yeuungnam University. The studies were conducted in accordance with the local legislation and institutional requirements. The participants provided their written informed consent to participate in this study.



Author contributions

MN: Data curation, Formal analysis, Visualization, Writing – original draft, Methodology, Writing – review & editing. N-HK: Data curation, Formal analysis, Methodology, Software, Visualization, Writing – original draft. HS: Data curation, Formal analysis, Writing – original draft. JL: Writing – review & editing, Data curation, Formal analysis. C-MC: Data curation, Formal analysis, Writing – original draft. SS: Data curation, Formal analysis, Supervision, Writing – review & editing. C-SL: Conceptualization, Supervision, Visualization, Writing – review & editing, Methodology.



Funding

The author(s) declare that financial support was received for the research, authorship, and/or publication of this article. This research was funded by the Basic Science Research Program through the National Research Foundation of Korea (NRF), funded by the Ministry of Education (2021R1A6A1A03040177).



Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.



Publisher’s note

All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.



References

 1. The Korean Hernald. Hernald corporation. (2015). Available at: https://www.koreaherald.com/view.php?ud=20210929000712 [Accessed January 29, 2024]

 2. Papadopoulou, SK. Sarcopenia: a contemporary health problem among older adult populations. Nutrients. (2020) 12:1293. doi: 10.3390/nu12051293 

 3. Cruz-Jentoft, AJ, Bahat, G, Bauer, J, Boirie, Y, Bruyère, O, Cederholm, T , et al. Sarcopenia: revised European consensus on definition and diagnosis. Age Ageing. (2019) 48:16–31. doi: 10.1093/ageing/afy169 

 4. Chen, LK, Woo, J, Assantachai, P, Auyeung, TW, Chou, MY, Iijima, K , et al. Asian working Group for Sarcopenia: 2019 consensus update on sarcopenia diagnosis and treatment. J Am Med Dir Assoc. (2020) 21:300–307.e2. doi: 10.1016/j.jamda.2019.12.012 

 5. Fielding, RA, Vellas, B, Evans, WJ, Bhasin, S, Morley, JE, Newman, AB , et al. Sarcopenia: an undiagnosed condition in older adults. Current consensus definition: prevalence, etiology, and consequences. International working group on sarcopenia. J Am Med Dir Assoc. (2011) 12:249–56. doi: 10.1016/j.jamda.2011.01.003 

 6. Lee, WJ, Liu, LK, Peng, LN, Lin, MH, and Chen, LK, ILAS Research Group. Comparisons of sarcopenia defined by IWGS and EWGSOP criteria among older people: results from the I-Lan longitudinal aging study. J Am Med Dir Assoc. (2013) 14:528.e1–7. doi: 10.1016/j.jamda.2013.03.019

 7. Petermann-Rocha, F, Balntzi, V, Gray, SR, Lara, J, Ho, FK, Pell, JP , et al. Global prevalence of sarcopenia and severe sarcopenia: a systematic review and meta-analysis. J Cachexia Sarcopenia Muscle. (2022) 13:86–99. doi: 10.1002/jcsm.12783 

 8. Dos Santos, LP, Santo, RC, Ramis, TR, Portes, JK, Chakr, RM, and Xavier, RM. The effects of resistance training with blood flow restriction on muscle strength, muscle hypertrophy and functionality in patients with osteoarthritis and rheumatoid arthritis: a systematic review with meta-analysis. PLoS One. (2021) 16:e0259574. doi: 10.1371/journal.pone.0259574 

 9. Rossi, AP, Fantin, F, Micciolo, R, Bertocchi, M, Bertassello, P, Zanandrea, V , et al. Identifying sarcopenia in acute care setting patients. J Am Med Dir Assoc. (2014) 15:303.e7–303.e12. doi: 10.1016/j.jamda.2013.11.018

 10. Beaudart, C, McCloskey, E, Bruyère, O, Cesari, M, Rolland, Y, Rizzoli, R , et al. Sarcopenia in daily practice: assessment and management. BMC Geriatr. (2016) 16:1. doi: 10.1186/s12877-016-0349-4

 11. Kim, JK, Bae, MN, Lee, KB, and Hong, SG. Identification of patients with sarcopenia using gait parameters based on inertial sensors. Sensors. (2021) 21:1786. doi: 10.3390/s21051786 

 12. Kim, JK, Bae, MN, Lee, K, Kim, JC, and Hong, SG. Explainable artificial intelligence and wearable sensor-based gait analysis to identify patients with osteopenia and sarcopenia in daily life. Bios. (2022) 12:167. doi: 10.3390/bios12030167 

