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Abstract

This work reports a free-access primary screening system for detecting sarcopenia risk in older Mexican adults, using machine learning and
anthropometric variables obtained through accessible instruments such as measuring tapes. An observational, retrospective, and analytical
study was conducted based on records from beneficiaries of the Mexican Social Security Institute from the year 2019, with a sample of 1,678
participants. The models, developed using data from individuals without comorbidities, followed a structured machine learning workflow
that included data preprocessing, variable transformation and clustering, and supervised classification using decision-tree-based models. The
optimal variable combinations for men and women achieved F1-scores above 0.94, accurately classifying the risk levels of sarcopenia and
severe sarcopenia. The current models need to be expanded to include individuals with comorbidities such as type 2 diabetes, hypertension, and
arthritis, which have been associated with greater muscle mass loss. This proposal does not replace clinical diagnostic testing but serves as a
complementary tool to rule out low-risk individuals and prioritize specialized evaluation for those who may be affected by sarcopenia.

Resumen. Este trabajo reporta un sistema de cribado primario de libre acceso para la deteccion del riesgo de sarcopenia en personas adultas
mayores mexicanas, utilizando aprendizaje automadtico y variables antropométricas obtenidas mediante instrumentos asequibles como cintas
métricas. Se llevé a cabo un estudio observacional, retrospectivo y analitico, basado en registros de personas derechohabientes del Instituto
Mexicano del Seguro Social correspondientes al afio 2019, con una muestra de 1,678 participantes. Los modelos, construidos a partir de personas
sin comorbilidades, se desarrollaron mediante un flujo de trabajo estructurado de aprendizaje automatico que incluyé el preprocesamiento
de datos, transformacion y agrupamiento de variables, y clasificacién supervisada a través de modelos basados en arboles de decision. Las
combinaciones 6ptimas de variables para hombres y mujeres alcanzaron puntuaciones F1-score superiores a 0.94, clasificando con alta precisién
los niveles de riesgo de sarcopenia y sarcopenia severa. Los modelos actuales requieren ser ampliados para incluir personas con comorbilidades
como diabetes mellitus tipo 2, hipertension arterial y artritis, las cuales se han asociado con mayor pérdida de masa muscular. Esta propuesta no
sustituye una prueba diagndstica clinica, sino que representa una herramienta complementaria para descartar a personas sin riesgo y priorizar la
evaluacidn especializada en quienes podrian padecer sarcopenia.

Keywords: Decision trees, Machine Learning, Elderly people, Primary screening, Sarcopenia. (Palabras clave: Arboles de decision, Aprendizaje
automdtico, Personas adultas mayores, Cribado primario, Sarcopenia.)
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fer from it. This condition has been associated with functional
decline, falls, and, indirectly, increased mortality [2].
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Depending on the level of functional decline, sarcopenia
is classified into different degrees of severity. Decreased mus-
cle strength is indicative of probable sarcopenia; If this also
coincides with a decrease in muscle mass, the diagnosis of sar-
copenia is confirmed; and if the functional impairment is such
that the person needs constant assistance to perform activities
of daily living, it is considered severe sarcopenia [3].

The clinical diagnosis of sarcopenia is mainly carried out us-
ing two devices: (i) the bioimpedance scale, which uses a pain-
less electric current to quantify body mass, and (ii) dual-energy
X-ray absorptiometry (DEXA), which emits low-intensity X-
rays to distinguish and quantify body fat, muscle mass, and
water content [4, 5]. These techniques have an accuracy of 95%
and 98%, respectively. However, the cost of each test ranges
from 25 to 150 USD, which limits their availability in most
healthcare centers located in rural communities.

Screening or primary tests have proven to be useful tools for
identifying, within a group of individuals, those who are not at
risk of developing a disease, allowing healthcare providers to
focus attention on those showing potential risk indicators. The
SARC-F and SARC-CALF tests are questionnaires consisting
of six questions (the first five relate to sarcopenia symptoms,
and the sixth records calf circumference). While these tests
have shown high performance in diagnosing severe sarcope-
nia compared to clinical diagnosis using DEXA, their main
limitation lies in the fact that the responses depend on the par-
ticipant’s self-perception, introducing a risk of bias that can
affect the accuracy of the primary diagnosis [6].

In contrast, the recording of anthropometric measurements
offers a more objective and reproducible approach for devel-
oping primary diagnostic systems for sarcopenia. As a first
approach in Mexico, Gémez de la Garza in [7] collected data
from a sample of 202 participants aged 60 to 85 who attended
recreational centers for older adults in the city of Monterrey.
For each participant, variables such as muscle mass quantified
by DEXA, body weight (kg), height (cm), calf circumference,
arm circumference, waist circumference, age, and sex were
recorded. Using this information, a multiple regression equa-
tion was developed, showing a diagnostic accuracy of 93%
compared to the reference standard. Subsequently, Ramirez et
al. in [8] replicated this approach in 251 participants, using
muscle mass estimated by bioelectrical impedance as the out-
put variable, achieving an accuracy of 91% in comparison with
conventional clinical diagnosis.

Although anthropometric equations have shown high ac-
curacy in predicting muscle mass and the primary screening
of sarcopenia, their coefficients are specific to the population
of origin, significantly limiting their applicability in other re-
gions. Therefore, alternative approaches are needed to improve
generalizability.

Machine learning offers a flexible and adaptive alternative to
regression equations. This branch of artificial intelligence en-
ables the construction of predictive models that automatically
learn from data, identifying patterns that are not necessarily lin-
ear, as well as the relationships between the variables recorded
for each participant [9, 10]. Among these, models based on

decision trees are predictive tools that organize anthropometric
variables hierarchically, using specific cutoff points to guide
the classification process. Based on the magnitude recorded for
each variable by the patient, the model selects the appropriate
next branch, establishing a logical sequence based on the sever-
ity or relevance of the symptoms. In this way, decision trees
enable a structured progression toward a preliminary diagno-
sis based on the values obtained. Furthermore, these models
support adaptive strategies: if the tree indicates a positive diag-
nosis at an early level, the patient can be referred for a more
comprehensive evaluation using validated instruments [11].

In the specific case of sarcopenia, decision trees offer a
methodology aligned with the approach proposed by the Eu-
ropean Working Group on Sarcopenia in Older People (EWG-
SOP2), which introduced a hierarchical diagnostic framework
with cutoff points across four stages: initial screening using the
SARC-F questionnaire, assessment of muscle strength (e.g.,
grip strength), confirmation through muscle mass measurement
via DEXA, and classification of severity through physical per-
formance tests such as gait speed [3].

