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Abstract: Sarcopenia is an age-associated condition characterized by a muscle mass and
function decline. This condition poses significant health risks for the elderly. This study
developed a machine-learning model to predict sarcopenia using data from 664 participants.
Key features were identified using the Local Interpretable Model-Agnostic Explanations
(LIME) method. This enhanced model interpretability. Additionally, the CatBoost algorithm
was used for training, and SMOTE-Tomek addressed dataset imbalance. Notably, the
reduced-feature model outperformed the full-feature model, achieving an accuracy of
0.89 and an AUC of 0.94. The results highlight the importance of feature selection for
improving model efficiency and interpretability in clinical applications. This approach
provides valuable insights into the early identification and management of sarcopenia,
contributing to better patient outcomes.
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1. Introduction
Sarcopenia, defined by the gradual decline in skeletal muscle mass, strength, and func-

tion, poses a major health issue for aging populations. Moreover, it contributes to increased
morbidity, reduced quality of life, and higher mortality rates in older adults [1]. Sarcopenia
has multiple causes. Central contributors include physiological aging, hormonal changes,
inflammatory processes, and decreased physical activity [2].

The causes of sarcopenia are complex and diverse. Aging plays a central role, as the
gradual decline in anabolic hormones such as growth hormone and testosterone, coupled
with an increase in catabolic cytokines, results in muscle atrophy [3]. Furthermore, chronic
diseases, malnutrition, and sedentary lifestyles exacerbate this process. Recent studies have
emphasized the importance of identifying at-risk individuals in the early stages to prevent
or mitigate the progression of sarcopenia.

With advancements in computational modeling, machine learning (ML) has become an
exciting method for the early identification and forecasting of sarcopenia. ML algorithms
can analyze complex and large datasets, including clinical, genetic, and imaging data,
to identify patterns and markers predictive of sarcopenia before clinical symptoms become
apparent [4]. These predictive models offer significant potential in personalized healthcare,
enabling interventions tailored to individuals before muscle loss reaches critical thresholds.
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This study aims to develop a machine-learning model utilizing raw data related to
sarcopenia. The LIME technique identifies the most significant features contributing to
sarcopenia [5–7]. Both the complete and selected features are incorporated into the model to
enhance model performance and interpretation, and their respective outcomes are analyzed.
This approach facilitates the identification of the most influential factors from the sarcopenia
dataset, thereby contributing to a deeper understanding of the condition and potential
clinical applications.

The motivation for this study stems from the increasing prevalence of sarcopenia,
which poses considerable health hazards, especially among older individuals. Despite
advancements in medical diagnostics, the complexity of sarcopenia’s multifactorial nature
makes it challenging to predict and manage effectively. Current clinical tools often lack
the precision necessary for early detection, which is critical for intervention and treatment.
This study seeks to address this gap by utilizing machine learning methods to improve the
precision of sarcopenia prediction by identifying key predictive features [4,8]. By doing so,
the research aims to provide a more robust and interpretable model that can be utilized in
clinical settings to better identify individuals at risk and improve patient outcomes.

The key contributions of this research include the preprocessing of the sarcopenia
dataset to ensure data quality and consistency. The main contributions are as follows:

• The study addressed the issue of class imbalance in the dataset by employing the
SMOTE-Tomek technique, which helped to balance the dataset, improving the perfor-
mance of the predictive model [9,10].

• The study developed a machine-learning model specifically for predicting sarcopenia,
leveraging the CatBoost algorithm [11].

• The use of the LIME method helped identify the most important features influenc-
ing sarcopenia, improving model interpretability and providing valuable clinical
insights [12].

• Both full-feature and reduced-feature models were evaluated, and the reduced-feature
model demonstrated superior performance with an accuracy of 0.89 and an AUC of 0.94.
This shows that feature selection enhanced both model efficiency and interpretability.

• The study highlights the importance of feature selection for improving the predictive
accuracy and clinical applicability of machine-learning models in early sarcopenia
identification, which can lead to better patient outcomes.

2. Literature Review
Recent developments in machine learning have greatly improved the early identifi-

cation and prediction of sarcopenia. This literature review examines the application of
various ML techniques in sarcopenia research, focusing on model performance, feature
selection, and clinical implications.

Supervised learning models, including random forest (RF), support vector machines
(SVM), and extreme gradient boosting (XGB), have demonstrated high accuracy in sar-
copenia prediction. The Wild & Deep model achieved an impressive AUC of 0.970, outper-
forming other classifiers in primary healthcare applications for aging populations [13]. In a
comparative study, LightGBM exhibited a prediction accuracy of 93%, making it one of the
top-performing models for early sarcopenia detection [14]. These findings underscore the
potential of ML algorithms in enhancing diagnostic precision.

The incorporation of feature selection techniques has proven crucial in improving
model performance and interpretability. Genetic algorithm-based feature selection signifi-
cantly enhances diagnostic accuracy by prioritizing key predictors [15]. SHAP (Shapley
Additive Explanations) and LIME were utilized to identify waist circumference and grip
strength as the most influential predictors of sarcopenia in older adults [16]. Similarly,
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handgrip strength (HS), BMI, and sex were highlighted as critical predictive features,
emphasizing the models’ practical application in personalized medicine [14].

Deep learning approaches and multi-layer perceptron (MLP) networks have shown
promise in automatically extracting features from imaging data. A deep learning algorithm
achieved high Dice Similarity Coefficient (DSC) scores when segmenting muscle tissue from
CT scans, facilitating automatic sarcopenia diagnosis [17]. Integrating body composition
variables such as BMI and fat percentage with physical activity metrics significantly boosted
model performance in deep learning-based sarcopenia prediction [18,19].

The integration of ML models into clinical workflows represents a promising frontier
in sarcopenia diagnosis and management. A deep learning model capable of automatically
assessing skeletal muscle index (SMI) from cervical CT scans and predicting survival out-
comes based on sarcopenia status in head and neck cancer patients has been developed [20].
This automated approach addresses the limitations of manual assessments and paves the
way for integrating artificial intelligence into routine clinical practice.

To tackle the challenge of class imbalance in sarcopenia datasets, researchers have
employed advanced techniques such as SMOTE-Tomek. This hybrid method combines the
Synthetic Minority Over-sampling Technique (SMOTE) with Tomek links to balance class
distributions effectively [21]. Its efficacy in fault classification for electrical machines has
been demonstrated, achieving high accuracy across various classifiers [22]. The technique’s
ability to generate synthetic samples while removing ambiguous instances makes it partic-
ularly useful in scenarios with noisy datasets or boundary overlap between classes [23].

Synthetic data generation might introduce samples not truly representative of the
minority class, potentially leading to model overfitting [24]. Furthermore, concerns about
unintended biases propagating through synthetic data generation have been highlighted,
which could impact fairness in sensitive applications like healthcare or credit scoring [25].

