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Abstract

Background

Sarcopenia and reduced muscle quality index have garnered special attention due to their

prevalence among older individuals and the adverse effects they generate. Early detection

of these geriatric pathologies holds significant potential, enabling the implementation of

interventions that may slow or reverse their progression, thereby improving the individual’s

overall health and quality of life. In this context, artificial intelligence opens up new opportuni-

ties to identify the key identifying factors of these pathologies, thus facilitating earlier inter-

vention and personalized treatment approaches.

Objectives

investigate anthropomorphic, functional, and socioeconomic factors associated with muscle

quality and sarcopenia using machine learning approaches and identify key determinant

factors for their potential future integration into clinical practice.

Methods

A total of 1253 older adults (89.5% women) with a mean age of 78.13 ± 5.78 voluntarily par-

ticipated in this descriptive cross-sectional study, which examines determining factors in

sarcopenia and MQI using machine learning techniques. Feature selection was completed

using a variety of techniques and feature datasets were constructed according to feature

selection. Three machine learning classification algorithms classified sarcopenia and MQI in

each dataset, and the performance of classification models was compared.

Results

The predictive models used in this study exhibited AUC scores of 0.7671 for MQI and

0.7649 for sarcopenia, with the most successful algorithms being SVM and MLP. Key fac-

tors in predicting both conditions have been shown to be relative power, age, weight, and
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the 5STS. No single factor is sufficient to predict either condition, and by comprehensively

considering all selected features, the study underscores the importance of a holistic

approach in understanding and addressing sarcopenia and MQI among older adults.

Conclusions

Exploring the factors that affect sarcopenia and MQI in older adults, this study highlights that

relative power, age, weight, and the 5STS are significant determinants. While considering

these clinical markers and using a holistic approach, this can provide crucial information for

designing personalized and effective interventions to promote healthy aging.

Introduction

Aging is marked by a progressive loss of physical and physiological capacities, resulting in a

decline in functions and heightened vulnerability to death [1]. This deterioration stands as the

primary risk factor for major human pathologies [2]. The concurrent increase in life expec-

tancy, coupled with a growing elderly population, raises substantial concerns about public

health [3]. Consequently, a rising demand emerges for the development of effective solutions

to address age-related pathologies, with frailty and sarcopenia taking center stage among the

most prevalent geriatric conditions [4, 5]. The universal decline in both muscle quantity and

quality with age further intensifies these concerns, highlighting the acute necessity for targeted

interventions and tools to mitigate the consequences of age-related muscular deterioration [6].

Frailty and sarcopenia are related yet distinct conditions associated with aging. While sarco-

penia primarily affects the musculoskeletal system, frailty is a more multifactorial syndrome

[7]. According to the European Working Group on Sarcopenia in Older People (EWGSOP-2),

the first criterion indicating the probable presence of sarcopenia is the characteristic decrease

in muscle strength, while the reduction in muscle mass and quality confirms the diagnosis. In

cases where inferior physical performance is identified, sarcopenia is categorized as severe [8].

The EWGSOP-2 underscores the significance of assessing not just the quantity of muscle, but

also its quality [8]. Muscle quality (MQ) encompasses both microscopic and macroscopic

alterations in muscle architecture, as well as the functional output per unit of muscle mass [9].

An essential sign of an older adult’s general health is the overall condition of their muscles

[10]. Age-related declines in muscle mass and quality are prevalent for everyone, leading to

frailty and sarcopenia, reduced independence, compromised quality of life, and heightened

mortality risk [6, 9]. It is imperative to comprehend factors influencing muscle quality, along-

side actively maintaining and regulating it, to stave off declines in muscle mass, strength, and

regenerative capabilities [11].

One of the possible strategies that maintains optimal health during aging is regular physical

activity, as aging, even in healthy individuals, is associated with a progressive decline in muscu-

lar, neural and cognitive function, leading to deficits in functionality [12]. These interventions

result in an improvement of the features of sarcopenia and muscle quality by optimizing

changes in body composition, improving strength and mobility, increasing physical activity

levels and improving the cardiorespiratory system, among others [13–15].

The mentioned geriatric pathologies have been given special attention due to their preva-

lence among older individuals and the adverse events they generate [4, 16]. Additionally, early

detection holds significant potential, enabling the implementation of interventions that may

slow or reverse progression, reduce health costs, and enhance quality of life [8, 16].
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In community and clinical settings, developing specific machine learning (ML) models tai-

lored to predict sarcopenia and MQ based on the characteristics of the studied population is

presented as a crucial asset. Machine learning, a subset of artificial intelligence, is a computa-

tional technique that enables computers to automatically learn from data to identify patterns

and make predictions in order to identify key factors contributing to the risk of health con-

cerns such as MQ and sarcopenia [17]. Machine learning is commonly applied in clinical set-

tings for disease diagnosis and prognosis [18]. Several studies have used ML to discover

important factors for predicting sarcopenia and frailty [3, 19, 20]. Enhancing the detection of

physiological, environmental, social, and lifestyle factors contributing to frailty and sarcopenia

in older individuals will refine prediction models and enhance healthcare system policies and

practices [21].

Artificial intelligence opens new opportunities to advance personalized medicine and

understand relevant characteristics in pathophysiology, with recent research demonstrating its

effectiveness [21, 22]. Utilizing these developments in personalized medicine using ML per-

mits the identification of complex patterns in large datasets, the anticipation of health risks,

and aids in the design of intervention strategies. Integrating these techniques into clinical prac-

tice, this study aims to investigate anthropomorphic, functional and socioeconomic factors

associated with muscle quality and sarcopenia, using ML approaches.

Methods

Study design and population

This descriptive cross-sectional study investigates dynamometric, anthropometric, and Short

Physical Performance Battery (SPPB) test outcomes, including balance, gait speed test and

chair stand test alongside socioeconomic index data. Participants were selected from the

"Health for the Elderly" program sponsored by the Bilbao City Council. Inclusion criteria for

participants encompass being aged 60 or older, currently enrolled in the "Health for the

Elderly" program, and voluntarily participating, with the inability to walk independently serv-

ing as the exclusion criteria. Most of the patients are of Basque origin, sharing similar demo-

graphic, racial, and body characteristics. This homogeneity in the sample may limit the

generalizability of the model, as it does not adequately capture the variability found in a more

diverse population. The data collection of the study was approved by the University of Deusto

Ethics Committee (reference # ETK-32/18–19), started on May 1st, 2019 and finished on May

31st, 2019 and written informed consent was obtained from each participant prior to study.

Ethics approval

The data collection of the study was approved by the University of Deusto Ethics Committee

(reference # ETK-32/18–19) and written informed consent was obtained from each participant

prior to study.