 13. Seel, T, Raisch, J, and Schauer, T. IMU-based joint angle measurement for gait analysis. Sensors. (2014) 14:6891–909. doi: 10.3390/s140406891

 14. Pinheiro, GD, Jin, X, Costa, VT, and Lames, M. Body pose estimation integrated with notational analysis: a new approach to analyze penalty kicks strategy in elite football. Front sports and active living. (2022) 4:818556. doi: 10.3389/fspor.2022.818556

 15. Washabaugh, EP, Shanmugam, TA, Ranganathan, R, and Krishnan, C. Comparing the accuracy of open-source pose estimation methods for measuring gait kinematics. Gait Posture. (2022) 97:188–95. doi: 10.1016/j.gaitpost.2022.08.008

 16. Johnson, KB, Wei, WQ, Weeraratne, D, Frisse, ME, Misulis, K, Rhee, K , et al. Precision medicine, AI, and the future of personalized health care. Clin Transl Sci. (2021) 14:86–93. doi: 10.1111/cts.12884 

 17. Cao, Z, Simon, T, Wei, SE, and Sheikh, Y. “Realtime multi-person 2d pose estimation using part affinity fields.” In Proceedings of the IEEE conference on computer vision and pattern recognition (2017) (pp. 7291–7299).

 18. Fang, HS, Xie, S, Tai, YW, and Lu, C. “Rmpe: Regional multi-person pose estimation.” In Proceedings of the IEEE international conference on computer vision (2017): pp. 2334–2343.

 19. Ota, M, Tateuchi, H, Hashiguchi, T, Kato, T, Ogino, Y, Yamagata, M , et al. Verification of reliability and validity of motion analysis systems during bilateral squat using human pose tracking algorithm. Gait Posture. (2020) 80:62–7. doi: 10.1016/j.gaitpost.2020.05.027

 20. Menychtas, D, Petrou, N, Kansizoglou, I, Giannakou, E, Grekidis, A, Gasteratos, A , et al. Gait analysis comparison between manual marking, 2D pose estimation algorithms, and 3D marker-based system. Frontiers in Rehabilitation Sciences. (2023) 4:1238134. doi: 10.3389/fresc.2023.1238134

 21. Kaur, S, Abdullah, A, Hairi, NN, and Sivanesan, SK. Logistic regression modeling to predict sarcopenia frailty among aging adults. Int J Adv Comput Sci Appl. (2021) 12:497–504. doi: 10.14569/IJACSA.2021.0120858

 22. Agnes, T, and Vishal, K. Regression model for the prediction of risk of sarcopenia among older adults. Muscles, Ligaments & Tendons J (MLTJ). (2019) 9:425–432. doi: 10.32098/mltj.03.2019.17

 23. Yin, G, Qin, J, Wang, Z, Lv, F, and Ye, X. A nomogram to predict the risk of sarcopenia in older people. Medicine. (2023) 102:e33581. doi: 10.1097/MD.0000000000033581

 24. Ko, JB, Kim, KB, Shin, YS, Han, H, Han, SK, Jung, DY , et al. Predicting sarcopenia of female elderly from physical activity performance measurement using machine learning classifiers. Clin Interv Aging. (2021) 16:1723–33. doi: 10.2147/CIA.S323761

 25. Kim, JH. Machine learning classifier models for predicting sarcopenia in the elderly based on physical factors. medRxiv. (2023) 5:595–602. doi: 10.1111/ggi.14895

 26. Seok, M, and Kim, W. Sarcopenia prediction for elderly people using machine learning: a case study on physical activity. Healthcare. (2023) 11:1334. doi: 10.3390/healthcare11091334 

 27. Kang, YJ, Yoo, JI, and Ha, YC. Sarcopenia feature selection and risk prediction using machine learning: a cross-sectional study. Medicine. (2019) 98:e17699. doi: 10.1097/MD.0000000000017699 

 28. Castillo-Olea, C, García-Zapirain Soto, B, Carballo Lozano, C, and Zuñiga, C. Automatic classification of sarcopenia level in older adults: a case study at Tijuana general hospital. Int J Environ Res Public Health. (2019) 16:3275. doi: 10.3390/ijerph16183275 

 29. Yoon, HG, Oh, D, Noh, JM, Cho, WK, Sun, JM, Kim, HK , et al. Machine learning model for predicting excessive muscle loss during neoadjuvant chemoradiotherapy in oesophageal cancer. J Cachexia Sarcopenia Muscle. (2021) 12:1144–52. doi: 10.1002/jcsm.12747 

 30. Kim, YJ. Machine learning models for sarcopenia identification based on radiomic features of muscles in computed tomography. Int J Environ Res Public Health. (2021) 18:8710. doi: 10.3390/ijerph18168710 