The CatBoost algorithm has emerged as a powerful tool in sarcopenia prediction,
offering several advantages over traditional methods. Its ordered boosting approach ef-
fectively reduces overfitting, particularly in small datasets, as demonstrated in corporate
failure prediction models [26]. CatBoost’s superior performance in handling categorical
features without preprocessing makes it especially valuable in domains like loan risk as-
sessment and credit scoring [27]. CatBoost’s versatility is further enhanced when combined
with feature selection methods and optimization techniques. Integrating CatBoost with
the Sparrow Search Algorithm (SSA) improved classification and prediction accuracy in
credit rating tasks [28]. Additionally, CatBoost’s effectiveness in handling imbalanced
data when paired with SMOTE-Tomek has been demonstrated [29]. Despite its strengths,
CatBoost faces limitations in training complexity and hyperparameter tuning. CatBoost
can be slower in training compared with other gradient-boosting methods, particularly
with large, high-dimensional datasets [13]. The critical need for proper hyperparameter
tuning to achieve optimal performance has been emphasized, which can be challenging in
resource-limited settings [30].

LIME has emerged as a valuable tool for interpreting complex machine-learning
models used in sarcopenia prediction. LIME’s model agnosticism enables it to provide
explanations for various algorithms, including deep learning and ensemble methods [31].
This flexibility is crucial in healthcare and finance applications, where understanding
decision-making processes is essential for building trust and ensuring fairness. LIME’s
local interpretability allows for the generation of locally faithful explanations by approxi-
mating model behavior near specific predictions [32]. This feature is particularly useful for
understanding nonlinear decision boundaries. LIME’s ability to provide explanations in
human-understandable terms makes it accessible to non-experts and helps meet regulatory
requirements for explainable AI [33]. Concerns about the stability of LIME explanations
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have been noted, as repeated runs can yield different results due to random perturba-
tions [34]. Additionally, LIME’s focus on local fidelity might not capture a model’s global
behavior accurately [31]. Potential biases in LIME explanations due to sampling methods
have also been highlighted, which can be problematic in datasets with complex feature
interactions [32].

The application of machine learning in sarcopenia prediction and diagnosis has shown
significant promise, with various algorithms demonstrating high accuracy and interpretabil-
ity. Techniques such as SMOTE-Tomek for addressing class imbalance, CatBoost for han-
dling categorical data, and LIME for enhancing interpretability have further advanced the
field. However, researchers must remain mindful of the limitations and potential biases
associated with these methods. Future work should focus on refining these techniques,
addressing their limitations, and further integrating ML models into clinical practice to
improve sarcopenia management and patient outcomes.

3. Materials and Methods
The materials and methods section outlines the comprehensive steps to preprocess

the dataset, balance the class distribution, and optimize model performance for sarcopenia
classification. Initially, the data were standardized and normalized to ensure comparability
of features. A comprehensive exploratory data analysis (EDA) was performed to evaluate
the relationships between features and their distributions, after which the dataset was
divided into training and testing sets. A strategy combining SMOTE and Tomek meth-
ods was employed to tackle the class imbalance within the training data, utilizing both
oversampling and undersampling approaches. A CatBoost 1.2.7 classifier was employed,
with hyperparameters fine-tuned using GridSearchCV. The model was evaluated based
on metrics such as accuracy, F1-score, and ROC AUC score, with further optimization of
the decision threshold to enhance recall. Feature importance was determined using LIME
and permutation importance, leading to selecting the top features for model retraining.
Cross-validation was implemented to assess the model’s robustness, and final evaluations
were conducted to evaluate the effectiveness of models with all features and with the
selected subset.

3.1. Data Collection and Sample Size

The dataset used in this study was obtained from the Institute of Human Convergence
Health Science at Gachon University. Data collection was conducted across various com-
munity settings in Incheon, including social welfare centers, daycare centers, and senior
welfare centers, over nine months, from 1 September 2022 to 31 May 2023. This extended
period allowed for the acquisition of a comprehensive and diverse sample from different
locations. The prolonged data collection period contributed to a representative sample of
the target population.

Informed consent was obtained from all 664 participants before data collection, en-
suring ethical compliance. Standardized protocols were employed throughout the process
to maintain consistency and accuracy in the data. The dataset consists of 76 variables
categorized into demographic information, physical measurements, functional assessments,
medical evaluations, and health conditions, offering a detailed and multifaceted view of
the participant’s health and lifestyle characteristics, refer to Table A1.

3.2. Data Preprocessing

The target variable, sarcopenia_2, is a binary variable that indicates the presence or
absence of sarcopenia—a condition characterized by a loss of skeletal muscle mass and
function. A value of 0 represents the absence of sarcopenia, while a value of 1 indicates its
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presence. Predicting sarcopenia is the primary objective of our study, making this variable
central to our analysis.

To ensure the comparability of features, the data were standardized and normalized.
Standardization was performed using the Z-score normalization technique:

Xstandardized =
X − µ

σ

where X represents the feature values, µ is the mean, and σ is the standard deviation.
Normalization was applied to rescale the standardized data into the range [0, 1], using

the min–max scaler:

Xnormalized =
Xstandardized − Xmin

Xmax − Xmin

where Xmin and Xmax represent the lowest and highest values of the feature, respectively.
Z-score normalization is a widely used preprocessing technique that standardizes

variables to have a mean of 0 and a standard deviation of 1. Although it assumes variables
follow a normal distribution, it remains effective for machine learning models even with
non-normally distributed data. This is particularly applicable in models like CatBoost,
which are non-parametric and rely on decision-tree-based ensemble learning [11]. These
models do not require input variables to follow a specific distribution, as they are inherently
robust to variations in feature scaling and distribution.

Applying z-score normalization ensures consistent scaling of variables, preventing
features with larger numerical ranges from dominating the learning process [35]. Despite
the potential mismatch with non-normal distributions, z-score normalization retains the
relative relationships among values within a feature, which is critical for machine learning
workflows. Additionally, the model’s robustness to feature scaling was validated empir-
ically through cross-validation, confirming that z-score normalization did not degrade
performance but instead enhanced consistency and comparability across features.

3.3. Data Splitting and Resampling

The dataset was divided into training (70%) and testing (30%) subsets. This was per-
formed using the train_test_split function from scikit-learn. A random seed of 42 ensured
consistent results.

In this study, SMOTE+Tomek was selected to mitigate the class imbalance within the
sarcopenia dataset. In particular, this approach addresses the disparity in the representation
of sarcopenia-positive cases. By generating minority class samples, SMOTE guarantees
that the predictive model encounters an adequate number of sarcopenia instances. At the
same time, Tomek links enhance class boundaries by eliminating near-boundary instances
that create uncertainty. This hybrid technique enhances class separation and reduces
overfitting, leading to more accurate boundary definition between classes and improving
the model’s sensitivity to sarcopenia cases. Consequently, SMOTE+Tomek contributes to a
more balanced dataset that optimizes recall, precision, and generalization, aligning with
the study’s goal of reliable sarcopenia prediction [22]. This resulted in a balanced dataset
for training, as visualized in the post-resampling target distribution (Figure 1).