Measurement protocol

Manual grip strength. A Camry EH101 electronic hand dynamometer, approved as med-

ical equipment by the Spanish Agency for Medicines and Health Products, was used to mea-

sure hand grip strength. The testing protocol involved individuals adopting a posture with a

slight shoulder abduction (approximately 10˚), with the elbow in full extension and the fore-

arm and hand in a neutral position [23]. Each participant underwent two tests, with the higher

recorded value used for analysis. The CAMRY EH101 dynamometer, employed in this study,
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demonstrated excellent reliability and validity. This device stands out as a reliable, cost-effec-

tive, and practical tool for evaluating grip strength in geriatric clinical settings [24].

Anthropometry. Body composition variables were analyzed using segmental bioimpe-

dance with the Tanita BC-601 segment analyzer. This approach yields information regarding

body fat percentage, weight, and muscle mass (kg). The Tanita BC-601 is a reliable non-inva-

sive method that offers precise measurements [25]. Furthermore, the Tanita HR 001 Leicester

portable stadiometer was utilized for measuring height.

Socioeconomic index. The socioeconomic and physical environment of a region are

interconnected with health statistics, exerting a direct impact on the well-being of the elderly

population [26]. The Euskadi 2021 socioeconomic index was created using the same approach

as the MEDEA project [27]. This variable’s definition is based on the average personal income

(in euros) for each type of financial category throughout city neighbourhoods in the munici-

pality of Bilbao in 2021. As a result, three socioeconomic indices, low rent (<20,000 euros),

medium rent (>20,000 and<30,000 euros), and high rent (>30,000 euros), have been identi-

fied [28].

Functional assessment: SPPB. The Short Physical Performance Battery (SPPB) is a com-

monly used clinical assessment tool renowned for its strong reliability and validity, reporting

an excellent inter-rater reliability and test-retest reliability [29, 30]. The SPPB consists of three

components: a balance assessment (including standing, semi-tandem, and tandem positions),

a four-meter walk test (measuring the time taken to walk four meters at a normal pace), and a

five-repetition sit-to-stand test (5STS) performed as rapidly as possible [31]. Each component

is scored from zero to four, with zero representing the lowest score. Moreover, a combined

score, which ranges from zero to 12 points, is calculated by adding together the scores obtained

from the three components [31].

Relative power. The 5STS test, utilized to assess lower extremity muscle power in clinical

or field environments, demonstrates good intra-rater, inter-rater, and test-retest reliability,

making it a dependable measurement tool suitable for both experienced and inexperienced

raters [32]. To compute the mean absolute value, the equation developed by Alcazar et al.,

2018 was utilized, taking into account performance in the 5STS (measured as time to complete

five STS repetitions), body mass, body height, and chair height [33]. To standardize the data,

the result was divided by body weight [33].

Muscle Quality Index (MQI). In this research, muscle quality was indirectly evaluated

using the method proposed by Barbat-Artigas et al. and Chang et al. [34, 35], which involves

dividing handgrip strength by relative skeletal muscle mass. The classification of muscle qual-

ity was based on the thresholds established by Barbat-Artigas et al. (2012). Participants are cat-

egorized into normal (>1.53), low (>1.36 and�1.53) and poor (�1.36) muscle quality for

men, and normal (>1.53), low (>1.35 and�1.53) and poor (�1.35) muscle quality for women

[35].

Within the data this feature is referred to as cut off points with integer values one through

three; one corresponding to normal muscle quality and three corresponding to poor muscle

quality. This feature is subsequently used for feature selection and classification tests of MQI.

Sarcopenia. For sarcopenia tests the feature sarcEWGSOP was used as the dependent vari-

able. This feature represents the level of sarcopenia with integer values zero through two: zero

corresponding to the absence of sarcopenia, one with moderate presence, and two with severe

sarcopenia, as defined by EWGSOP-2 [8]. The calculation of sarcopenia levels was carried out

using the gender-specific cut-off values for males and females, according to the EWGSOP-2

criteria.

Frailty. Frailty in older adults can be operationally defined using the Short Physical Per-

formance Battery (SPPB), which provides a total score ranging from 0 to 12 points. This score
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enables the classification of frailty into four categories: non-frail (10–12 points), pre-frail (7–9

points), mild to moderate frailty (4–6 points), and severe frailty (0–3 points) [31].

Data preparation and preprocessing. We prepared the data for analysis, including sepa-

rate processes for the MQI and sarcopenia tests. The raw dataset contained 1,253 individual

entries with 39 features. The key preprocessing steps involved data cleaning, filtering relevant

variables, applying one-hot encoding to nominal variables, and scaling ordinal variables to

ensure comparability. A normalised and standardised dataset was then created to facilitate fea-

ture selection using support vector machines.

Specific processing for MQI. Seventeen variables were selected for MQI tests: socioeconomic
index (3), age, weight, bmi, fat mass, balance 1, balance 2, balance 3, gait speed (m/s), 4m test,
5STS, mean power, relative power, SPPB, frailty, groups, sarcopenia (v). One-hot encoding was

applied to nominal variable sarcopenia (v). Ordinal features socioeconomic index (3), frailty,

and groups were scaled.

Specific processing for sarcopenia. Eleven variables were selected for sarcopenia tests: socio-
economic index (3), sex, age, height, weight, bmi, fat mass, muscle, 5STS, relative power, points
balance. Socioeconomic index (3) was scaled.

Feature selection methods. Feature selection in ML is the process of selecting features rel-

evant for training a prediction model. Feature selection provides many benefits, including

reducing computation time, improving prediction performance, and a better understanding of

the data in machine learning [36, 37]. A common problem within medical ML studies is small

sample size [38]. Feature selection techniques have been shown to provide possible solutions

to this, while also helping medical researchers identify the underlying mechanisms that relate

to diseases [39, 40].

Four methods were employed in this study for feature selection: Spearman correlation,

Ordinary Least Squares (OLS), Random Forest (RF), and Support Vector Machine (SVM). A

subset of the data was created using the chosen features from each method. These subsets are

subsequently used for classification tests.

Spearman correlation. Spearman correlation was used as a filter method to select a subset of

the features based on the relationship between the features and the target class. We chose to use

Spearman correlation because it is suited to handle data such as the one used in this study which

contains both non-normally distributed continuous data and ordinal data [41]. The strength of

the relationship between the features and target class was measured using the correlation coeffi-

cient. Previous works were utilized for interpreting the correlation coefficient [41, 42].

The following steps were followed to select features using Spearman correlation:

1. Compute the correlation between all variables with the target variable.

2. Select those with an absolute value of the correlation coefficient above a threshold of 0.3.

Anything less was considered a weak correlation.

3. Check selected variables for correlation with each other. From each pair of features that are

strongly correlated, remove the one that is less correlated with the target. Anything with a

coefficient above 0.5 is considered strongly correlated.