 31. Gu, S, Wang, L, Han, R, Wang, Y, and Chen, T. Detection of sarcopenia using deep learning-based artificial intelligence body part measure system (AIBMS). Front Physiol. (2023) 14:1092352. doi: 10.3389/fphys.2023.1092352 

 32. Bae, JH, Seo, JW, and Kim, DY. (2023). Deep-learning model for predicting physical fitness in possible sarcopenia: analysis of the Korean physical fitness award from 2010 to 2023. Front Public Health. 11:11. doi: 10.3389/fpubh.2023.1241388

 33. Veronese, N, Demurtas, J, Soysal, P, Smith, L, Torbahn, G, Schoene, D , et al. Sarcopenia and health-related outcomes: an umbrella review of observational studies. European Geriatric Med. (2019) 10:853–62. doi: 10.1007/s41999-019-00233-w 

 34. Yoon, H, Jo, E, Ryu, S, Yoo, JI, and Kim, JH. (2022). MediaPipe-based LSTM-autoencoder sarcopenia anomaly detection and requirements for improving detection accuracy.

 35. Chen, YC, Hsieh, JW, Yang, YH, Lee, CH, and Yu, PY. “Towards deep learning-based sarcopenia screening with body joint composition analysis.” In 2021 IEEE International Conference on Image Processing (ICIP) (2021). pp. 3807–3811.

 36. Chen, IM, Yeh, PY, Chang, TC, Hsieh, YC, and Chin, CL. Sarcopenia recognition system combined with electromyography and gait obtained by the multiple sensor module and deep learning algorithm. Sensors & Materials. (2022) 34:2403. doi: 10.18494/SAM3787

 37. Kim, S, Park, S, Lee, S, Seo, SH, Kim, HS, Cha, Y , et al. Assessing physical abilities of sarcopenia patients using gait analysis and smart insole for development of digital biomarker. Sci Rep. (2023) 13:10602. doi: 10.1038/s41598-023-37794-7 

 38. Kim, S, Kim, HS, and Yoo, JI. Sarcopenia classification model for musculoskeletal patients using smart insole and artificial intelligence gait analysis. J Cachexia Sarcopenia Muscle. (2023) 14:2793–803. doi: 10.1002/jcsm.13356 

 39. Kim, J, Seo, H, Naseem, MT, and Lee, CS. Pathological-gait recognition using spatiotemporal graph convolutional networks and attention model. Sensors. (2022) 22:4863. doi: 10.3390/s22134863 

 40. Naseem, MT, Seo, H, Kim, NH, and Lee, CS. Pathological gait classification using early and late fusion of foot pressure and skeleton data. Appl Sci. (2024) 14:558. doi: 10.3390/app14020558

 41. Turimov Mustapoevich, D, and Kim, W. Machine learning applications in sarcopenia detection and management: a comprehensive survey. Healthcare, MDPI. (2023) 11:2483. doi: 10.3390/healthcare11182483 

 42. Jeong, HY, Kim, NH, Choi, JH, and Lee, CS. “Hand grip strength estimation for sarcopenia diagnosis by finger tracking.” In 2021 IEEE International Conference on Consumer Electronics-Asia (ICCE-Asia) (2021): pp. 1–3.

 43. Barrios, L, Oldrati, P, Lindlbauer, D, Hilty, M, and Hayward-Koennecke, H. “A rapid tapping task on commodity smartphones to assess motor fatigability.” In Proceedings of the 2020 CHI conference on human factors in computing systems (2020): pp. 1–10.

 44. Soysal, P, and Isik, AT. Different hand-grip strength cut-offs to define sarcopenia in Turkish population. Aging Clin Exp Res. (2021) 33:209–10. doi: 10.1007/s40520-020-01739-1 

 45. Fernandes, S, da Silva, ER, York, BN, Macedo, P, Gonçalves, R, Camara, S , et al. Cutoff points for grip strength in screening for sarcopenia in community-dwelling older-adults: a systematic review. J nutrition, health and aging. (2022) 26:452–60. doi: 10.1007/s12603-022-1788-6

 46. Lim, JP, Yew, S, Tay, L, Chew, J, Yeo, A, Ismail, NH , et al. Grip strength criterion matters: impact of average versus maximum handgrip strength on sarcopenia prevalence and predictive validity for low physical performance. J Nutr Health Aging. (2020) 24:1031–5. doi: 10.1007/s12603-020-1515-0 