However, the cutoff points were designed based on stud-
ies that collected anthropometric measurements from non-
institutionalized older adults living in Western European coun-
tries such as Spain, France, Germany, Belgium, the United
Kingdom, Italy, Sweden, and Switzerland. Subsequent valida-
tion was conducted among older adults living in the United
States, Japan, and Australia. The results showed that the four-
stage framework was consistent across these populations; how-
ever, the cutoff points may vary according to the anthropomet-
ric characteristics of the population under study [12-14].

In Mexico, Arceo et al. in [15] collected anthropomet-
ric variables from 122 older adults over the age of 60 in
the metropolitan area of Colima-Villa de Alvarez and de-
veloped three systems represented through decision trees
based on different combinations of muscle mass, grip strength,
gait speed, and body fat percentage. The predictive accu-
racy of these models, compared to the bioimpedance tech-
nique, ranged from 80% to 93%. To enhance accessibility,
two free-access web applications were created for those in-
terested in the topic. The application registered under the
name SARC-OPEN-IA, available at https://lintrosarcopeniapy-
prsmumb5dlbfejjg3mmgspu.streamlit.app/, allows users to input
anthropometric variables and returns a sarcopenia risk assess-
ment based on cutoff points specific to the Mexican population.

Given that methods like DEXA or specialized dynamome-
ters are not always available in primary care settings, the aim of
this study was to develop predictive models based on accessible
anthropometric measurements to estimate muscle mass, body
fat percentage, and sarcopenia risk. A free-access web applica-
tion is presented, which enables both healthcare professionals
and general users to identify the level of sarcopenia risk in older
Mexican adults. To validate the web application (available at
https://mainpy-1lj2lpzdm34zbxhp9swkzba.streamlit.app/), an
observational, retrospective, and analytical study was con-
ducted using databases of older adults affiliated with the Mexi-
can Social Security Institute (IMSS), from the North and South
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clinics in Mexico City. The records, in .xlsx format, were pro-
cessed and analyzed using Python 3.0, an open-source software.
The application’s visual interface was developed in Streamlit,
a free web platform that allows the creation of interactive ap-
plications using dropdown menus and buttons, making data
entry accessible to users with no programming experience.
The application outputs a primary screening of sarcopenia risk
level.

2. Materials and Methods

Records from 2019 were analyzed to minimize potential bias
due to the COVID-19 pandemic. This year was selected as the
baseline for pre-pandemic records, as the first confirmed case
of COVID-19 in Mexico was reported on February 27, 2020.
The predictive models developed in this study were constructed
using data from participants without reported comorbidities,
although the contribution of comorbidities in the study pop-
ulation is described later. It was decided to develop initial
models under baseline health conditions to minimize the pos-
sible influence of non-muscular factors on sarcopenia-related
functional measures. This is important because respiratory or
cardiometabolic diseases can affect physical performance in-
dependent of muscle mass or strength. For example, reduced
lung function has been reported in older adults with hyperten-
sion [16]. The finding by Lammie ef al. [17] that older adults
reported fewer chronic illnesses during the pandemic is a result
that should be cautiously interpreted in this regard, because
reduced access to healthcare services could have resulted in
underreporting.

On the other hand, it remains too early to determine whether
the public health impact of the pandemic will be enduring or
merely transient. For this reason, this study proposes a method-
ology to develop predictive models that, in their initial stage,
evaluate the health status of older adults prior to the pandemic,
an approach that can then be extended to post-pandemic data.

The present work used data from the 2019 Mexican Older
Adult Obesity, Sarcopenia, and Frailty Cohort (COSFAMM)
[18], which are periodically collected by staff of the IMSS
under a collaborative agreement that authorizes data use, sub-
ject to approval by the corresponding ethics committee. The
objective of the study behind the COSFAMM is to evaluate the
health patterns of older adults enrolled in the IMSS North and
South clinics in Mexico City, focusing on monitoring specific
conditions such as obesity, sarcopenia, and frailty, within a
population in which long-term health inequalities have been
reported among older Mexican adults [19]. Sociodemographic
variables (education, occupation, and family structure); comor-
bidities (Elixhauser index); self-perceived health; frailty assess-
ment (Fried criteria); sarcopenia; cognition (MMSE and verbal
tests); locomotion (SPPB), physical activity (PASE); mental
health (depression with CESD-R, anxiety with SAST), qual-
ity of life (WHOQOL-OLD); activities of daily living (Katz,
IADL, and Barthel); and nutrition, among others, are consid-
ered. Anthropometric and metabolic measurements, such as
bioimpedance phase angle, which is an indicator of nutritional
and metabolic status, are also included. Of these, we consider

the patient’s medical record, age, anthropometric variables,
locomotion, and comorbidity history.

The dataset was provided by the staff of the Epidemiolog-
ical and Health Services Research Unit, Aging Division, at
IMSS. The study protocol was reviewed and approved by
the Research Ethics Committee CONBIOETICA-09-CEI-009-
20160601. Data analysis was carried out in accordance with
the ethical principles established in the Declaration of Helsinki
for medical research involving human subjects.

To ensure confidentiality, each COSFAMM booklet includes
a unique folio that allows traceability without revealing per-
sonal information. In line with this privacy protection, free
and publicly accessible descriptive predictive models were
developed. These models do not allow access to any volatile
or identifiable data. However, researchers or institutions in-
terested in consulting the original database may contact the
authors directly.

2.1 Data curation

The study used records from 1,678 individuals enrolled in the
IMSS in Mexico City. The sample corresponds to the 2019
edition of the COSFAMM.

This database contains anthropometric measurements of the
registered individuals, including some of those used in the
second consensus statement of the European Working Group
on Sarcopenia in Older Adults (EWGSOP2). Some of these
variables included body weight (kg) and height (cm); calf,
arm, waist, and neck circumferences; triceps, biceps, and calf
skinfold thicknesses; and handgrip strength (kg) and gait speed
(m/s).

The inclusion criteria were participants born in Mexico, at
least 60 years of age, with complete anthropometric measure-
ments, and with sufficient mobility to perform the physical
performance tests included in the COSFAMM booklet. To en-
sure data quality, data from participants with at least one outlier
were excluded from the study. Although the proportion of par-
ticipants with comorbidities in the sample is described later,
the predictive models were constructed only from data from
participants without reported comorbidities.

2.2 Development of a sarcopenia risk screening system

The data processing phase and the creation of the predictive
models based on artificial intelligence techniques for build-
ing the primary screening system for sarcopenia risk in older
Mexican adults are shown in Figure 1.