The figure illustrates the class distribution for binary classification in different stages
of data processing. In the full dataset (Figure 1a), the majority class (class 0) accounts for
78.92% (524 samples), while the minority class (class 1) represents 21.08% (140 samples),
highlighting an imbalanced dataset. In the test dataset before applying SMOTE+Tomek
(Figure 1b), the majority class maintains a similar imbalance with 76.50% (153 samples),
and the minority class constitutes 23.50% (47 samples). For the training dataset before
resampling (Figure 1c), the majority class is 79.96% (371 samples), and the minority class
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is 20.04% (93 samples), continuing the imbalance. After applying SMOTE+Tomek to the
training dataset (Figure 1d), the class distribution is perfectly balanced, with both classes
contributing equally at 50% each (371 samples per class), ensuring that the training data
are suitable for addressing the class imbalance issue.

Figure 1. Target distribution across the dataset and after applying SMOTE+Tomek. (a) Target
distribution for the full dataset before SMOTE+Tomek. (b) Target distribution for the test data before
SMOTE+Tomek. (c) Target distribution for the training data before SMOTE+Tomek. (d) Target
distribution for the training data after SMOTE+Tomek, showing balanced classes.

3.4. Training Model

CatBoost is a gradient-boosting technique that creates an ensemble of decision trees to
iteratively reduce a loss function. The model prediction is represented as

G(x) =
M

∑
j=1

β jgj(x),

where G(x) is the overall model prediction for the input x, gj(x) are weak learners, β j are
their respective weights, and M is the total number of weak learners in the ensemble. Each
new learner is fitted to the negative gradient of the loss function at each iteration.

γj(x) = −
∂L(y, Gj−1(x))

∂Gj−1(x)
,

where γj(x) is the negative gradient for the loss function, L(y, Gj−1(x)) is the loss function
at iteration j − 1, y represents the true target values, and Gj−1(x) is the model prediction at
iteration j − 1.
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For classification, CatBoost typically uses the logarithmic loss function:

L(y, G(x)) = −
N

∑
k=1

[yk log(ŷk) + (1 − yk) log(1 − ŷk)],

where L(y, G(x)) is the loss function for classification, N is the total number of data points,
yk represents the true label for the k-th data point (yk ∈ 0, 1), and ŷk represents the predicted
probability of the positive class for the k-th data point.

For regression, the squared error loss is

L(y, G(x)) =
1
N

N

∑
k=1

(yk − G(xk))
2,

where L(y, G(x)) is the loss function for regression, yk is the true target value for the k-th
data point, and G(xk) is the predicted value for the k-th data point.

To prevent overfitting, CatBoost uses L2 regularization and learning rate shrinkage,
represented as

Gj(x) = Gj−1(x) + η · β jgj(x),

where Gj(x) is the updated model prediction after iteration j, Gj−1(x) is the model predic-
tion from the previous iteration (j− 1), η is the learning rate, which controls the contribution
of each new weak learner to the model, and β j and gj(x) are the weight and prediction of
the j-th weak learner, respectively.

Additionally, CatBoost incorporates ordered boosting to reduce prediction shifts and
improve model stability.

3.5. Feature Importance

We used the LIME method to pinpoint the key features that influence the predictions
made by the model. LIME clarifies specific predictions by locally approximating the
model and determining the most significant features for each case. This approach proved
especially beneficial in gaining a clear insight into the model’s reasoning process.

LIME was chosen in this study because of its ability to improve model interpretability,
a critical factor for clinical applications of machine learning in the prediction of sarcopenia.
By providing local explanations, LIME facilitates insight into the contribution of individual
features, such as basal metabolic rate (BMR) and body fat percentage, to each specific pre-
diction, thereby aligning with personalized healthcare approaches [36]. The model-agnostic
nature of LIME allows it to be applied flexibly to the CatBoost algorithm without requiring
access to its internal structure, supporting the study’s focus on accuracy and interpretability.
This feature is particularly valuable for identifying influential predictors within a complex,
multifactorial condition like sarcopenia, enabling clinicians to understand better and trust
the model’s decisions. Furthermore, LIME’s local interpretability assists in refining feature
selection and optimizing the model by highlighting the most impactful variables, which en-
hances both computational efficiency and predictive accuracy. By increasing transparency
in decision-making, LIME also helps meet ethical and regulatory standards for explainable
AI, making it a suitable choice for healthcare applications that prioritize clarity, fairness,
and reliability [37].

LIME is a technique designed to interpret complex machine learning models by
generating local approximations of the model’s behavior around individual predictions.
The method assumes that while the global model may be complex and nonlinear, the model
can be approximated locally by a simpler, interpretable model, such as a linear regression
or decision tree.
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Given an instance x, LIME perturbs the input by generating several samples in its
local vicinity and observes how the model’s predictions change. It then fits a simpler
interpretable model g(x) to approximate the original model f (x) within this local neigh-
bourhood. The objective is to minimize the following weighted loss function:

L( f , g, µx) = ∑
z∈Z

µx(z)( f (z)− g(z))2,

where µx(z) is a proximity measure that assigns higher weights to samples closer to the
original instance x The simplified model g(x) provides insight into which features were
most important in the original model’s prediction.

By focusing on local rather than global behavior, LIME makes model predictions
interpretable without requiring access to the model’s internal structure, ensuring it re-
mains model-agnostic.

3.6. Comparative Feature Selection Approaches

In this study, we compare LIME with RFE and MRMR as feature selection techniques
to identify the most predictive features for sarcopenia. LIME offers instance-level inter-
pretability, which enhances understanding of individual predictions, an important aspect
of clinical decision-making. RFE and MRMR, on the other hand, provide globally opti-
mized feature sets by focusing on overall model performance and minimizing redundancy,
respectively. By applying and comparing these methods, we aim to identify a feature selec-
tion approach that optimally balances accuracy, interpretability, and clinical applicability,
offering insights into the most effective feature selection strategies for predictive modeling
in sarcopenia (Table 1).

The LIME algorithm is a method for interpretability that aims to clarify the predictions
made by intricate machine-learning models by locally approximating these predictions
with a simpler, more interpretable surrogate model. LIME perturbs an instance within
its local neighborhood to create synthetic samples; subsequently, a more straightforward
and interpretable model (like linear regression) is applied to these samples, with weights
reflecting their closeness to the initial instance. This approach offers insights into which
features most influence specific predictions, making it particularly valuable for model
interpretability in fields requiring decision transparency, such as healthcare [31,38].

The key steps in LIME are as follows:

1. Data perturbation: perturbs the input instance around a local neighborhood, generat-
ing synthetic samples by altering feature values randomly.