 47. De, A, Kumari, S, Kaur, A, Singh, A, Kalra, N, and Singh, V. Hand-grip strength as a screening tool for sarcopenia in males with decompensated cirrhosis. Indian J Gastroenterol. (2022) 41:284–91. doi: 10.1007/s12664-022-01255-2 

 48. Ha, YC, Hwang, SC, Song, SY, Lee, C, Park, KS, and Yoo, JI. Hand grip strength measurement in different epidemiologic studies using various methods for diagnosis of sarcopenia: a systematic review. European Geriatric Med. (2018) 9:277–88. doi: 10.1007/s41999-018-0050-6

 49. Roberts, HC, Denison, HJ, Martin, HJ, Patel, HP, Syddall, H, Cooper, C , et al. A review of the measurement of grip strength in clinical and epidemiological studies: towards a standardized approach. Age Ageing. (2011) 40:423–9. doi: 10.1093/ageing/afr051

 50. Schaap, LA, Fox, B, Henwood, T, Bruyère, O, Reginster, JY, Beaudart, C , et al. Grip strength measurement: towards a standardized approach in sarcopenia research and practice. European Geriatric Med. (2016) 7:247–55. doi: 10.1016/j.eurger.2015.11.012

 51. Yokoro, M, Otaki, N, Yano, M, Imamura, T, Tanino, N, and Fukuo, K. Association between asymmetric dimethylarginine and sarcopenia in community-dwelling older women. Sci Rep. (2023) 13:5510. doi: 10.1038/s41598-023-32046-0 

 52. Al-Haija, QA, and Jebril, N. A systemic study of pattern recognition system using feedback neural networks. WSEAS Trans Comput. (2020) 19:115–21. doi: 10.37394/23205.2020.19.16

 53. Jia, S. Vanishing gradient vs degradation. Towards data science, a medium publication sharing concepts, ideas, and codes. (2018).

 54. Cheng, K, Zhang, Y, He, X, Chen, W, Cheng, J, and Lu, H. “Skeleton-based action recognition with shift graph convolutional network.” In Proceedings of the IEEE/CVF conference on computer vision and pattern recognition (2020): pp. 183–192.

 55. Shi, L, Zhang, Y, Cheng, J, and Lu, H. Skeleton-based action recognition with multi-stream adaptive graph convolutional networks. IEEE Trans Image Process. (2020) 29:9532–45. doi: 10.1109/TIP.2020.3028207

 56. Yan, S, Xiong, Y, and Lin, D. Spatial temporal graph convolutional networks for skeleton-based action recognition. Proceed AAAI conference on artificial intelligence. (2018) 32:7444–7452. doi: 10.1609/aaai.v32i1.12328

 57. Meyer, R, and Wong, A. A fair loss function for network pruning. arXiv preprint arXiv. (2022):221110285. doi: 10.48550/arXiv.2211.10285


Copyright
 © 2024 Naseem, Kim, Seo, Lee, Chung, Shin and Lee. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.

OPS/images/fpubh-12-1443188-t001.jpg
Reference Descri

(21-23)

(24,25)

(26,27,30)

(28,29)

Gn

(32,33)

(34,35)

(36-38)

61

¢9)

(40)

Studies onlogistic regression models for

predicting sarcopena in aging adults.

Machine learning classifiers to predict
sarcopenia based on physical activity and

physical factors,

Various machine learning approaches
(SVM, RE GBM) for sarcopenia prediction

Automatic sarcopenia classification systems
in hospitals and cancer patients.

Al-based body part measurement system

using CT scans for sarcopenia detection.

Deep learning models for predicting
physical itness and sarcopenia using
health-related metrics
LSTM-Autoencoder anomaly detection for
sarcopenia based on body joint
composition.

Use of wearable sensors and smart insoles

for gait analysis to detect sarcopenia.

Deep learning system for body part

segmentation using CT scans.

Early-Proposed single-model ST-GCN with
attention techniques for pathological gait

dlassification.

Early-Proposed multimodal fusion models

(early and late fusion) for gait classification.

Limitations

Focus on traditional regression models
and single predictive factors like muscle
mass, lack of real-time data.

Limited datasets and physical activity

focus, lacks multimodal integration.

Focus on specific datasets and machine
learning techniques, lack of deep
learning models or multimodal data
Specific to hospital and cancer patients,
limited generalizability.

Relies on expensive CT imaging, which

limits accessibiliy.

Focus on physical fitness only and
specific population (Korean), lacks
‘multimodal approach.

Focus on anomaly detection and body
joint analysis, no foot-pressure
integration.

Focused on insole or sensor data alone,

limited to a single modality.

Focus solely on body part measures,

lacking gait analysis.

Focused on skeleton-based data, lacking

integration with foot-pressure data.