OLS. An OLS wrapper method was used by iteratively selecting a subset of features and

passing it to the model. Based on feature performance another set of features is selected or the

process terminates [43]. Feature performance was evaluated based on p-value. The feature

with the highest p-value was removed from the selected features. This process was repeated

until there were no more features with a p-value above 0.5.

Random forest. An embedded method with a random forest ML model was employed to

extract features based on importance. Embedded methods use intrinsic properties of the
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classifier to select the subset of features [43]. We used the meta-transformer SelectFromModel
from Scikit-Learn to select features based on importance weights. Feature importances were

computed as the mean and standard deviation of accumulation of the impurity decrease within

each tree in the random forest [44].

SVM. Feature selection using SVM recursive feature elimination was performed using a lin-

ear kernel, inspired by previous work [45]. Features were ranked using the sum of the absolute

value of the coefficients. In this process, the feature with the lowest rank is removed and a

model is trained on the remaining features. When evaluating the weights of the features we

found that the lowest ranked 35% of features had a significantly lower weight. Therefore, we

decided to repeat the process until less than 65% of the features remain.

Aggregated select features and importance rank. The selected features were ranked and

aggregated to create a list of features. The purpose was to investigate model performance with

a different number of features from this aggregated list of selected features.

Feature rank is calculated as follows:

1. Each feature is given a rank per selection method. If it is not chosen for a method, it is given

the rank of “last place”. For example, in the MQI dataset there are 17 features, and any

unchosen feature is given a rank of 17.

2. The rank sum for each feature is the sum of all rankings across all methods.

3. The aggregated feature rank is calculated as one divided by rank sum.

Subsets of data were then created based on the first four, first eight, and the full list of the

features from the select feature list. These subsets were then compared in classification tests,

alongside the subsets created from each individual selection method, to investigate if using

more features provides a better performing model.

Sarcopenia and MQI classification modeling using machine learning. Using the subsets

of data created from feature selection techniques mentioned above we aimed to see if a particu-

lar method for selecting features was ideal to establish a prediction model for both sarcopenia

and MQI. For the tests, we used eight ML algorithms including K-nearest Neighbors (KNN),

Gradient Boosting (GB), Decision Tree (DT), Gaussian Naive Bayes (NB), Stochastic Gradient

Descent (SGD), Random Forest (RF), Multi-Layer Perceptron (MLP), and Support Vector

Machine (SVM). All of the models employed come from the Sci-Kit Learn library. Generally,

deep learning (DL), a subfield of ML, offers multiple benefits over traditional ML methods

[46]. However, when training on small datasets, such as in our case, ML models are preferred

over DL models, since a dataset with less than 100,000 samples is considered insufficient for

DL [47].

Classification experiments. Two steps were employed to compare classification results

using the different feature selection methods: baseline test and hyperparameter tuning. All

tests were completed using a total of nine datasets. This includes the four subsets of data cre-

ated to compare classification performance across feature selection methods, as well as the

three subsets using the aggregated select features. Classification results are compared against

the full dataset as well as a normalized version of the dataset as a baseline. In all tests we chose

to perform cross validation instead of a train-test split. Previous works show that, with small

datasets such as ours, a train-test split can lead to unreliable test metrics, and therefore cross-

validation as a better option [48, 49].

Baseline test. For the baseline performance tests we trained a total of 16 models using the

aforementioned ML algorithms: eight models for prediction of sarcopenia and eight for MQI.

Classifier performance was reported using accuracy, area under ROC curve (AUC) and

f1-score. Each model was evaluated based on prediction AUC using test samples from the
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data. Accuracy is included because it is a commonly reported metric in ML. Our analysis

focuses on AUC to compare models due to its ability to handle multiclass classification with

class imbalances [50]. F1-score, the harmonic mean between precision and recall, is also

reported as it is a common metric in multiclass classification tasks [51]. In both cases we used

macro averaging, the arithmetic mean of the score of each class, to not give extra weight to

larger classes. For example, a high Macro-F1 value indicates that the algorithm has good per-

formance across all classes [51]. To determine the performance of a given model with each

subset of the data created using feature selection, we conducted a five-fold cross-validation,

resulting in the average performance across all folds.

Standard parameters were chosen for the baseline experiments, with non-standard parame-

ters used in only a few cases. For all models that have the parameter random_state we gave a

value of 42 to improve result reproducibility. To ensure reproducibility of models that do not

have this parameter, we also set a seed in the environment to 42. For MLP it was necessary to

set the value of max_iter to 5000, as the standard input 200 was not sufficient for convergence.

For SVM we used a linear kernel for the baseline experiments, to see if the data are linearly sep-

arable before moving on to more complex kernels. To allow for the ability to compute AUC

for certain classifiers, we set probability to True for SVM, and used the log_loss function for

SGD.

Multilayer perceptrons and SVMs are both sensitive to feature scales [52]. For MLPs stan-

dardization is used to increase model performance and decrease the number of epochs

required for model convergence [53]. Therefore, all tests involving MLP and SVM include a

pipeline with a step to standardize the data before they are fed to the model. The pipeline uti-

lized StandardScaler from Sci-Kit Learn.

Hyperparameter tuning and final results. Default hyperparameters are not guaranteed to

give optimal performance [54]. Therefore, using the results of the baseline experiments we

selected the three best performing models for further tests to discover the optimal hyperpara-

meters. The three models that we found to have the highest AUC scores for both sarcopenia

and muscle quality prediction tasks include RF, SVM, and MLP. With these models we ran

hyperparameter tuning using GridSearchCV from Scikit-Learn, with a five-fold cross-valida-

tion. The hyperparameter options tested are shown in Table 1 in S1 File. The best performing

models from this stage gave us the final classification results.

Results

Participant characteristics

A total of 1253 patients aged 60 or older were included in this study: 1121 being female and

132 male. Table 1 shows the anthropometric and functional measurements of the study

Table 1. Anthropometric and functional measurements of the study participants.

Variable Mean ± SD Med [Min-Max]

Age 78.13 ± 5.78 79 [60–93]

Handgrip Strength (right) 20.7 ± 6.57 20 [6–55]

Muscle Mass (kg) 39.37 ± 5.58 38 [24–65]

Fat Mass (kg) 38.02 ± 5.98 39 [15–64]

BMI 28.44 ± 4.08 28 [16–46]

Gait Speed (m/s) 0.99 ± 0.25 0.99 [0.33–2.94]

Mean Power (weight×BMI)/5STS 121.71 ± 44.5 116.7 [29.24–352.13]

Relative Power (mean power/kg) 1.8 ± 0.53 1.74 [0.5–4.46]

SPPB 9.75 ± 1.68 10 [4–12]

MQI 1.25 ± 0.37 1.2 [0.33–3.46]

https://doi.org/10.1371/journal.pone.0316174.t001
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participants. The degree of disease present within the study population, including MQI, frailty,

and sarcopenia is shown in Table 2. Most patients (837) had a poor level of muscle quality,

with 201 showing moderate degradation and 215 presenting with healthy MQI. Regarding sar-

copenia 513 patients presented as healthy, with 587 showing moderate and 153 showing severe

sarcopenia. 748 patients were found to have normal levels of frailty, with 451 showing moder-

ate and 54 showing more advanced levels of frailty.