2. Weighting samples: applies a proximity weighting kernel to emphasize samples closer
to the instance being explained.

3. Local model fitting: applies a straightforward, easily interpretable model (such as
linear regression) to the weighted synthetic samples to locally estimate the decision
boundary of the original model.

4. Interpretability: the local model’s coefficients provide feature weights that indicate
their importance for the specific prediction.

Recursive Feature Elimination (RFE) is a technique for selecting features that pro-
gressively eliminate the least significant ones according to importance scores related to
the model, like coefficients in linear models or feature importances in models based on
trees. RFE trains a model repeatedly, ranking features and discarding those with the lowest
relevance until the desired number of features remains. This method effectively optimizes
model accuracy by retaining only the most predictive features, though it depends heavily
on the chosen model’s inherent importance metrics [39].
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Minimum Redundancy Maximum Relevance (MRMR) is a feature selection method
based on information theory that seeks to find features that are highly pertinent to the
target variable while being as non-redundant as possible among themselves. MRMR ranks
features based on mutual information to maximize relevance to the target and minimize
redundancy among selected features, making it ideal for high-dimensional datasets with
potential multicollinearity. This approach has been widely used in complex predictive
tasks for its ability to enhance model performance by focusing on unique, non-overlapping
features [40,41].

Table 1. Comparative analysis of LIME, RFE, and MRMR based on recent studies.

Criterion LIME RFE MRMR

Type of Interpretation

Local interpretability:
explains individual
predictions for
instance-specific
insights [33]

Global interpretability:
identifies feature
importance across the
entire dataset [42]

Global interpretability with
focus on minimizing
feature redundancy [40]

Feature Selection
Mechanism

Model-agnostic surrogate
model; approximate model
predictions locally with
weighted samples [38]

Iterative feature
elimination based on
feature importance derived
from model coefficients or
feature scores [42]

Mutual information-based,
ranking features by
relevance to target variable
and minimizing
redundancy among
selected features [40]

Computational
Complexity

Moderate to high; depends
on model complexity and
number of samples used in
perturbation [34]

Generally moderate; grows
with dataset size and
feature count [42]

Low to moderate; efficient
for high-dimensional data
due to the direct
computation of mutual
information [41]

Model Dependence

Model-agnostic; applicable
to any model, including
deep learning and
ensemble methods [36]

Model-dependent; relies on
feature importance from
specific models, typically
tree-based or linear
models [39]

Model-independent; does
not require a model,
making it versatile across
feature selection tasks [41]

Sensitivity to Data
Distribution

Sensitive to
instance-specific data;
explanations may vary
significantly between
instances [31]

Sensitive to the selected
model’s inherent feature
importance metrics;
susceptible to overfitting if
model complexity is
high [13]

Less sensitive due to use of
information-theoretic
metrics; generally robust
across data
distributions [40]

Primary Use Cases

Model interpretability,
personalized explanations,
understanding complex
models in healthcare and
finance [37]

Feature ranking and
dimensionality reduction
in high-dimensional
predictive modeling
tasks [39]

High-dimensional data
analysis with feature
relevance and low
redundancy, such as in
genomics and text
processing [10,40]

Limitations

Instability in explanations
due to random
perturbations; lacks global
feature importance [31]

Relies on model quality for
feature ranking; iterative
process can be
computationally
intensive [39]

Potential loss of relevant
features if they exhibit
redundancy; lacks
instance-specific
insights [10]

3.7. Model Training with Selected Features

After feature reduction, standardization and normalization were reapplied to ensure
consistency across the reduced feature set. This step is necessary because feature reduction
methods can alter the statistical properties of the remaining variables, including their mean
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and variance. Without re-standardization, differences in feature scales could negatively
impact the performance and stability of machine learning models [43]. Standardizing
the reduced feature set ensures that the selected features remain comparable, thereby
optimizing the training process and improving model convergence. The CatBoost classifier
was retrained using these reduced features, and its robustness was assessed through 10-fold
cross-validation.

A streamlined version of the CatBoost model was developed, applying the same
train-test split, feature preprocessing, and hyperparameter tuning as the original model.
The performance of both the full and reduced models was then compared across several
predictive metrics to evaluate their effectiveness.

3.8. Evaluation Metrics

Accuracy, serving as a foundational metric, measured the ratio of correctly identi-
fied cases to the total number of samples, while the confusion matrix offered a detailed
breakdown of true positives, true negatives, false positives, and false negatives, thus high-
lighting the model’s error patterns. To provide a more specific assessment of performance
per class, a classification report was created, including precision, recall, and F1-score for
each category, which illuminated the model’s equilibrium between false positives and
false negatives.

The ROC AUC Score (Area Under the Receiver Operating Characteristic Curve) was
computed to evaluate the model’s discrimination capacity across varying threshold settings,
with values approaching 1.0 indicative of strong classification performance. The ROC
curve, plotted from the calculated False Positive Rate (FPR) and True Positive Rate (TPR)
values, visually represented the trade-off between these two metrics. The area under the
curve (AUC) acted as a solid indicator of the model’s capacity to differentiate between
categories, with elevated AUC values indicating better sensitivity and specificity. This
comprehensive evaluation provided an in-depth perspective on the model’s accuracy,
reliability, and generalizability within the clinical context.

4. Result
The results section presents the outcomes of the implemented methodologies, in-

cluding model training and evaluation. The findings are structured to provide insights
into model performance both before and after feature selection and the impact of data
balancing techniques. Specifically, metrics such as accuracy, F1-score, ROC AUC score,
and confusion matrices are used to assess the predictive capabilities of the CatBoost model.
Additionally, the comparison between the full-featured model and the reduced-feature
model is highlighted to demonstrate the effect of feature selection on model efficiency
and performance.

4.1. Full-Featured Model Results

The CatBoost model employed in this research was fine-tuned through grid search
with cross-validation to identify the most effective parameters. The final selection of
hyperparameters for the model is shown in Table 2. These parameters were adjusted to
achieve a balance between accuracy and generalization, taking into account the unique
features of the dataset:

• Depth: a tree depth of 7 was selected to allow the model to capture sufficient com-
plexity in the data while avoiding overfitting.

• Iterations: the number of boosting iterations was set to 500, ensuring adequate training
cycles without excessive computation time.
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• Learning rate: a learning rate of 0.2 was chosen to allow the model to converge faster,
balancing the need for a lower error rate and shorter training time.

• Scale positive weight: this parameter was set to 1, indicating that the positive and
negative classes are treated equally in the model.

• Subsample: a subsampling rate of 0.7 was selected, meaning that the model randomly
selects 70% of the data for each iteration, reducing overfitting while maintaining
performance.

These hyperparameters were critical in achieving the optimal performance of the
CatBoost model for this specific dataset.

Table 2. Optimal parameters for CatBoost model.