Figure 1 outlines the stages that make up the screening
system for predicting the level of sarcopenia risk in older adults
associated with comorbidities. This process consists of three
phases (from left to right): data preprocessing, risk estimation,
and patient screening.

(1) Data preprocessing: The 2019 database was uploaded and
processed on the Google Colab platform using the Python
3 programming language. Data filtering, cleaning, and ma-
nipulation were performed using the pandas library. Each
patient was represented as a single row in the dataset, while
anthropometric and sociodemographic variables were orga-
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Figure 1. Flowchart of the predictive models for sarcopenia risk level.

nized as columns. To protect personal information, patient
names were replaced with unique identifiers (IDs). The
anthropometric variables were normalized to ensure scale
comparability.

The cleaned records were subjected to the previously es-
tablished inclusion criteria, and those who met them pro-
ceeded to the analysis phase. We explored the relative vari-
ability of all anthropometric variables using the coefficient
of variation (CV), defined as the standard deviation divided
by the mean (CV = SD / mean), which provides a stan-
dardized measure of dispersion and facilitates comparisons
between men and women. We also generated correlation
networks using Pearson’s coefficients to visually illustrate
the strength and structure of associations among anthropo-
metric variables. These networks were not used to define
inclusion or exclusion thresholds, as the aim was not vari-
able selection but rather to describe sex-specific variability
patterns and the interrelationships between measurements.

COSFAMM did not include direct records of muscle mass;
this variable was indirectly estimated using the anthropo-
metric equation (hereinafter referred to as the Ramirez
equation) developed in [8], which estimates the Appendic-
ular Skeletal Muscle Mass Index (ASMI) in older Mexican
adults using a multiple regression model (Equation 1):

ASMI = 0.215 X cal fcircumference(cm)
+0.093 x handgripstrength(kg)
+0.061 x weight (kg)
+3.637 x sex(male = 1; female = 0)
+0.112 x heigh(cm) — 16.448 (1)

This model employs predictors such as calf circumference,
handgrip strength, weight, height, and sex, achieving a
group-level accuracy of £0.1 kg and an individual precision
of +2.5 kg compared to DEXA. The equation could be used

to account for reported differences in body composition
between men and women [20].

We conducted an exploratory analysis to determine which
anthropometric variables provide the most efficient estima-
tion of ASMI, taking the Ramirez equation as the compar-
ative benchmark. Two practical scenarios were evaluated:
(1) the availability of a dynamometer to measure handgrip
strength, and (2) the absence of such equipment. For each
scenario, all possible combinations of 2 to 5 predictor vari-
ables were generated. These combinations were modeled
using a decision-tree regressor due to its low computational
requirements and its suitability for capturing nonlinear rela-
tionships without distributional assumptions. The datasets
were randomly split into training (80%) and testing (20%)
partitions using a fixed random seed to ensure method-
ological reproducibility. The performance of models was
assessed using the root mean square error (RMSE), follow-
ing recommendations in prior anthropometric modeling
studies [21, 22].

The predictor subsets identified in this exploratory phase
were subsequently used to develop Random Forest regres-
sion models for ASMI estimation. The modeling approach
followed the performance metrics reported by Shasaif in
[23] and employed a structured hyperparameter optimiza-
tion strategy using RandomizedSearchCV with five-fold
cross-validation. The number of decision trees (300-500)
was selected to ensure convergence of the prediction error
without incurring excessive computational cost. Tree depth
was limited (‘max depth’ = 4-10) to prevent overfitting,
while ‘min_samples_split’ (2-10) and ‘min_samples_leaf’
(1-4) provided additional control over tree growth and
terminal node purity. Candidate configurations also var-
ied the number of predictors considered at each split
(‘max_features’ = ’sqrt’ and ’log2’) and included settings
with and without bootstrap resampling (‘max_samples’ =
0.6-0.8). Both squared error and absolute error were evalu-
ated as split criteria.

The primary optimization metric was mean absolute error
(MAE), chosen for its interpretability in clinical settings,
as it directly reflects the average deviation in ASMI units.
The best-performing configuration featured 400 trees, a
maximum depth of 10, and minimal constraints on sample
splitting (‘min_samples_split’ = 2, ‘min_samples_leaf” =
1). This setup favored high-resolution modeling of com-
plex anthropometric relationships while controlling for
overfitting.

In addition, the models used the sqrt method for feature
selection at each split, enhancing tree diversity and pre-
dictive stability. Bootstrap resampling was enabled with a
maximum sample fraction of 0.8 (‘max_samples’ = 0.8),
further reducing variance and overfitting. These optimized
Random Forest models were subsequently used in compar-
ative analyses against the Ramirez equation for evaluating
the relative importance of each predictor, with combina-
tions of 2 to 5 predictive variables using 300 estimators to
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predict ASMI.

To contextualize and benchmark the Random Forest model,
two additional machine-learning algorithms commonly
used in clinical prediction were implemented: Gradient
Boosting and Support Vector Regression (SVR) with an
RBF kernel. All models were trained and evaluated under
identical data partitions and preprocessing conditions. Per-
formance was compared using standard regression metrics
(RMSE, MAE, and R?), allowing assessment of consis-
tency, agreement, and methodological robustness across
algorithms.

Agreement between machine-learning predictions and the
Ramirez equation was evaluated using identity-line com-
parison and Bland-Altman methodology, following rec-
ommended procedures for assessing concordance between
clinical estimation methods [24]. Variable importance anal-
yses were conducted using the Random Forest framework
to examine the relative contribution of anthropometric pre-
dictors and to evaluate the biological coherence of the final
models.

Risk estimation: The clustering stage involved categoriz-
ing the anthropometric variables following the sequential
structure proposed by EWGSOP2 [3], combined with a
patient-classification algorithm based on hierarchical clus-
tering. Handgrip strength, ASMI, and gait speed were stan-
dardized using z-score normalization, after which hierar-
chical clustering was applied using the implementation
provided by the scikit-learn library, with Ward’s linkage
and Euclidean distance. A range of cluster solutions (k =
2-14) was explored, and the Silhouette index, the Calinski-
Harabasz coefficient, and the elbow method were used to
evaluate internal validity. Across this range, the analysis
revealed that both k = 4 and k = 6 provided competitive
and physiologically coherent structures: k = 6 produced
the highest silhouette values, whereas k = 4 yielded a clear
elbow in the intra-cluster inertia plot, marking a point
of diminishing returns in cluster separation. The differ-
ences in performance between these configurations were
small, and adopting the four-cluster solution did not reduce
the model’s discriminatory ability or its capacity to sepa-
rate clinically distinct subgroups. The choice of the elbow
method aligns with previous stratification work in older
adults from Colima, Mexico, who participated in functional
dependence evaluations and indirect sarcopenia estimation
through anthropometry [25], ensuring consistency with
prior methodological criteria used in comparable popula-
tions.