Feature selection

Sarcopenia feature selection frequency and ranking. The calculated importance of the

selected features for sarcopenia are shown in Fig 1A. Relative power and age have a relatively

close level of importance for sarcopenia, with an over 50% drop in importance for the next

highest ranking feature, 5STS. The aggregated select features includes all of the features from

the full sarcopenia dataset, thereby not reducing the number of features.

MQI feature selection frequency and ranking. The calculated importance of each of the

features within the aggregated select features for MQI is shown in Fig 2A. The variables in the

x-axis are displayed in order of importance, with relative power being the most important fea-

ture. After relative power, the importance of each feature drops by over 50%.

Classification results

The results of the models are compared using the AUC score for both MQI and sarcopenia

classification. Each of the eight ML models was trained on nine datasets separately. Through

this we can compare the various selection methods for each disease classification task. A

detailed list of the features included in each dataset are shown in Table 4 for MQI and Table 5

for sarcopenia in S1 File.

Baseline results. The three models that perform best for both tasks across all datasets are

MLP, RF, and SVM. The NB models had similar results to the other highest performing mod-

els when classifying sarcopenia, but quite poorer performance when classifying MQI, as shown

Table 2. Prevalence of disease within the study population.

Variable Healthy Moderate Severe

Sarcopenia (sarcEWGSOP) 513 587 153

MQI (cut off points) 215 201 837

Frailty 748 451 54

https://doi.org/10.1371/journal.pone.0316174.t002

Fig 1. Calculated importance of selected features for sarcopenia.

https://doi.org/10.1371/journal.pone.0316174.g001
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in Figs 3 and 4. The relatively high AUC values indicate that the models are good at distin-

guishing between classes by assigning a higher probability to the correct class. Accuracy results

are overall higher for MQI prediction, indicating that the models’ ranking ability align closer

to their overall ability to classify correctly. The complete performance metrics reported for

each test for the baseline experiments are shown Table 6 for sarcopenia and Table 7 for MQI

in S1 File.

Hyperparameter tuning results. The hyperparameters investigated are as follows: n_esti-

mators and max_features for RF, hidden_layer_sizes, activation, and learning_rate for MLP,

and C, kernel, and degree for SVM. The best hyperparameters found for each model and data-

set combination are shown in Table 2 for sarcopenia and Table 3 for MQI in S1 File. The

results of hyperparameter tuning are shown in Fig A. for sarcopenia and Fig 5B. for MQI. The

y-axis in all subplots shows the mean test AUC across all folds using only one of the datasets,

with the same process being repeated for each of the nine datasets.

RF hyperparameters. A random forest fits a number of DT classifiers on various sub-sam-

ples of the dataset and uses averaging to improve the predictive AUC score. The parameter

n_estimators controls the number of trees in the forest. Increasing the number of trees

Fig 2. Calculated importance of the features selected based on relevance to MQI.

https://doi.org/10.1371/journal.pone.0316174.g002

Fig 3. Baseline results for sarcopenia classification, shown in AUC.

https://doi.org/10.1371/journal.pone.0316174.g003
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improves AUC, but also the computation time. It can be seen in both Fig 5A.1. and 5B.1. that

model performance increases as this value increases.

Max_features is the number of features to consider when looking for the best split. Empiri-

cally good values often depend on the type of task. For both MQI and sarcopenia classification,

‘sqrt’ is the best value across the majority of the datasets.

MLP hyperparameters. The number of neurons in the neural network are represented by

hidden_layer_sizes, with the ith value in the tuple representing the number of neurons in the

ith layer. For either classification task a larger network does equate to better results, with the

best framework for sarcopenia being (100,) or (200,) depending on the dataset, and the best for

MQI being (10,10,10) or (200,).

Fig 4. Baseline results for MQI prediction, shown in AUC.

https://doi.org/10.1371/journal.pone.0316174.g004

Fig 5. Hyperparameter tuning results for sarcopenia and MQI.

https://doi.org/10.1371/journal.pone.0316174.g005
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The activation parameter represents the activation function for the hidden layer. For sarco-

penia a logistic function is shown to be the best activation function, whereas tanh is better for

MQI classification.

The learning_rate represents the schedule for weight updates. A higher value leads to faster

learning by determining the step size taken into the gradient direction in backpropagation.

Too small learning rate can lead to very slow learning and increased computation time, while

too large a value can lead to early convergence with poor performance. The average test score

shown in Fig 5A.2. and 5B.2. do not show a difference between adaptive or constant with the

dataset displayed. However, as shown in Table 2 and Table 3 in S1 File a constant learning rate

is best.

SVM hyperparameters. C is the regularization parameter. It controls the tradeoff of gener-

alizability and overfitting by modifying the width of the margin of the hyperplane between

classes. A smaller number corresponds to a larger margin, which will generalize better to

unseen data. In the case of sarcopenia and MQI classification the results show a smaller value

for C being ideal.

The parameter kernel specifies the kernel type to be used in the algorithm. The results show

a linear algorithm to be the best for both sarcopenia and MQI classification.

When using a polynomial kernel, degree specifies the degree of the function. There is not a

significant difference in performance using different polynomial degrees, as shown in Fig

5A.3. and 5B.3, however, the best value across all datasets is a degree of three.

Final sarcopenia classification results. The AUC score of sarcopenia classification for

each dataset and model combination are shown in Fig 6. Multilayer perceptrons perform best

for sarcopenia classification. The highest AUC score was 0.7649, which is held by an MLP

trained on the dataset containing the first 8 variables in the aggregated select features dataset.

The SVM selected data has worked well for training a MLP on this task, with a similar AUC of

Fig 6. Final sarcopenia classification results shown in AUC across all dataset and model combinations.

https://doi.org/10.1371/journal.pone.0316174.g006
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0.7640. The complete performance metrics reported for each test are shown in Table 8 for sar-

copenia in S1 File.

Final MQI classification results. The AUC results for each dataset and model combination

are shown in Fig 7. The best AUC score achieved for MQI classification was 0.7671, which was

given by an SVM trained on the RF selected features. Multilayer perceptrons and SVMs overall

perform well at this task with very similar results using all datasets, except for when trained on

the Spearman selected dataset. The complete performance metrics reported for each test are

shown in Table 9 for MQI in S1 File.