Parameter Value
Depth 7
Iterations 500
Learning Rate 0.2
Scale Positive Weight 1
Subsample 0.7

The classification report offers comprehensive metrics regarding the effectiveness of
the binary classification model, highlighting precision, recall, and F1-score for every class.
The model exhibits an overall accuracy of 0.87, indicating that it accurately classified 87%
of the instances.

The classification report gives a summary of how well the model is performing in
terms of precision, recall, and F1-score. A precision of 0.82 signifies that 82% of the instances
that the model predicted as positive are correct. The recall of 0.81 shows that the model
successfully detects 81% of the positive cases found in the dataset. The F1-score, reflecting
a balance between precision and recall, is measured at 0.82, suggesting that the model
strikes a solid balance between these two metrics. These values illustrate that the model
operates effectively, with only slight differences between precision and recall, suggesting it
can reliably detect positive cases while maintaining a manageable rate of false positives
and false negatives. This level of performance suggests that the model is well balanced and
appropriate for applications where both precision and recall are crucial.

The confusion matrix presented offers a detailed assessment of the model’s classifi-
cation effectiveness for both classes (0 and 1). It is structured to display the number of
accurate and inaccurate predictions made by the model:

• The cell in the top-left corner (141) indicates the count of true negatives, signifying that
the model accurately identified class 0. This indicates that the majority of instances
belonging to class 0 were accurately identified.

• The top-right cell (12) denotes false positives, where the model incorrectly predicted
class 1 for instances that belong to class 0. These are cases of misclassification that
contribute to the error rate for class 0.

• The bottom-left cell (14) contains false negatives, where the model failed to identify
instances of class 1, mistakenly classifying them as class 0. This contributes to the
recall error for class 1.

• The cell in the bottom-right corner (33) indicates the true positives, reflecting the
instances where the model accurately predicted class 1. Although fewer in number
than class 0 predictions, this indicates that a substantial portion of class 1 instances
were correctly identified (Figure 2).
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Figure 2 depicts the confusion matrix for the test dataset, which retains the original
class imbalance. The test dataset contains 30% of the full dataset (199 cases), with 153
samples (76.5%) in the majority class and 47 samples (23.5%) in the minority class.
The total number of cases in Figure 2 aligns with the test dataset size and reflects the
model’s performance in an unbiased evaluation scenario.

Figure 2. Confusion matrix for the classification model.

The ROC curve shown in Figure 3 offers an extensive assessment of the classifier’s
performance by illustrating the balance between the true positive rate (TPR) and false
positive rate (FPR) at various decision thresholds. With an AUC (Area Under the Curve)
of 0.93, the model exhibits strong discriminative capability, signifying its effectiveness in
differentiating the positive from the negative classes. The curve ascends sharply towards
the top-left corner, indicating a high true positive rate with few false positives. This steep
rise is indicative of the model’s high sensitivity and specificity, minimizing both type I and
type II errors. The AUC value approaching 1.0 underscores the robustness of the model,
making it well suited for binary classification tasks where precise prediction is critical.
Overall, the ROC curve suggests that the classifier performs exceptionally well, providing
reliable predictive capabilities across a wide range of thresholds.

Figure 3. ROC curve for the classification model.
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4.2. Selected Features

The study selected a precise subset of 10 features based on their significant contribu-
tions to sarcopenia prediction accuracy and interpretability, as identified by LIME. This
focused selection enhanced the model’s computational efficiency while retaining predictive
power, allowing clinicians to interpret key physiological and functional indicators linked
to sarcopenia. These features were chosen to ensure that the model captures relevant
information without unnecessary complexity, contributing to an optimal balance between
model simplicity and performance.

Table 3 provides a brief explanation of the key features used in the predictive model.
Each feature is listed alongside its corresponding description, offering insight into the
physiological or assessment metrics involved in the model.

Table 3. Description of top features in the model.

Feature Description

BMR Basal Metabolic Rate
Sarc_calf Sarcopenia self-assessment questionnaire + calf circumference
G_TUG Grade of Timed Up and Go test
G_SS Grade of Stand and Sit
ND_SLS Nondominant Single leg stance test
FVC Forced Vital Capacity
SS Stand and Sit, the number of stand up in 30 s
MWT2 2-min walking test
D2_s Locomotion
Percent_BF Percent Body Fat

The LIME method was applied to assess the contribution of individual features to
the prediction process. The plot in Figure 4 illustrates the top features ranked by their
contributions to the model’s output. Notably, BMR_kcal > 0.38 had the highest negative
contribution (−0.33), suggesting that elevated basal metabolic rate reduces the likelihood of
a positive prediction. Several other features, including SARC_CalF ≤ 0.15, G_TUG ≤ 0.25,
and G_SS ≤ 0.25, also negatively impacted the prediction, with contributions around −0.11
each. These features primarily relate to physical assessment metrics, implying that specific
physiological thresholds are critical in driving negative outcomes in this model.

Conversely, the feature Percent_BF ≤ 0.44 exhibited the strongest positive contribu-
tion (0.38), indicating that lower body fat percentage significantly increases the likelihood
of a positive prediction. Other features, such as 0.51 < D2_s ≤ 0.69 and MWT2 > 0.54,
contributed positively, albeit to a lesser extent, with contributions of 0.05 each. These
features reflect the subjects’ physical mobility and locomotion capabilities, reinforcing their
importance in determining positive health outcomes within this context.

Table 3 and Figure 4 illustrate the importance of the selected features as identified by
the LIME framework. The “feature contribution” values in Figure 4 represent the magnitude
and direction of each feature’s influence on the model’s predictions. Positive values (orange
bars) indicate features that contribute positively to the prediction of sarcopenia (presence),
while negative values (blue bars) indicate features that oppose the prediction of sarcopenia
(absence). The “top contributions” refer to the subset of features with the largest absolute
contributions to the prediction, as identified by LIME for specific instances. These top
features are quantitatively assessed by their cumulative contributions compared with all
76 features, demonstrating that the selected features capture the majority of predictive
power while reducing model complexity.
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Figure 4. The bar chart shows the top features contributing to the model’s prediction as interpreted
by the LIME method.

Figure 5 shows the ranking of features based on their contribution to the classifica-
tion model, with BMR_kcal having the highest importance, followed by FVC and D2_s,
highlighting their significant role in sarcopenia prediction. This visualization demonstrates
how these key physiological and functional indicators contribute disproportionately to the
prediction outcomes, reinforcing their relevance in the context of sarcopenia assessment.

Figure 5. Feature importance based on contribution scores for predicting sarcopenia.

4.3. Comparison of Feature Selection Methods

To compare the feature selection results from LIME, RFE, and MRMR, we examine
each method’s contribution to predictive accuracy, interpretability, and feature diversity,
highlighting the distinct attributes each selection yields for the sarcopenia prediction model.