Once the number of clusters was defined, the clustering
algorithm was refined through a sequential three-stage pro-
cess. First, handgrip strength was used as the sole variable
for clustering, generating preliminary patient groups. In
this stage, the second quintile of the full handgrip strength
distribution was used as the threshold, and patients within
each cluster whose values exceeded this cutoff were re-
moved. The procedure was then repeated for ASMI and

3

3.
3.1

subsequently for gait speed, each time using the corre-
sponding second quintile as the threshold for exclusion,
thereby ensuring that only individuals below the Q2 cutoff
for each variable remained in the final refined clusters. Par-
ticipants falling below the second quintile were classified
as cases of low strength, in accordance with the diagnostic
criteria proposed by EWGSOP2 [3]. The use of quintiles
as a classification criterion was due to the heterogeneity
in the distribution of the data and the anthropometric vari-
ables analyzed, as well as the importance of identifying
subgroups with the lowest recorded values.

To assess whether the classification pipeline depended ex-
cessively on the selection of the second-quintile thresh-
olds, a sensitivity analysis was conducted by systemat-
ically shifting each physiological cutoff within a +20%
window around the reference value. The thresholds for
handgrip strength, ASMI, and gait speed were modified in
5% increments, and at each shift, the full EWGSOP2-based
screening process was recalculated. The number of par-
ticipants assigned to the categories Probable, Sarcopenia,
Severe, and Remaining was recorded for every increment.

Screening of patients: With the availability of anthropomet-
ric variables corresponding to handgrip strength, muscle
mass (indirectly estimated), and gait speed in participants
with suspected probable sarcopenia, a hierarchical agglom-
erative clustering algorithm was employed, grouping in-
dividuals based on the similarity in the magnitude of the
selected anthropometric variables. To identify the optimal
number of clusters, the elbow method was used, which
relates the number of clusters to the internal variability of
the data within each cluster [26].

Subsequently, cluster groupings were generated based on
three combinations of anthropometric variables. Unlike
Phase 2, these combinations were selected according to
parameters previously reported by Arceo et al. in [25] and
based on the recommendations of EWGSOP2 [3]. How-
ever, instead of using the classic appendicular muscle mass
index, two alternative models were designed: (i) one con-
sidering arm muscle mass, and (ii) another based on leg
muscle mass.

Once the hierarchical decision tree with defined cutoff
points was established, the next step was to automate the
primary diagnostic process for the sarcopenia risk level. To
this end, a free-access web application was developed us-
ing Streamlit. This tool enables healthcare professionals or
general users without requiring programming knowledge
to input anthropometric measurements through dropdown
menus and obtain as output the sarcopenia risk level, re-
gardless of the patient’s comorbidity status.

Results and Discussion

Participant characteristics

The sample consisted of 1,678 patients, of whom 50.1% were
women. Figure 2 shows the distribution of comorbidities. Some

doi: 10.17488/RMIB.47.2.1565

50f19


https://doi.org/10.17488/RMIB.47.2.1565

Revista Mexicana de Ingenieria Biomédica

Vol. 47, No. 2, 2026

patients had more than one comorbidity at the same time, to-
taling 2,016 records. The largest category corresponded to par-
ticipants without recorded comorbidities (38.9%). Among the
categories with comorbidities, the largest contribution (49%)
corresponds to records with hypertension and mild type 2 di-
abetes mellitus (DM2). The remaining 12% is detailed at the
bottom of the figure, where rheumatoid arthritis (30.2%), de-
pression (19.0%), and complicated DM2 (11.6%) are the most
prevalent conditions.

This result is consistent with Arteaga et al. in [27], who
reviewed comorbidities associated with diabetes mellitus in
adult populations. The analysis indicates that, in Latin Amer-
ican countries, the most frequent comorbidities among this
population group are hypertension, DM2, dyslipidemia, and
overweight.

Figure 3 shows the distribution of comorbidities for par-
ticipants separated by sex. Since some participants had more
than one condition, a priority criterion was used to assign them
to a single comorbidity group for the sex-stratified analysis.
Among male participants (n = 838), 48.0% had no comorbidi-
ties, 23.2% reported mild DM2, and 37.5% had uncomplicated
hypertension. Among women (n = 840), 45.5% had no co-
morbidities, while 17.5% reported mild DM2 and 39.8% had
uncomplicated hypertension. The prevalence of other comor-
bidities, including complicated DM2 and complicated hyper-
tension, was relatively low in both groups. Overall, the burden
of comorbidities was slightly higher in women, particularly
in the “Other” category (14.9% in women vs. 7.4% in men).
For the predictive models, we kept only participants without
comorbidities, resulting in a sample of 765, after also remov-
ing participants with outlier values in their anthropometric
measurements.

3.2 Assessment of anthropometric variability and corre-
lation

The COSFAMM booklet recorded multiple anthropometric
measurements, as well as handgrip strength and gait speed. As
an exploratory step, we evaluated the variability of all anthro-
pometric parameters. This metric provides a direct comparison
across variables with different units and scales. In addition,
we computed the interquartile range (IQR) as a robust, outlier-
insensitive descriptor of the absolute spread of values in their
natural units. Figure 4 presents the CV values for men and
women, ranked according to their mean CV values across
sexes. Although several variables displayed low variability, the
CV and IQR were used exclusively for descriptive purposes,
and no anthropometric variables were removed based on these
metrics. This ensured that all potentially informative predictors
were preserved for subsequent analyses.

Subsequently, correlation networks were constructed among
the selected anthropometric variables (Figure 5). Each node
represents a variable, and the edges indicate statistically sig-
nificant correlations above 0.3. The color of the edges denotes
the sex-specificity of the correlation: blue edges correspond
to men, pink to women, and magenta (purple) to correlations
present in both sexes. Additionally, edge styles reflect corre-

lation strength: dotted lines indicate correlations between 0.3
and 0.5, dashed lines represent values between 0.5 and 0.7, and
solid lines indicate strong correlations above 0.7.