Discussion

This study aimed to investigate anthropomorphic, functional, and socioeconomic factors asso-

ciated with muscle quality and sarcopenia, using machine learning approaches. We performed

several experiments using feature selection and classification to build predictive models for

MQI and sarcopenia and find underlying risk factors. The prediction models showed an AUC

performance of 0.7649 for sarcopenia and 0.7671 for MQI, using few features. There was little

variation between feature selection methods, highlighting the importance of the features we

had originally selected to inspect for both conditions. The explored prediction models have

shown a slight increase in predictive power when estimating sarcopenia over MQI. Further-

more, we have demonstrated SVMs and MLPs to have higher overall AUC in predicting each

condition. Utilizing an aggregation of feature selection techniques, we were able to investigate

the variables most associated with sarcopenia and MQI. For sarcopenia we have found relative
power and age to be the most influential features, with relative power being the most significant

for predicting muscle quality.

Fig 7. Final classification results shown in AUC across all dataset and model combinations for MQI.

https://doi.org/10.1371/journal.pone.0316174.g007
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We investigated four approaches to feature selection, which largely agree on selected fea-

tures. Spearman correlation and SVM methods both use a threshold, which is one cause for

the discrepancy present in the features selected. There is not a set rule regarding which thresh-

old should be used for either method. Previous studies using the correlation coefficient make

use of different thresholds based on the specific field of research [42, 55]. When using SVM for

feature selection there are a variety of approaches to selecting a threshold, including a thresh-

old based on the percentage of features [56], dataset complexity, or other empirically proven

threshold values [57]. Determining an appropriate threshold is not a simple task, with too high

a threshold possibly removing relevant risk factors for disease and too low including those that

are unrelated [58]. One study has suggested automatically selecting a threshold based on

model performance [55]. Future work investigating MQI and sarcopenia feature selection

could automate the threshold selection process and derive a deeper insight into risk factors for

each disease.

From a clinical and data science perspective we believed it was crucial to avoid including

pre-established diagnostic variables for feature selection and model training tasks. For our

experiments we removed the variables that form part of the clinical diagnostic batteries of each

disease, such as handgrip and gait speed (m/s) in the case of sarcopenia. Incorporating these

variables in our dataset could cause both feature selection and model training tasks to replicate

the existing diagnostic process rather than helping us to discover other potentially relevant

characteristics that could be associated with sarcopenia or MQI. One related study compared

sarcopenia prediction amongst different ML algorithms and reported accuracies of 91.7% and

upward [59]. However, that study included features such as handgrip and gait speed in the

training data. If we re-run our classification test and add these features to our training data, we

also can report higher AUC scores, such as 96.49% when training a RF to predict sarcopenia.

However, this does not provide us further insight into understanding sarcopenia. By removing

these variables, we were able to investigate underlying and potentially unknown risk factors,

thus contributing to a deeper understanding of each disease and improved clinical interven-

tion strategies.

By training prediction models on the different datasets, we were able to further evaluate the

importance of each feature for both sarcopenia and MQI. Spearman correlation selected the

least number of features for both MQI and sarcopenia; one and three features respectively.

With MQI there is marked performance increase when including up to the first four most

important features. Performance remains the same as more of the selected variables are used

in training, indicating that the variables beyond the first four in the list do not provide signifi-

cant information. However, prediction is best when using the full, unfiltered dataset. With sar-

copenia the performance increases up until and including use of the full dataset. This

demonstrates the collective importance of each of these features in our relatively low-dimen-

sional data, where we had already reduced from the original 39 features. The optimal predic-

tion performance for sarcopenia and MQI can be ensured by considering the selected features

collectively. In other words, sarcopenia and MQI need to be explained by comprehensively

considering all selected features.

Relevant features for sarcopenia

In our study the variables selected using machine learning that influence sarcopenia, as shown

in Fig 1, are the following:

• Relative power is the largest contributing factor in the identification of sarcopenia. Sarcope-

nia is initially identified by low muscle strength and confirmed by diminished muscle quan-

tity or quality. The severity is established when low physical performance is also detected [8].
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Muscle power is defined as the result of muscle force multiplied by contraction velocity [60].

Furthermore, it stands out as one of the most dependable indicators of muscle function,

showing a robust correlation with functional strength performance among older individuals

[13, 60, 61]. Age-related decline in muscle power happens at a faster rate compared to the

loss of strength and mass [62, 63], likely due to a decrease in the size of type II fibers or atro-

phy of the remaining fibers, among other contributing factors [62–64]. Given its tendency to

decline early on, muscle power emerges as a feature in the evolution of sarcopenia, as its

decline can serve as a key marker of the loss of functionality, muscle mass, and strength asso-

ciated with this condition. Additional studies corroborate muscle power as a predictor in the

assessment of sarcopenia [65, 66].

• Age is an influential feature. Sarcopenia, traditionally exclusively associated with the aging

process, is now recognized as a multifactorial phenomenon that may manifest in earlier

stages of life [8]. However, it remains closely related to aging and its effects, which involve a

decline in muscular, neuronal and cognitive function [8, 67]. Beyond the age of 50, a gradual

loss of muscle mass (1–2% annually) and strength (1.5–5% annually) is evident [68]. Hand-

grip strength and walking speed, two dependent variables in the sarcopenia model, also

decline with age in both sexes [8, 67], emphasizing the importance of age as a determining

factor [13].

• The 5STS test is also regarded as a feature describing sarcopenia, as the time to complete the

test provides insight into strength and locomotor capacity and can be used as a proxy for the

strength of leg muscles [8, 69]. As noted above, muscle strength is prioritized as the main

parameter for assessing probable sarcopenia within the diagnostic framework, underlining

its pivotal role [8, 70].

• Height, weight and BMI are features relevant to sarcopenia. BMI is calculated by dividing a

person’s weight in kilograms by the square of their height in meters [71]. It is well recognized

that individuals with sarcopenia frequently have lower BMIs, both worldwide [72] and

within Spanish populations [73, 74]. In addition, BMI is highlighted in other studies as an

important feature in several prediction models [75, 76]. This relationship can be explained

by the fact that an increase in BMI, usually accompanied by an increase in both muscle mass

and body fat in adults, is associated with lower mortality and a reduced risk of cardiovascular

diseases [72, 74]. Furthermore, it may be advantageous to be slightly overweight [77]; while

excess body fat has been associated with increased all-cause and disease mortality, people

with low, lean body mass have higher mortality rates [72, 74]. As BMI only considers total

body mass and not body composition, it may not be a suitable indicator for older people as it

does not distinguish between fat and muscle mass [72, 78].