LIME offers instance-level interpretability by identifying the most influential features
for specific predictions rather than providing a global ranking across the dataset. The LIME-
based selection includes features that contribute directly to local predictions, such as basal
metabolic rate (BMR), Timed Up and Go (TUG) scores, and percent body fat (Percent_BF).
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These features are individually relevant for clinical assessments, aligning with interpretabil-
ity goals in healthcare applications where understanding each prediction’s driving factors
is crucial. LIME’s selection emphasizes features directly affecting individual outcomes,
a notable advantage in patient-specific evaluations.

RFE optimizes feature selection by iteratively removing the least significant features
according to the model’s performance across the entire dataset. The RFE selection incorpo-
rates features like age, percent body fat (Percent_BF), and forced expiratory volume (FEV1).
These features offer a global relevance that enhances model performance by consistently
emphasizing statistically significant predictors. While RFE lacks LIME’s local interpretabil-
ity, it is robust in identifying features that optimize model accuracy across all instances,
essential in generalizing predictions within larger datasets (Table 4).

MRMR prioritizes features with maximum relevance to the target variable and minimal
redundancy among selected features. The MRMR feature set includes Sarcopenia Calf
(SARC_CalF), BMR, and Dorsal Muscle Strength (Dorsal_L_1), which provide diverse and
unique information on sarcopenia indicators. MRMR reduces multicollinearity, allowing for
a compact and informative feature subset that avoids redundant predictors. This method’s
information-theoretic foundation provides an optimal balance between feature relevance
and diversity, reducing complexity without sacrificing predictive capacity (Table 5).

Table 4. RFE-based feature selection.

Feature Description
Age Age of Participant
Percent_BF Percent Body Fat
BMR_kcal Basal Metabolic Rate
Plantar_L_1 Left Plantar Muscle Strength
Dorsal_L_1 Left Dorsal Muscle Strength
D_Dorsal Dominant Dorsal Muscle Strength
SLS_R Right Single Leg Stance Test
SARC_CalF Sarcopenia self-assessment questionnaire + calf circumference
FEV1 Forced Expiratory Volume in 1 Second
Hyperlipidemia Presence of elevated levels of lipids

Table 5. MRMR-based feature selection.

Feature Description
SARC_CalF Sarcopenia self-assessment questionnaire + calf circumference
BMR_kcal Basal Metabolic Rate
G_SS Grade of Stand and Sit
PEF Peak Expiratory Flow
Dorsal_L_1 Left Dorsal Muscle Strength
ND_Dorsal Nondominant Dorsal Muscle Strength
Area_Dong Geographic Area (Dong)
ND_Plantar Nondominant Plantar Muscle Strength
D_Dorsal Dominant Dorsal Muscle Strength
Place Location of Testing Facility

Across the three methods, there is partial overlap, particularly with features like
BMR and SARC_CalF, selected by both LIME and MRMR. This convergence suggests
these features are universally significant for sarcopenia prediction. However, there are
notable differences in the selection sets: age and percent body fat are prioritized in RFE,



Mathematics 2025, 13, 98 16 of 26

while MRMR emphasizes muscle strength indicators such as dorsal muscle strength and
nondominant plantar strength. These distinctions reflect each method’s underlying priori-
ties—LIME and MRMR align with clinical relevance and diversity, while RFE emphasizes
features that maximize global model performance.

4.4. Reduced-Feature Model Results

The features used in the “reduced-feature model” are the features listed in Table 3
that were selected for this model. These features were chosen based on their importance
as identified through the feature selection process. Table 3 provides a comprehensive
description of these selected features, which represent the most significant contributors to
the model’s predictive performance while effectively reducing dimensionality. The reduced-
feature model achieved an accuracy of 0.89, indicating that the model using a chosen group
of attributes performs comparably to the full-feature model. The classification report reveals
a precision of 0.85, meaning that 85% of the instances identified as positive were accurately
classified. The recall was recorded at 0.83, which signifies that the model correctly identified
83% of the actual positive instances. The F1-score, a harmonic mean of precision and recall,
was 0.84, reflecting a balanced trade-off between the two metrics. These results suggest that
the reduced set of features is sufficient to maintain robust predictive performance while
simplifying the model, which could improve interpretability and computational efficiency.
The high performance of the reduced-feature model demonstrates that the selected features
are both informative and predictive, supporting the model’s ability to generalize well to
unseen data.

The confusion matrix plot in Figure 6 illustrates the performance of the model using
the selected features. It shows the following:

• True Negatives (144): correct predictions for class 0.
• False Positives (9): instances where the model incorrectly predicted class 1 instead of

class 0.
• False Negatives (13): instances where the model incorrectly predicted class 0 instead

of class 1.
• True Positives (34): correct predictions for class 1.

Figure 6. The confusion matrix illustrates the performance of the model using a selected subset
of features.

Feature interpolation was applied as a data augmentation technique to enhance the
training data. Prior to augmentation, the model achieved an accuracy of 0.89, precision
of 0.85, recall of 0.83, and an F1-score of 0.84. After augmentation, the accuracy slightly
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decreased to 0.88, while the precision remained stable at 0.84, recall improved to 0.85,
and the F1-score remained consistent at 0.84. These results indicate that data augmentation
improved the model’s recall, reflecting better detection of the positive class while main-
taining overall predictive performance. Model changes can be shown in Figure 7 after
data augmentation.

Figure 7. The confusion matrix illustrates the performance of the model after data augmentation.

The ROC curve, as illustrated in Figure 8, provides a comprehensive evaluation of
the reduced-feature model’s ability to differentiate between the two classes across varying
decision thresholds. The graph illustrates the relationship between the true positive rate
(sensitivity) and the false positive rate (1 − specificity), highlighting how well the model
performs in achieving a balance between these important metrics. The area under the curve
(AUC) is calculated to be 0.94, signifying the model’s strong discriminatory capability.
The sharp rise toward the top-left corner of the graph emphasizes the model’s capability to
attain high sensitivity while keeping the false positive rate, underscoring its robustness
and efficacy when utilizing the selected subset of features.

Figure 9 illustrates the convergence of training loss and validation loss over iterations
for the CatBoost model. Both curves decrease steadily and stabilize after approximately
200 iterations, indicating that the model successfully minimizes the loss without overfitting.
The close alignment between the training and validation loss curves demonstrates good
generalization performance, ensuring that the model is learning meaningful patterns from
the data rather than fitting noise.
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Figure 8. The ROC curve illustrates how well the model performs with the chosen features, achieving
an area under the curve (AUC) of 0.94.

Figure 9. Training and validation loss curves for the CatBoost model during training.