Figure 5 highlights that, although most associations are con-
sistent across sexes, certain anthropometric relationships are
sex-dependent (particularly those involving muscular strength
and gait speed). In the male group (blue edges), grip strength
shows a stronger correlation with weight, gait speed, and up-
per limb circumferences. Meanwhile, in women (pink edges),
skinfold measurements such as triceps, biceps, and subscapular
exhibit stronger internal associations and weak correlations
with calf circumference. This result is consistent with Lépez
and Arroyo [20], who evaluated 7,865 older Mexican adults
and found that men are taller, have a higher BMI, and have a
greater waist circumference compared to women. In contrast,
women exhibited higher levels of obesity and adiposity in the
hips, waist, and thighs.

3.3 Adjustment of the appendicular skeletal muscle mass
index

Table 1 summarizes the variable combinations evaluated to
replicate the ASMI estimates produced by the Ramirez equa-
tion. The table reports results from models that include hand-
grip strength as a predictor as well as those that exclude it,
allowing comparison between scenarios with and without ac-
cess to a dynamometer, similar to what has been reported in
previous studies [28, 29]. Each random forest configuration is
labeled with the letter M followed by a model number, and the
columns to the right display the standardized root mean square
error (RMSE) obtained during both training and testing. The
variable sets are ordered according to their relative predictive
contribution, with sex, handgrip strength, BMI, and calf circum-
ference emerging as the most frequently selected predictors.
Although it is not listed among the top-performing five-variable
models shown in the table, model M2 corresponds to the exact
combination of predictors used in the Ramirez equation and
yields an RMSE of approximately 0.07 during training and
0.14 during testing.

Figure 6 shows the performance indices for the Random For-
est models predicting adjusted ASMI. The left panel displays
the RMSE, the middle panel the MAE, and the right panel
the coefficient of determination (R2). The models are arranged
in ascending order according to the magnitude of their errors.
It can be observed that there is no pronounced imbalance be-
tween training and test errors (indicating the absence of severe
overfitting). Additionally, model M4 (which uses sex, calf cir-
cumference, BMI, and handgrip strength as predictors) exhibits
error magnitudes similar to the five-variable models with the
smallest errors. All models, except M9, have a coefficient of
determination above 0.75, and those with the smallest errors
achieve an R? greater than 0.95.

On the left side of Figure 7, a strong linear correlation
can be observed between the ASMI values predicted by the
Random Forest model (Y-axis) and those estimated using the
Ramirez equation (X-axis), as evidenced by the clustering of
points along the identity line (y = x, red dashed line). This
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Table 1. Performance of ASMI prediction models with and without grip strength as a predictor (left and right, respectively).

Best Model (with grip strength) RMSE RMSE Best Model (without grip strength) RMSE RMSE
(Train) (Test) (Train) (Test)

Sex, height, calf circumference, BMI, and, grip 0.059 0.110 Sex, weight, calf circumference, BMI, and gait speed 0.119 0.200

strength (M1) (M3)

Sex, calf circumference, BMI, and grip strength (M4) 0.086 0.137 Sex, weight, calf circumference, and BMI (M5) 0.145 0.204

Sex, BMI, and grip strength (M7) 0.234 0.290 Sex, calf circumference, and BMI (M6) 0.164 0.208

Sex, and grip strength (M9) 0.479 0.518 Sex, and calf circumference (M8) 0.298 0.295

Distribution of Main Comorbidities by Sex
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Figure 3. Distribution of the main comorbidities in the samples of
each sex.

close alignment indicates that the model achieved a fit with R?
0.98, meaning the proposed model shows a high capacity to
replicate the values obtained from the Ramirez equation. When
analyzing the points by sex, it is noticeable that men (in blue)
are grouped in a higher ASMI range, while women (in pink) are
concentrated at lower values. This separation reflects expected
sex differences in appendicular muscle mass and confirms that
the model respects this physiological trend.

Figure 7 on the right shows the Bland-Altman analysis,
which illustrates the difference between the two estimations
as a function of their average value. The blue line represents
the mean bias, which is practically zero (0.00), indicating no
systematic overestimation or underestimation. The green and
orange lines indicate the limits of agreement (LOA = +1.96
standard deviations), which are quite narrow (£0.16), indicat-
ing that the discrepancies are small and clinically acceptable
across the entire ASMI range. The residual plot confirms the
absence of systematic patterns and a homogeneous distribu-
tion around zero, indicating that the model does not exhibit
heteroscedasticity or dependency on the predicted value. The
variable importance plot shows that sex and handgrip strength
are the most influential predictors within the Random Forest,
which aligns with the physiology of the muscle component and
supports the biological plausibility of the model’s estimates.

In addition to developing and evaluating the proposed ran-
dom forest model, this study also compared its performance
against two advanced machine-learning techniques commonly
applied in clinical predictive modeling. The first method, Gra-
dient Boosting, sequentially builds weak learners, typically
decision trees, with each learner aiming to correct the errors
of its predecessor. This ensemble strategy is known for its
robustness and has shown promising results in complex, multi-
variable clinical systems as predictive models for diabetes [30].
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Figure 4. Coefficient of variation (up) and interquartile range (down)
for the variables in the sample.

Figure 5. Correlation network of anthropometric variables in the
sample.

The second method evaluated was Support Vector Regression
(SVR) with a Radial Basis Function (RBF) kernel. SVR-RBF
excels in datasets with non-linear trends by mapping input fea-
tures into higher-dimensional spaces where linear regression
becomes feasible [31].

Gradient Boosting and SVR were evaluated by Castillo et
al. in [32], who conducted a study on sarcopenia levels in
older adults attending the Tijuana General Hospital. Among
the classifiers tested, the Random Forest (‘max_depth’ = 3,
‘n_estimators’ = 10) achieved a strong performance with an
Fl-score of 0.901 and an accuracy of 0.825. Similarly, the
RBF SVM model yielded an F1-score of 0.902 and an accu-
racy of 0.825. Overall, models such as decision trees, k-nearest
neighbors, and Gaussian processes also demonstrated com-
parable predictive power, highlighting the utility of machine
learning-based approaches in assessing sarcopenia in clinical
settings.

Figure 8 shows the Random Forest model adequately repro-
duces the predicted ASMI values (R? = 0.981) and maintains
a consistent agreement pattern between men and women, al-
though with higher errors (RMSE = 0.139, MAE = 0.104).
Gradient Boosting improved these indicators (RMSE = 0.060,
MAE = 0.047, R2 = 0.996), but its training time was close to
three times the time taken by the other two algorithms, making
it less practical in clinical scenarios that require immediate
computation. The SVR model with an RBF kernel showed the
best overall performance (RMSE = 0.015, MAE = 0.009, R? =
0.999) and had training times comparable to Random Forest,
along with a notable reduction in bias and residual dispersion.