• Fat mass is also regarded as a feature describing sarcopenia. In older populations, it may be

advantageous to be slightly overweight [77]. However, obesity and excess fat mass exacerbate

the risk of sarcopenia, as fat infiltration into the muscle reduces physical function [72, 74].

Additionally, this fat mass is associated with metabolic issues that can affect sarcopenia, and

it has differing effects depending on gender. In women, very low percentages of body fat can

detrimentally affect muscle status since adipose tissue is an essential endocrine organ that

regulates hormonal levels [72, 79]. Excess fat mass also contributes to health conditions, but

these impact both genders and entail heightened risks of sarcopenia [72, 80].

• Another influential factor is sex, with studies revealing sex-specific etiopathogenic patterns

in age-related sarcopenia [61, 81]. Although the diagnostic tools are the same, the cut off

points vary between genders [8]. Epidemiological data on the prevalence of sarcopenia
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among elderly men and women are also contradictory, although many highlight a higher

prevalence in men [82, 83]. These differences in risk factors between sexes emphasize the

importance of considering sex as a predictive factor when assessing and predicting sarcope-

nia in older adults.

• Balance is another factor influencing sarcopenia. The severity of sarcopenia is determined by

physical performance, a multidimensional concept that encompasses not only muscular

aspects but also the central and peripheral nervous systems, including balance [8]. Muscle

weakness, sarcopenia, and frailty are correlated with an incapacity to maintain balance and

results from different studies indicate inferior balance capabilities among those with sarco-

penia [84, 85]. Additionally, maintaining balance is crucial to prevent falls, and from a

pathophysiological perspective, sarcopenia and decreased balance could increase the risk of

falls, thereby worsening the initial pathological condition [85, 86].

• To confirm sarcopenia once the loss of strength has been identified, the loss of muscle mass
becomes a relevant factor [8]. This progressive age-related process results in substantial

declines in both the functional and quantitative aspects of muscle, leading to significant mus-

cle loss [87], and lower muscle mass ratios are linked with sarcopenia [72, 88]. This under-

scores the importance of preserving muscle mass and strength, given the elevated mortality

risk associated with muscle disorders [72, 88]. In addition, there are gender differences that

influence the mechanisms of age-related muscle loss; men tend to experience higher absolute

rates of muscle loss than women, possibly due to greater initial mass and varied responses to

anabolic and catabolic stimuli [89, 90].

• Socioeconomic index is also noted as a feature influencing sarcopenia. It is consistent with

the literature, as the prevalence of better health and functional outcomes tends to be found

in individuals with higher income and education [91, 92].

Relevant features for MQI

In our study the variables selected using machine learning that influence MQI, as shown in Fig

2, are the following:

• The results highlight the importance of relative power in the assessment of MQI. Muscle

quality index is defined as the muscular force per unit of muscle mass [35], thus highlighting

the functional relevance of muscle architecture and the characteristics of musculoskeletal tis-

sue [93]. The production of maximum force, a key indicator in muscular function, is influ-

enced by morphological factors, muscular architectural features and neural factors [35].

Relative power is an important component of MQI, since it captures the functional impor-

tance of the muscular architecture, determining force production capacity and physical func-

tion [94]. Several studies find that muscle quality influences muscle power [95, 96] and that

reduction in muscle quality is associated with a decrease in strength and power in aged indi-

viduals [97]. The loss of muscle power might suggest a decline in muscle quality, as it reflects

the organization of neuromuscular factors and the muscle’s ability to produce force, which

cannot be fully explained by the reduction in muscle mass alone [35].

• Fat mass, weight and BMI have also been shown to be important features describing MQI.

Obesity characterized by an excessive accumulation of body fat mass increases the infiltra-

tion of fat into muscle, lowering physical function and an unfavorable burden on muscle

quality [8, 98]. Research has found negative associations between fat mass and obesity with

MQI [98, 99]. Other studies have also observed these associations in individuals with
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pathologies, as higher body fat is linked to MQI deterioration [100]. The same applies to

BMI, as elevated BMI has been associated with increased fat infiltration into skeletal muscle.

This occurs when BMI is high due to elevated fat mass and decreased muscle mass [100,

101]. However, BMI is not able to distinguish between fat and muscle mass [100, 101]. Addi-

tionally, as people age, instead of the loss of muscle mass and strength resulting in weight

loss, muscle is often replaced by visceral fat, leading to a preservation of weight but increased

muscle weakness [102].

• Another influential feature is the 5STS test, a commonly employed functional test to assess

lower body strength, power, and functional capacity [103, 104]. Although MQI is considered

a more comprehensive measure of muscle quality than muscle strength alone, this indirect

measure of muscle quality is based on a ratio between overall strength and muscle mass,

which may explain why it influences the assessment. Therefore, the 5STS provides valuable

information about the lower limb that complements the evaluation of MQI [104, 105]. Addi-

tionally, several studies have correlated higher MQ with increased strength, function, and

physical performance [94, 106].

• Gait speed, also regarded as a feature describing MQI, is seen as a crucial indicator of health

and functional condition in elderly individuals [107]. Various walking speed tests are avail-

able, with one common option being the 4m gait speed test [108]. Gait speed, indicating

physical function and mobility, may be influenced by muscle quality. Good MQ suggests

stronger muscles relative to mass, potentially leading to an improvement in walking speed

and overall physical performance. This is supported by various studies, which demonstrate

that muscle quality significantly impacts walking speed [109, 110]. However, it is worth not-

ing that not all findings align in the same direction, as some articles have found no signifi-

cant relationship between gait velocity and muscle quality [111].

• Age emerges as an influential feature in MQI. The aging process induces neural and morpho-

logical alterations in the human musculoskeletal system, leading to a decline in muscular

parameters [112]. This reduction in muscular parameters subsequently contributes to the

loss of MQI. Various factors contribute to this loss, including compositional changes such as

fat infiltration or fibrosis, diminished aerobic capacity, and alterations in metabolism and

neural activation [95, 113].

• Balance also emerges as an important feature in MQI. However, the literature presents con-

troversy regarding the associations between balance and MQI, tending to link them with

dynamic balance and fear of falling rather than static balance [114, 115].

Conclusion

This research aimed to explore the determinant factors influencing muscle quality and sarco-

penia in the older adult population of Bilbao through a machine learning approach. The study

encompassed a thorough analysis of participant characteristics, feature selection processes,

and classification results to unveil the intricate relationships between various anthropometric,

functional, and socioeconomic factors with muscle quality index (MQI) and sarcopenia.