4.5. Model Accuracy Comparison Across Feature Selection Techniques

Table 6 provides a comparative analysis of model accuracy across four machine
learning algorithms: CatBoost, RF, SVM, and XGBoost, using different feature selection
techniques: raw data (no feature selection), LIME-based selection, RFE-based selection,
and MRMR-based selection. This comparison highlights the impact of each feature selection
method on the predictive performance of the models. Table 6 represents the performance
metrics on the test dataset.
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Table 6. Accuracy of models with different feature selection techniques.

Feature Selection Technique CatBoost RF SVM XGBoost
Raw Data 0.87 0.80 0.84 0.86
LIME 0.89 0.86 0.87 0.88
RFE 0.88 0.87 0.85 0.87
MRMR 0.83 0.84 0.81 0.85

We made the following observations:

1. CatBoost demonstrates the highest accuracy across all feature selection methods,
with LIME-based selection achieving the best accuracy (0.89). The raw data accu-
racy is 0.87, indicating that feature selection with LIME and RFE provides a slight
improvement, while MRMR reduces accuracy to 0.83.

2. RF shows a notable increase in accuracy when feature selection techniques are applied.
Starting with a base accuracy of 0.80 using raw data, RF achieves 0.86 with LIME
and 0.87 with RFE, highlighting these methods’ positive impact. MRMR results in a
moderate accuracy of 0.84.

3. SVM’s performance is improved with LIME-based feature selection, reaching an
accuracy of 0.87, the highest for this algorithm. The raw data accuracy is 0.84, while
RFE and MRMR achieve 0.85 and 0.81, respectively.

4. XGBoost performs consistently well across feature selection techniques, with the high-
est accuracy of 0.88 observed for LIME-based selection. RFE maintains a high accuracy
of 0.87, while the raw data and MRMR selections yield slightly lower accuracies of
0.86 and 0.85, respectively.

Overall, LIME-based feature selection consistently yields the highest accuracy across
the models, particularly enhancing the performance of CatBoost, RF, and SVM. The RFE-
based selection also improves accuracy, especially for RF and SVM, suggesting its robust-
ness in identifying globally relevant features. MRMR-based selection, while providing a
diverse feature set, demonstrates slightly lower accuracy across models, likely due to its
emphasis on minimizing redundancy over global relevance.

This comparison underscores that the choice of feature selection method impacts
model performance. LIME and RFE show significant improvements, making them suitable
choices for optimizing predictive accuracy in sarcopenia detection models.

5. Discussion
The manuscript focuses on developing a machine learning model for predicting

sarcopenia, leveraging advanced techniques like the CatBoost algorithm and LIME for
interpretability. A balanced dataset was created using SMOTE-Tomek, and feature selection
enhanced model efficiency and clinical relevance. The results highlight the model’s ability
to achieve high accuracy and interpretability by prioritizing critical features such as basal
metabolic rate and physical performance metrics. Future work aims to validate findings
across diverse populations. Additionally, it seeks to incorporate broader clinical variables
to improve generalizability.

To address the limitations of using surface electromyography (sEMG) in clinical set-
tings, we acknowledge the challenges posed by the need for specialized equipment and
variability in measurement protocols. Recent advancements, however, have made sEMG
more feasible for clinical use. Portable and miniaturized systems now reduce the equipment
burden, enabling their application in diverse environments [44]. Improvements in signal
preprocessing and denoising techniques further enhance the reliability of sEMG measure-
ments, even under variable conditions [45]. Ongoing efforts to standardize protocols and
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include larger cohorts aim to mitigate sample size limitations and improve generalizabil-
ity [46]. Additionally, the integration of physical activity and obesity features, such as
moderate-to-vigorous physical activity (MVPA) and waist circumference, plays a critical
role in sarcopenia prediction. Objective methods, such as accelerometer-based activity
tracking, have been shown to correlate with reduced risks of severe sarcopenia and sar-
copenic obesity, while stratified analyses address variability across populations [18,47,48].
These strategies enhance model reliability and generalizability, ensuring applicability in
real-world scenarios.

Despite its effectiveness, the reliance on LIME for feature selection and interpretation
presents challenges. LIME’s instability, caused by random perturbations, and its focus on
local explanations limit its ability to capture global feature interactions. Recent advance-
ments, such as OptiLIME and DLIME, address these issues by improving stability through
optimized perturbation strategies and deterministic sampling [49,50]. Furthermore, hybrid
approaches integrating LIME with SHAP provide both local and global interpretability,
offering a more comprehensive understanding of feature interactions [51]. Similarly, while
the SMOTE-Tomek technique effectively addresses class imbalance, synthetic samples may
not accurately represent the minority class, leading to potential overfitting and reduced
generalizability [9,52]. Exploring advanced techniques, such as metaheuristic-based feature
selection, could further enhance predictive accuracy while mitigating these biases [53]. Fi-
nally, the inclusion of additional factors, such as genetic predispositions, hormonal changes,
and nutritional status, as highlighted by recent studies, could provide a more comprehen-
sive assessment of sarcopenia risk and improve the model’s clinical applicability [54,55].

The comparison between the full-feature model and the reduced-feature model reveals
notable differences in performance metrics, indicating the impact of feature selection on
model efficiency and accuracy; refer to Table 7.

Table 7. Comparison of full-feature and reduced-feature models.

Metric Full-Feature
Model

Reduced-Feature
Model

Accuracy 0.87 0.89
Precision 0.82 0.85
Recall 0.81 0.83
F1-Score 0.82 0.84
True Positives (Class 1) 33 34
True Negatives (Class 0) 141 144
False Positives (Class 0 misclassified as 1) 12 9
False Negatives (Class 1 misclassified as 0) 14 13
ROC AUC Score 0.93 0.9609

With a sample size of 664 participants, our study provides a robust methodological
advantage over the 210-participant study by [14]. A larger dataset enhances model stability
and reduces overfitting risks, allowing for better generalization across diverse clinical
populations. This greater representativeness enables our model to capture a broader
spectrum of sarcopenia-related features, increasing statistical power and yielding reliable
performance metrics like accuracy and recall. These strengths make our model a more
robust and clinically applicable tool for early sarcopenia detection, supporting its practical
utility in real-world healthcare settings.

The comprehensive model reached an accuracy of 0.87, demonstrating a precision of
0.82, a recall of 0.81, and an F1-score of 0.82. The confusion matrix indicates that the model
accurately identified 141 instances of class 0 and 33 instances of class 1 but incorrectly
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labeled 12 instances as false positives and 14 as false negatives. The ROC curve for the
full-feature model yielded an AUC of 0.93, reflecting strong but not optimal discriminative
power in distinguishing between the two classes. These results demonstrate that the full
set of features allows the model to perform with reasonable accuracy and balance between
precision and recall.

In contrast, the reduced-feature model exhibited an improvement in accuracy, reaching
0.89, with precision of 0.85, recall of 0.83, and an F1-score of 0.84. The confusion matrix
for this model indicates a slight improvement, with fewer false positives (9) and false
negatives (13), suggesting a better classification performance overall. Additionally, the ROC
curve for the reduced-feature model displayed a higher AUC of 0.9609, indicating superior
discriminatory capability compared with the full-feature model.