Nevertheless, Random Forest was retained as the primary
model. This decision is justified by its balance between accu-
racy, sex-specific stability, lack of overfitting, computational
efficiency, and greater interpretability. Furthermore, unlike
SVR, which is more sensitive to hyperparameters and less
transparent, Random Forest allows for extraction of variable
importance and maintains more reliable behavior for clinical
extrapolation.

3.4 Clustering

Figure 9 illustrates the clustering results obtained with these
indices. As shown in the upper panel in Figure 9, although
higher silhouette scores were observed for k£ > 10, these so-
lutions were considered oversegmented; within the plausible
range, the highest score was obtained for k& = 6, indicating a
slightly more cohesive clustering structure. However, the lower
panel in Figure 9 shows that k = 4 forms a clear elbow in the
plot of intra-cluster inertia, suggesting diminishing returns in
cluster separation beyond four groups. To determine which
solution was more appropriate for the purposes of this study,
both k = 4 and k = 6 were tested empirically in the subse-
quent EWGSOP2-based screening pipeline. After applying
the sequential physiological filters (low handgrip strength, low
ASMI, and slow gait speed), we observed that the final number
of individuals classified into the “Probable sarcopenia", “Sar-
copenia,” and “Severe sarcopenia” categories was identical un-
der both clustering solutions. Given this empirical equivalence
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Figure 6. Performance of the models based on RMSE, MAE, and R2.
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and to maintain methodological simplicity and interpretability,
we report the 4-cluster solution in the manuscript.

Tables 2 and 3 show the percentage of participants in each
cluster who were excluded by applying the criterion of having
values above the second quintile of the full range of values for
handgrip strength (first filter), ASMI (second filter), and gait
speed (third filter) for each sex. The header of each column
shows the threshold values corresponding to these filters. In
both cases, the second quintile shows values that are close to
typical clinical cutoff points for these parameters (according to
the EWGSOP2 [3]).

Once the number of clusters was identified, box-and-whisker
plots were analyzed with the aim of exploring the relationship
between anthropometric variables and the risk level of sarcope-
nia for each sex (Figure 10). These plots allow for a visual
assessment of how each variable behaves across the defined
clusters, highlighting central tendencies, dispersion, and poten-
tial outliers.

Figure 10 is organized into three sections, illustrating the
relationship between sarcopenia levels and the corresponding
anthropometric variables. In the top section, handgrip strength
shows marked differences between sexes. In both men and
women, there is a progressive decline in median grip strength
from participants classified as at no risk to those with severe
sarcopenia, although the category-based differences are more
pronounced in men, where the values associated with severe
sarcopenia diverge more sharply from the rest of the population.
In contrast, the pattern for gait speed is less evident. Although
there is a general tendency toward a decline from the no-risk
group to the severe category, the distinctions are less clear, par-
ticularly among women, suggesting that gait speed may be less
effective for differentiating sarcopenia severity in female pa-
tients. This aligns with Salinas-Rodriguez et al. [33], who used
an operational definition of sarcopenia in older Mexican adults
based on low muscle quantity accompanied by either weak
handgrip strength or slow gait speed. For ASMI, a consistent
downward trend is observed as sarcopenia severity increases
in both sexes. Men exhibit higher ASMI values across all di-
agnostic categories with clearer separation between groups,
whereas women show greater overlap despite presenting the

same overall decreasing pattern.
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Figure 8. Performance of Random Forest, Gradient Boosting, and SVR based on RMSE, MAE, and R2.

Table 2. Percentage of patients removed by cluster in the male sample after applying the cutoff points corresponding to the second quintile of

each variable.

Cluster Grip strength >30 kg (%) ASMI > 7.1kg/m2 (%) Gait speed > 0.8 m/s (%)
0 0 100 0

1 100 16 52

2 50 100 100

3 100 0 100

Additionally, the scatterplot points in Figure 10 are color-
coded to reflect the number of parameters in which each partici-
pant exhibited low values: red for those with deficits in all three
parameters (handgrip strength, ASMI, and gait speed), orange
for deficits in two, yellow for deficits in one, and green for
participants without deficits. This color scheme was designed
to show how many individuals with deficits in variables not yet
considered by the EWGSOP2 sequential cascade might be in-
advertently classified as “Remaining” (i.e., without problems)
due to the stepwise nature of the screening. The figure shows
that, although some individuals in the “Remaining” category
do not exhibit low handgrip strength, they may still present
reduced ASMI and gait speed. However, this pattern does not
persist in the downstream categories: participants classified
as Probable, Sarcopenia, or Severe consistently display the
expected accumulation of deficits, with those in the sarcopenia
and severe sarcopenia groups predominantly presenting red or
orange markers

To compare anthropometric characteristics across the four
mutually exclusive groups derived from the sequential cluster-
ing process (Remaining, Probable, Sarcopenia, and Severe),
the non-parametric Kruskal-Wallis H test was applied. This test
evaluates whether at least one group differs significantly from
the others without assuming normality, making it appropriate
for skewed or non-homogeneous distributions. Given that the
analysis involved four independent groups, Kruskal-Wallis al-
lowed us to detect global differences for each variable. P-values
below 0.05 were considered statistically significant. Under this
criterion, the variables showing the strongest group separation
were handgrip strength, ASMI, gait speed, BMI, calf circumfer-
ence, and several circumferences and skinfolds, while variables

such as triceps skinfold, biceps skinfold, and some peripheral
measurements showed weaker or non-significant differences.
This pattern reflects the expected physiological gradient across
the classification, where muscle strength, muscle mass, and
physical performance concentrate most of the discriminatory
power.

Table 4 shows that the Kruskal-Wallis test revealed statisti-
cally significant differences (p < 0.05) across the four sarcope-
nia groups for all anthropometric and physical performance
variables in both men and women. The most pronounced dif-
ferences were observed in handgrip strength, ASMI, and gait
speed, with extremely low p-values supporting their central
role in the diagnostic criteria for sarcopenia. Significant differ-
ences were also found in other variables such as body weight,
BMI, and the circumferences of the calf, arm, thigh, waist, and
hip. These findings indicate that both muscle mass indicators
and physical performance measures contribute substantially to
the differentiation between sarcopenia stages.