Limited testing on publicly available

datasets.

Our contributions

We collected a multimodal dataset (skeleton and foot-pressure),
but experimented on each modality individually, applying deep

learning models for sarcopenia detection.

We experimented individually on skeleton and foot-pressure
data from our collected dataset, offering higher accuracy

through deep learning approaches.

We used deep learning (ResNet-18, ST-GCN) on skeleton and
foot-pressure data individuall, exploring their potential in
sarcopenia classification.

We focused on a general older adult population using individual
experiments on skeleton and foot-pressure data for broader
applicability.

Our non-invasive approach analyzes skeleton and foot-pressure
data independently, making it a more accessible option than
CT-based methods.

We explored real-time gait and foot-pressure data individually,
providing insights for sarcopenia detection withou relying on
fitness metrics.

We separately experimented with foot-pressure and skeletal gait
analysis to improve sarcopenia classification, without

combining the data.

We used our collected skeleton and foot-pressure data

individually for sarcopenia classification, rather than relying on

wearable sensors alone.

idual experiments on real-time gait and
foot-pressure data for sarcopenia classification, offering a
dynamic approach.

By collecting our own dataset (skeleton and foot-pressure),

we proposed a method for sarcopenia classification, using

individual deep learning models for each data type.

We collected our own dataset (skeleton and foot-pressure) and

experimented on them separately for sarcopenia classfication.





OPS/xhtml/Nav.xhtml




Contents





		Cover



		Sarcopenia diagnosis using skeleton-based gait sequence and foot-pressure image datasets



		1 Introduction



		2 Related works



		3 Materials and methods: skeleton-foot pressure-physical performance datasets for sarcopenia diagnosis by Yeungnam University (SF3PDB-YU) and proposed baseline models



		3.1 Skeleton data collection



		3.1.1 Selection of 25 joints from 32 joints









		3.2 Foot-pressure data collection



		3.3 Physical performance tests for sarcopenia



		3.3.1 Hand-grip strength









		3.4 Methods: proposed baseline models



		3.4.1 ResNet-18 for foot-pressure dataset



		3.4.2 ST-GCN for skeleton dataset



		3.4.2.1 Normalization of skeleton dataset



		3.4.2.2 Sarcopenia classification by the normalized skeleton sequences





















		4 Results: experimental results of the baseline models



		5 Conclusion



		Data availability statement



		Ethics statement



		Author contributions



		Funding



		Conflict of interest



		Publisher’s note



		References



















OPS/images/fpubh-12-1443188-g008.jpg





OPS/images/fpubh-12-1443188-t002.jpg
Four fold cross- ResNet-18 ST-GCN

validation

Fold 1 77.22% 80.12%
Fold 2 76.68% 79.95%
Fold 3 86.89% 80.08%
Fold 4 67.87% 74.39%

Average 77.16% 78.63%





OPS/images/fpubh-12-1443188-g007.jpg
ResNet-18

« Normal

Data Augmentations. « Sarcopenia

Softmax





OPS/images/fpubh-12-1443188-g006.jpg
— Sarcopenia diagnosis criteria < 18kg

ErY

w0

1993 .
ne ©
1872 s

50 w

20

AmmvsIu z«mcmwum duo vmmz

Subject ID





OPS/images/cover.jpg
& frontiers | Frontiers in Public Health

Sarcopenia diagnosis using
skeleton-based gait sequence
and foot-pressure image datasets












OPS/images/crossmark.jpg
©

2

i

|






OPS/images/logo.jpg
¥ frontiers Frontiers in Public Health






OPS/images/fpubh-12-1443188-g001.jpg
R ® R 4 g v
$3930qns 0 JaquInN.





OPS/images/fpubh-12-1443188-g002.jpg
Skeleton data

Nommal

eeeeeeeeee

Sarcopenia






OPS/images/fpubh-12-1443188-e003.jpg
Vscaled _i = %

3)





OPS/images/fpubh-12-1443188-e004.jpg
E
Zscaled _i = j (4)





OPS/images/fpubh-12-1443188-g005.jpg
60

Hand Grip Strength (HGS)

4303

1837 I

3913

27

SubJect ID

Sarcopenia diagnosis criteria < 26kg

237

23 25 W

&

19.20

o

31 10

047

2573

3140

683

2060





OPS/images/fpubh-12-1443188-g003.jpg





OPS/images/fpubh-12-1443188-g004.jpg





OPS/images/fpubh-12-1443188-e001.jpg
d=(v0=320)" + (30 = y20)’ +(2=220)"





OPS/images/fpubh-12-1443188-e002.jpg
i
Vscaled _i =
- d

2