The increased accuracy and AUC in the reduced feature model suggest that the selected
subset of features not only retains critical predictive information but also enhances the
model’s performance by removing redundant or irrelevant features. This result implies that
feature selection contributes to both computational efficiency and improved classification
performance. Additionally, the higher precision and recall in the reduced model indicate
a better balance in correctly identifying both positive and negative classes, reducing the
number of misclassified instances.

The contributions in Table 8 were calculated using the LIME framework. For each
prediction instance, LIME assigns contribution values to features based on their influence
on the local prediction. These instance-level contributions were aggregated and normalized
across all instances to compute the overall contribution values, which are used to rank
the features.

The ranking of features, as shown in Table 8, provides insight into the relative impor-
tance of each variable in contributing to the predictive performance of the model. BMR_kcal
ranks the highest, with a contribution of 0.86, indicating that basal metabolic rate plays a
crucial role in influencing the model’s predictions. This suggests that metabolic factors are
key determinants in the classification process, likely reflecting their strong association with
the target outcome.

Following this, FVC with a contribution of 0.72 and D2_s with 0.67 are also among
the top contributors. These features, which measure respiratory function and locomotion,
respectively, highlight the importance of physical capacity and mobility in the model’s
predictive power. The features SS (Stand and Sit Test) and MWT2 (2-minute walking test)
also rank highly, further supporting the importance of physical performance metrics in the
model’s decision-making.

Table 8. Ranking of selected features based on contribution.

Rank Feature Contribution
1 BMR_kcal 0.86
2 FVC 0.72
3 D2_s 0.67
4 SS 0.64
5 MWT2 0.57
6 ND_SLS 0.54
7 G_TUG 0.25
8 Percent_BF 0.18
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6. Conclusions
Specifically, the study successfully developed a machine learning model using the

CatBoost algorithm to predict sarcopenia, employing both full and reduced feature sets.
Using the LIME method, the model identified key features that significantly contribute
to the prediction of sarcopenia, such as basal metabolic rate (BMR), Forced Vital Capacity
(FVC), and various physical performance tests (e.g., 2 min walking test, Stand and Sit Test).
These features provide a clearer understanding of the condition’s risk factors.

In summary, the reduced-feature model outperformed the full-feature model, with an
accuracy of 0.89 versus 0.87. This indicates that the selected features retained critical
information while reducing complexity. The reduced model also achieved a higher AUC
score (0.94), indicating superior discriminative power.

Furthermore, the application of SMOTE-Tomek balancing improved the handling of
class imbalance, enhancing the model’s generalization. The research highlights that feature
selection not only optimizes model performance but also facilitates easier interpretation,
making it potentially valuable for clinical applications in identifying high-risk patients
with sarcopenia.

The study contributes to the existing literature by demonstrating the effectiveness of
machine learning and feature selection techniques in medical data analysis, emphasizing the
significance of physiological and functional assessments in sarcopenia prediction. Future
research should explore the generalizability of these findings across different populations
and the integration of additional clinical variables.
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Appendix A

Table A1. List of features with descriptions for sarcopenia dataset.

ID Feature Description

1 sarcopenia_2 Sarcopenia indicator
2 Place Location where data were collected
3 sex Gender of the subject
4 Age Age of the subject in years
5 Percent_BF Percent Body Fat
6 BFM Body Fat Mass
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Table A1. Cont.

ID Feature Description

7 SMM Skeletal Muscle Mass
8 BMI Body Mass Index
9 BMR Basal Metabolic Rate

10 SBP Systolic Blood Pressure
11 DBP Diastolic Blood Pressure
12 BP_stage Blood Pressure Stage
13 ASM Appendicular Skeletal Muscle
14 CC Calf Circumference
15 HG_R_1 Hand grip strength right (1st trial)
16 HG_R_2 Hand grip strength right (2nd trial)
17 HG_L_1 Hand grip strength left (1st trial)
18 HG_L_2 Hand grip strength left (2nd trial)
19 HG_R_M Maximum hand grip strength, right
20 HG_L_M Maximum hand grip strength, left
21 D_HG Dominant hand grip strength
22 ND_HG Non-dominant hand grip strength
23 Plartar_R_1 Plantar flexion strength, right foot
24 Plartar_L_1 Plantar flexion strength, left foot
25 Dorsal_R_1 Dorsal flexion strength, right foot
26 Dorsal_L_1 Dorsal flexion strength, left foot
27 D_Plantar Dominant plantar flexion strength
28 D_Dorsal Dominant dorsal flexion strength
29 ND_Plantar Non-dominant plantar flexion strength
30 ND_Dorsal Non-dominant dorsal flexion strength
31 Plantar_MAX Plantar flexion maximum strength
32 Dorsal_MAX Dorsal flexion maximum strength
33 SLS_R Single leg stance test, right leg
34 SLS_L Single leg stance test, left leg
35 D_SLS Dominant leg single-leg stance test
36 ND_SLS Non-dominant leg single-leg stance test
37 SLS_MAX Maximum single-leg stance test
38 SS Stand and Sit count (30-second repetitions)
39 SS_SPPB Stand and Sit time for five repetitions (SPPB)
40 CSR Chair sit and reach test
41 2MWT 2-minute walking test
42 TUG Timed up and go test
43 Gait Speed_SPPB Gait speed for 4-meter walk
44 SPPB Short Physical Performance Battery score
45 SarQoL_Total_a Total SarQoL score (absolute value)
46 SarQoL_Total_s Total SarQoL score (adjusted)
47 D1 Physical and Mental Health domain
48 D2 Locomotion domain
49 D3 Body Composition domain
50 D4 Functionality domain
51 D5 Activities of daily living domain
52 D6 Leisure activities domain
53 D7 Fears domain
54 FES Fall efficacy scale
55 SARC_F Sarcopenia self-diagnosis questionnaire
56 SARC_Calf Sarcopenia questionnaire + calf circumference
57 DM Diabetes Mellitus
58 Area_city Residential area (city/province)
59 Area_Dong Residential area (neighborhood/township)
60 Education level Participant’s education level
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Table A1. Cont.

ID Feature Description

61 Religion Religion
62 Smoking Smoking status
63 Smoking_d Smoking duration
64 Smoking_a Smoking amount
65 Drinking_f Drinking frequency
66 Drinking_d Drinking duration
67 Drinking_a Drinking amount
68 Family Family type
69 House Housing type
70 Income Monthly income
71 Education level_p Education level of parents/guardian
72 Regular PA Regular physical activity participation
73 Type of PA Type of physical activity
74 SAF Skin autofluorescence level (e.g., measure of tissue glycation)
75 HbA1c Hemoglobin A1c level (average blood sugar)
76 Hypertension Hypertension status
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