To assess the robustness of this primary screening approach,
we performed a sensitivity analysis by shifting the percentile-
based thresholds used for handgrip strength, ASMI, and gait
speed around the 40th percentile (Q40) and re-running the full
classification pipeline (Figure 11). Across shifts from 0.20 to
+0.20, the distribution of patients among the four screening
categories (Remaining, Probable, Sarcopenia, and Severe) re-
mained generally stable, indicating low susceptibility to minor
threshold changes. In men, Remaining decreased smoothly
with positive shifts, and Severe increased as expected in a
sequential screening system, with Probable and Sarcopenia
showing minimal fluctuation; women exhibited an even more
attenuated version of the same pattern. However, beyond +0.10,
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Figure 9. Silhouette (up) and elbow (down) plots of the study participants.

Table 3. Percentage of patients removed by cluster in the female sample after applying the cutoff points corresponding to the second quintile of

each variable.

Cluster Grip strength >17 kg (%) ASMI > 5.6kg/m2 (%) Gait speed > 0.67 m/s (%)
0 0 0 52

1 100 100 100

2 57 82 0

3 100 100 100

Table 4. P-values for differences in anthropometric variables for male
and female samples by the Kruskal-Wallis test.

Variable Men Female

Grip strength  1.63e-61  1.14e-57
ASMI 3.17e-21  1.14e-57
Gait speed 5.85e-17  1.70e-11
Calf 8.26e-23  5.54e-20
Arm 1.39e-16  4.6le-15
BMI 7.49e-22  4.43e-19
Weight 6.02e-19  8.49e-16
Thigh 5.78e-17  1.15e-15
Waist 3.53e-12  1.64e-11
Hip 9.93e-12  7.67e-13

both sexes showed sharper increases in Severe and marked de-
clines in Remaining, suggesting that larger deviations begin
to alter the clinical balance of categories rather than reflecting
acceptable flexibility around the cut points.

Figure 11 shows that the classification system demonstrates
high stability against small variations in the cutoff points, par-
ticularly within the interval between -0.10 and +0.10. Among
men, as the cutoff points were adjusted, there was a progres-
sive decrease in the percentage of individuals classified as
non-sarcopenic and a corresponding increase in those catego-
rized as having severe sarcopenia, while the proportions of the
intermediate groups remained relatively stable. This pattern
reflects a behavior consistent with the cascade structure of
the classification proposed by the EWGSOP?2 [3]. In contrast,
among women, the shifts in cutoff points produced more mod-
est changes in the distribution of individuals across diagnostic
categories, although a gradual transition toward more severe
classifications was also observed.

Table 5 shows the distribution of participants according
to their primary sarcopenia risk level, disaggregated by sex.
One of the most notable findings is the higher proportion of
men classified in the “severe sarcopenia” category, where they
represent approximately 60%. In contrast, there is a higher
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Figure 10. Boxplots of the relationship between anthropometric variables and the risk level of sarcopenia for each sex.
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Figure 11. Sensitivity analysis of percentile-based thresholds for primary sarcopenia screening for men (up) and women (down).

Table 5. Estimates of patients with sarcopenia by sex, with each risk
group shown as mutually exclusive.

Risk Female Male n
Severe sarcopenia 43 65 108
Sarcopenia 39 34 73
Probable 67 60 127
Remaining 221 236 457

proportion of women in the categories of sarcopenia and prob-
able sarcopenia. This trend may reflect earlier detection due
to differences in healthcare access or health-seeking behavior.
However, it is important to note that previous studies have
found that the prevalence of sarcopenia measured in study
groups depends on factors related to the studied population and
the cutoff points [34], so the observed proportions should not
be taken as an estimate of sarcopenia prevalence in Mexico.

3.5 Random forest for sarcopenia risk estimation

A Random Forest model was developed to classify patients into
three categories: "No Sarcopenia”, "Sarcopenia" and "Severe
Sarcopenia," using handgrip strength, gait speed, and ASMI
as predictive variables, following previous machine-learning
approaches for sarcopenia classification [35]. The dataset was
split into training and testing sets using a stratified 70:30%
partition to preserve class proportions. The model was trained
using 100 estimators, with a fixed random seed to ensure re-
producibility. The feature importance analysis showed that

handgrip strength had the highest predictive value, followed
by gait speed and ASMI. The Random Forest model achieved
an overall accuracy of 99% and a weighted F1-score of 0.99,
indicating excellent overall performance. Class-specific anal-
ysis showed a recall of 1.00 and F1-score of 0.99 for patients
without sarcopenia, a recall of 0.94 and F1-score of 0.97 for
sarcopenia, and perfect recall and F1-score values of 1.00 for
severe sarcopenia.

Figures 12 and 13 show the most representative decision
trees generated from Random Forest models trained to classify
the risk of sarcopenia in female (up) and male (down) patients
from the IMSS 2019 sample. In both cases, the models rely on
three key predictors: muscle strength, gait speed, and ASMI.

The classification follows a hierarchical structure that be-
gins with a threshold in handgrip strength, followed by cutoffs
in gait speed and ASMI, consistent with the diagnostic algo-
rithm proposed by the EWGSOP2 working group. Notably, the
initial strength threshold differs by sex: 16.83 kg for women
and 29.29 kg for men, accurately reflecting physiological dif-
ferences between the two groups.

Each node in the tree represents a decision point and in-
cludes the number of participants meeting that condition, the
distribution of classes at that point (no sarcopenia, sarcope-
nia, severe sarcopenia), and the final predicted class. Terminal
leaves are color-coded as follows: orange for no risk, green for
sarcopenia, and purple for severe sarcopenia.

Although the overall structure of the trees is similar for
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Figure 12. Best trees within the Random Forest models for predicting
sarcopenia risk level in the female group.

both sexes, there are key differences in the thresholds and
decision paths. In men, the model places greater weight on
handgrip strength as the initial discriminative factor, followed
by gait speed. In contrast, among women, gait speed tends
to appear earlier in some paths, which may reflect a different
functional profile or a stronger association between mobility
and sarcopenia risk in this group.

Additionally, the ASMI threshold values used by the models
differ between men and women, highlighting the importance
of sex-specific criteria in clinical assessment. For women, even
with acceptable handgrip strength, a low gait speed combined
with reduced ASMI can lead to a classification of severe sar-
copenia. In men, however, a sufficiently high ASMI may par-
tially offset lower functional performance. While diagnostic
criteria are shared, their relative weight and effective combina-
tions may vary by sex. This finding reinforces the need to adapt
screening and prevention strategies with a gender-sensitive ap-
proach.