The predictive models used in this study exhibited accuracy rates of 72.78% for MQI and

74.14% for sarcopenia using limited features, with the most successful algorithms being SVM

and MLP. This underscores the importance of the features that were used to train the models

as well as the effectiveness of machine learning approaches in understanding complex health

conditions.
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The exploration of feature selection methodologies revealed the collective importance of

selected features in predicting both sarcopenia and MQI accurately. Notably, this investigation

highlights the pivotal role of features such as relative power, age, weight, and the 5STS test in

predicting both conditions. However, no single factor is sufficient to predict either condition,

and by using more features we are able to achieve better predictive results. By comprehensively

considering all selected features, the study underscores the importance of a holistic approach

in understanding and addressing sarcopenia and MQI among older adults.

The study has several limitations; firstly, the number of patients in the database is small,

which limits the ability to obtain results. In addition, the profile of the users is not as diverse as

the general world population, as most of the patients are Basque, with similar demographic,

racial and body characteristics. This homogeneity in the sample reduces the generalisability of

the model, as it does not adequately reflect the variability of a more diverse population, which

could lead to biases in the results and limitations in the applicability of the conclusions to a

global context.

This research contributes to advancing our understanding of the determinants of muscle

quality and sarcopenia, offering valuable insights for developing targeted intervention strate-

gies and improving clinical outcomes in older adult populations. Moving forward, further

research endeavors could focus on refining feature selection methodologies, exploring addi-

tional factors influencing muscle quality and sarcopenia, and devising tailored interventions to

mitigate the burden of these conditions on public health.
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12. Hortobágyi T, Vetrovsky T, Brach JS, van Haren M, Volesky K, Radaelli R, et al. Effects of Exercise

Training on Muscle Quality in Older Individuals: A Systematic Scoping Review with Meta-Analyses.

Sports Medicine—Open. 6 de junio de 2023; 9(1):41. https://doi.org/10.1186/s40798-023-00585-5

PMID: 37278947

13. Chodzko-Zajko WJ, Proctor DN, Fiatarone Singh MA, Minson CT, Nigg CR, Salem GJ, et al. Exercise

and Physical Activity for Older Adults. Medicine & Science in Sports & Exercise. julio de 2009; 41

(7):1510.

14. Choi Y, Kim D, Kim SK. Effects of Physical Activity on Body Composition, Muscle Strength, and Physi-

cal Function in Old Age: Bibliometric and Meta-Analyses. Healthcare. enero de 2024; 12(2):197.

https://doi.org/10.3390/healthcare12020197 PMID: 38255085

15. World Health Organization. (2019). Global action plan on physical activity 2018–2030: More active

people for a healthier world. World Health Organization.—Buscar con Google [Internet]. [citado 12 de

abril de 2024]. Disponible en: https://www.google.com/search?q=World+Health+Organization.

+(2019).+Global+action+plan+on+physical+activity+2018-2030%3A+More+active+people+for+a

+healthier+world.+World+Health+Organization.&rlz=1C1GCEA_enES1021ES1021&oq=World

+Health+Organization.+(2019).+Global+action+plan+on+physical+activity+2018-2030%3A+More

+active+people+for+a+healthier+world.+World+Health+Organization.&gs_lcrp=

EgZjaHJvbWUyBggAEEUYOTIGCAEQRRhA0gEHNzg2ajBqN6gCALACAA&sourceid=chrome&ie=

UTF-8.

16. Cesari M, Landi F, Vellas B, Bernabei R, Marzetti E. Sarcopenia and physical frailty: two sides of the

same coin. Front Aging Neurosci. 2014; 6:192. https://doi.org/10.3389/fnagi.2014.00192 PMID:

25120482

17. Alpaydin Ethem. Introduction to Machine Learning, fourth edition—Ethem Alpaydin—Google Libros

[Internet]. 2020 [citado 20 de mayo de 2024]. Disponible en: https://books.google.es/books?hl=es&lr=

&id=uZnSDwAAQBAJ&oi=fnd&pg=PR7&ots=xOrXryMlvX&sig=09qydRinPIc7tRHZlpwM5bwcFig#v=

onepage&q&f=false.

PLOS ONE Exploring determinant factors influencing muscle quality and sarcopenia through machine learning

PLOS ONE | https://doi.org/10.1371/journal.pone.0316174 December 31, 2024 18 / 24

https://doi.org/10.1016/j.cell.2013.05.039
http://www.ncbi.nlm.nih.gov/pubmed/23746838
https://doi.org/10.1016/j.cmet.2022.11.001
http://www.ncbi.nlm.nih.gov/pubmed/36599298
https://doi.org/10.2196/16678
http://www.ncbi.nlm.nih.gov/pubmed/32442149
https://doi.org/10.2147/RMHP.S168750
http://www.ncbi.nlm.nih.gov/pubmed/30858741
https://doi.org/10.1093/ageing/afac220
http://www.ncbi.nlm.nih.gov/pubmed/36273495
https://doi.org/10.1298/ptr.R0009
http://www.ncbi.nlm.nih.gov/pubmed/33489646
https://doi.org/10.1016/j.jamda.2016.01.013
http://www.ncbi.nlm.nih.gov/pubmed/26922807
https://doi.org/10.1093/ageing/afy169
http://www.ncbi.nlm.nih.gov/pubmed/30312372
https://doi.org/10.1186/2046-2395-3-9
http://www.ncbi.nlm.nih.gov/pubmed/25520782
https://doi.org/10.1101/cshperspect.a029785
http://www.ncbi.nlm.nih.gov/pubmed/28432116
https://doi.org/10.1186/s40798-023-00585-5
http://www.ncbi.nlm.nih.gov/pubmed/37278947
https://doi.org/10.3390/healthcare12020197
http://www.ncbi.nlm.nih.gov/pubmed/38255085
https://www.google.com/search?q=World+Health+Organization.+(2019).+Global+action+plan+on+physical+activity+2018-2030%3A+More+active+people+for+a+healthier+world.+World+Health+Organization.&rlz=1C1GCEA_enES1021ES1021&oq=World+Health+Organization.+(2019).+Global+action+plan+on+physical+activity+2018-2030%3A+More+active+people+for+a+healthier+world.+World+Health+Organization.&gs_lcrp=EgZjaHJvbWUyBggAEEUYOTIGCAEQRRhA0gEHNzg2ajBqN6gCALACAA&sourceid=chrome&ie=UTF-8
https://www.google.com/search?q=World+Health+Organization.+(2019).+Global+action+plan+on+physical+activity+2018-2030%3A+More+active+people+for+a+healthier+world.+World+Health+Organization.&rlz=1C1GCEA_enES1021ES1021&oq=World+Health+Organization.+(2019).+Global+action+plan+on+physical+activity+2018-2030%3A+More+active+people+for+a+healthier+world.+World+Health+Organization.&gs_lcrp=EgZjaHJvbWUyBggAEEUYOTIGCAEQRRhA0gEHNzg2ajBqN6gCALACAA&sourceid=chrome&ie=UTF-8
https://www.google.com/search?q=World+Health+Organization.+(2019).+Global+action+plan+on+physical+activity+2018-2030%3A+More+active+people+for+a+healthier+world.+World+Health+Organization.&rlz=1C1GCEA_enES1021ES1021&oq=World+Health+Organization.+(2019).+Global+action+plan+on+physical+activity+2018-2030%3A+More+active+people+for+a+healthier+world.+World+Health+Organization.&gs_lcrp=EgZjaHJvbWUyBggAEEUYOTIGCAEQRRhA0gEHNzg2ajBqN6gCALACAA&sourceid=chrome&ie=UTF-8
https://www.google.com/search?q=World+Health+Organization.+(2019).+Global+action+plan+on+physical+activity+2018-2030%3A+More+active+people+for+a+healthier+world.+World+Health+Organization.&rlz=1C1GCEA_enES1021ES1021&oq=World+Health+Organization.+(2019).+Global+action+plan+on+physical+activity+2018-2030%3A+More+active+people+for+a+healthier+world.+World+Health+Organization.&gs_lcrp=EgZjaHJvbWUyBggAEEUYOTIGCAEQRRhA0gEHNzg2ajBqN6gCALACAA&sourceid=chrome&ie=UTF-8
https://www.google.com/search?q=World+Health+Organization.+(2019).+Global+action+plan+on+physical+activity+2018-2030%3A+More+active+people+for+a+healthier+world.+World+Health+Organization.&rlz=1C1GCEA_enES1021ES1021&oq=World+Health+Organization.+(2019).+Global+action+plan+on+physical+activity+2018-2030%3A+More+active+people+for+a+healthier+world.+World+Health+Organization.&gs_lcrp=EgZjaHJvbWUyBggAEEUYOTIGCAEQRRhA0gEHNzg2ajBqN6gCALACAA&sourceid=chrome&ie=UTF-8
https://www.google.com/search?q=World+Health+Organization.+(2019).+Global+action+plan+on+physical+activity+2018-2030%3A+More+active+people+for+a+healthier+world.+World+Health+Organization.&rlz=1C1GCEA_enES1021ES1021&oq=World+Health+Organization.+(2019).+Global+action+plan+on+physical+activity+2018-2030%3A+More+active+people+for+a+healthier+world.+World+Health+Organization.&gs_lcrp=EgZjaHJvbWUyBggAEEUYOTIGCAEQRRhA0gEHNzg2ajBqN6gCALACAA&sourceid=chrome&ie=UTF-8
https://www.google.com/search?q=World+Health+Organization.+(2019).+Global+action+plan+on+physical+activity+2018-2030%3A+More+active+people+for+a+healthier+world.+World+Health+Organization.&rlz=1C1GCEA_enES1021ES1021&oq=World+Health+Organization.+(2019).+Global+action+plan+on+physical+activity+2018-2030%3A+More+active+people+for+a+healthier+world.+World+Health+Organization.&gs_lcrp=EgZjaHJvbWUyBggAEEUYOTIGCAEQRRhA0gEHNzg2ajBqN6gCALACAA&sourceid=chrome&ie=UTF-8
https://doi.org/10.3389/fnagi.2014.00192
http://www.ncbi.nlm.nih.gov/pubmed/25120482
https://books.google.es/books?hl=es&lr=&id=uZnSDwAAQBAJ&oi=fnd&pg=PR7&ots=xOrXryMlvX&sig=09qydRinPIc7tRHZlpwM5bwcFig#v=onepage&q&f=false
https://books.google.es/books?hl=es&lr=&id=uZnSDwAAQBAJ&oi=fnd&pg=PR7&ots=xOrXryMlvX&sig=09qydRinPIc7tRHZlpwM5bwcFig#v=onepage&q&f=false
https://books.google.es/books?hl=es&lr=&id=uZnSDwAAQBAJ&oi=fnd&pg=PR7&ots=xOrXryMlvX&sig=09qydRinPIc7tRHZlpwM5bwcFig#v=onepage&q&f=false
https://doi.org/10.1371/journal.pone.0316174


18. Bi Q, Goodman KE, Kaminsky J, Lessler J. What is Machine Learning? A Primer for the Epidemiolo-

gist. American Journal of Epidemiology. 31 de diciembre de 2019; 188(12):2222–39. https://doi.org/

10.1093/aje/kwz189 PMID: 31509183

19. Kang YJ, Yoo JI, Ha YC. Sarcopenia feature selection and risk prediction using machine learning: A

cross-sectional study. Medicine (Baltimore). octubre de 2019; 98(43):e17699. https://doi.org/10.1097/

MD.0000000000017699 PMID: 31651901

20. Zupo R, Moroni A, Castellana F, Gasparri C, Catino F, Lampignano L, et al. A Machine-Learning

Approach to Target Clinical and Biological Features Associated with Sarcopenia: Findings from North-

ern and Southern Italian Aging Populations. Metabolites. abril de 2023; 13(4):565. https://doi.org/10.

3390/metabo13040565 PMID: 37110223

21. Sajeev S, Champion S, Maeder A, Gordon S. Machine learning models for identifying pre-frailty in

community dwelling older adults. BMC Geriatrics. 12 de octubre de 2022; 22(1):794. https://doi.org/

10.1186/s12877-022-03475-9 PMID: 36221059

22. Turimov Mustapoevich D, Kim W. Machine Learning Applications in Sarcopenia Detection and Man-

agement: A Comprehensive Survey. Healthcare. enero de 2023; 11(18):2483. https://doi.org/10.3390/

healthcare11182483 PMID: 37761680

23. Suni J., Husu P., & Rinne M. Fitness for Health: The ALPHA-FIT Test Battery for Adults Aged 18–69.

Tester’s Manual–ScienceOpen [Internet]. 2009 [citado 29 de abril de 2024]. Disponible en: https://

www.scienceopen.com/document?vid=5fa902af-0975-4d8a-8319-b6c5d0ea9d40.

24. Huang L, Liu Y, Lin T, Hou L, Song Q, Ge N, et al. Reliability and validity of two hand dynamometers

when used by community-dwelling adults aged over 50 years. BMC Geriatr. 15 de julio de 2022; 22

(1):580.

25. Mezei M, Popescu O, Pricop A, Răchită I. Aspects Of Body Composition In Overweight Students

Using Bioelectrical Impedance Measurements. European Proceedings of Social and Behavioural Sci-

ences [Internet]. 16 de febrero de 2019 [citado 29 de abril de 2024];Education and Sports Science in

the 21st Century. Disponible en: https://www.europeanproceedings.com/article/10.15405/epsbs.

2019.02.85.
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