The relevant thresholds obtained from Partial Dependence
Plots (PDPs) for sarcopenia risk classification were identified
through partial dependence plots generated from Random For-
est models to estimate the average marginal effect of each
predictor on the probability of belonging to a class while
conditioning on the other variables. PDPs are used to inter-
pret machine learning models [36]. They illustrate how the
model’s prediction changes when a particular variable is mod-
ified, while the effects of other variables are averaged out or
held constant. This technique is particularly useful in clinical
contexts, as it helps identify critical thresholds in functional
and morphological variables associated with the risk of com-
plex conditions such as sarcopenia [37, 38]. Figures 14 and 15
show how three central variables: handgrip strength, gait speed,
and ASMI, influence the probability of presenting different
degrees of sarcopenia in both men and women.

In men (Figure 14), handgrip strength shows a critical thresh-
old around 30 kg: below this value, the probability of sarcope-
nia, especially in its severe form, increases considerably, while

Table 6. Variable combinations including anthropometry and at least
one EWGSOP2 parameter used in Random Forest models for male
and female samples.

Sex Variable combination Weighted F1-score
Male Gait speed, ASMI, weight and triceps skinfold 0.945
Male Gait speed and ASMI, arm and subscapular skinfold  0.944
Male Gait speed, ASMI, weight, thigh, and calf 0.940
Female  Grip strength, gait speed, waist, and BMI 0.950
Female  Grip strength, gait speed, waist, and weight 0.940
Female  Grip strength, gait speed, waist, and arm 0.923

exceeding it favors classification as not at risk. Gait speed
presents a clear inflection point at 0.75 m/s, with a marked
reduction in risk beyond this threshold. Finally, ASMI shows a
relevant change near 6.7 kg/m?, serving as a lower limit below
which the probability of sarcopenia rises.

In women (Figure 15), although the overall trends are sim-
ilar, the thresholds are notably different. Handgrip strength
reaches its critical point around 17.2 kg, beyond which the
probability of sarcopenia decreases significantly. As in men,
gait speed exhibits a very consistent pattern: below 0.75 m/s,
the risk increases, whereas higher values are associated with a
lower probability of sarcopenia. Regarding ASMI, the thresh-
old with the most significant change is approximately 5.3
kg/m?, reflecting physiological differences in body compo-
sition compared to men.

Although the Random Forest model based on variables de-
fined by the EWGSOP?2 consensus showed adequate perfor-
mance, in clinical or population-based contexts, the full set of
these measurements is not always available. To address this
limitation, an exhaustive search approach was implemented in
two scenarios: a) partial availability of one or two functional
variables from the European consensus in combination with
anthropometric variables, and b) complete absence of these
variables, relying solely on anthropometric measurements.

In each scenario, random combinations of predictors were
generated, and the performance of Random Forest models was
evaluated using the weighted F1-score. This metric provides
a more robust evaluation of model performance compared to
accuracy, as it penalizes both false positives and false negatives
[39]. To mitigate class imbalance, the SMOTE (Synthetic Mi-
nority Over-sampling Technique) method was applied during
the training phase. This method generates synthetic instances
of the minority class by interpolating between each sample and
its nearest neighbors within the same class, rather than duplicat-
ing existing data, and may improve classification performance
under imbalanced conditions [40].

Table 6 shows the F1-score of the Random Forest models
using different combinations of anthropometric variables and
those included by the EWGSOP2 consensus. These combina-
tions yielded high classification performance, with weighted
F1-scores equal to or greater than 0.94 in men and up to 0.95
in women.

Table 7 compares the efficiency of the predictive model de-
veloped in this study with that of the main working groups
dedicated to primary sarcopenia screening, as reported by
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Gait speed <=0.764
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Value = [43, 37, 18]
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Samples = 25
Value = [24, 0, 16]
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Figure 13. Best trees within the Random Forest models for predicting sarcopenia risk level in the male group.
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Figure 14. Partial dependence plots for risk level in the male sample.

Sepilveda et al. in [41]. Tt is worth noting that alternative
proposals exist, such as those from the Society on Sarcopenia
and Cachexia and the International Working Group on Sarcope-
nia, which define their ASMI cutoff points based on sample
standard deviation criteria that fall outside the scope of the
present study.

Table 7 shows that performance metrics improve when the
diagnostic model includes a larger number of variables. Specif-
ically, the combination of ASMI, handgrip strength, and gait
speed yields markedly superior predictive performance (F1-
score, accuracy, and recall close to or equal to 1.00 in both
sexes). In contrast, models relying solely on ASMI and gait
speed demonstrate lower performance. This highlights that the
effectiveness of a predictive model depends not only on the
number of variables included but also on their discriminative
value for identifying sarcopenia.

It is important to note that excluding handgrip strength sig-
nificantly reduces its predictive capacity. This finding is con-

0.8
Gait Speed (m/s)

10 12 575 600 625 650 675 700 725 750 7.75
IMME (kg/m?)

sistent with the results reported by Blanquet et al. [42], who
assessed anthropometric variables in 118 older adults in France
between 2014 and 2018 and determined sarcopenia risk using
the cutoff points proposed by EWGSOP. The authors found
that low handgrip strength is strongly associated with an in-
creased risk of sarcopenia, highlighting the clinical relevance
of including this variable in screening systems.

4. Conclusions

This study presents the design, evaluation, and validation of
a free-access digital tool developed to estimate the risk of
sarcopenia in older adults using anthropometric variables. The
system is based on a supervised classification models trained
with the Random Forest algorithm, which showed adequate
performance, especially when at least one or two functional
parameters recommended by the EWGSOP2 consensus were
included.

The tool offers two main functionalities: (i) consultation of
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Figure 15. Partial dependence plots for risk levels in the female sample.
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Table 7. Comparison of diagnostic criteria and predictive performance across sarcopenia models

‘Working Group Variable combination Weighted F1-score Accuracy Recall
(male/female) (male/female) (male/female)

European/Asian Working Group on Sarcopenia ~ ASMI, handgrip strength and gait 0.99/1.00 0.99/1.00 0.97/1.00

in Older People speed

International Sarcopenia Group/Special Interest ASMI and gait speed 0.65/0.75 0.62/0.72 0.79/0.82

Group

predefined or customized anthropometric variables and cutoff
points to estimate primary sarcopenia risk in older Mexican
adults without comorbidities; and (ii) input of individual data or
complete datasets to obtain a preliminary classification by risk
level. Additionally, the application allows exporting results,
facilitating its use in both clinical and research settings. This
approach may support diagnostic prioritization, particularly in
primary care contexts where advanced clinical infrastructure is
limited.

The practical feasibility of implementing this tool lies in
its reliance on accessible, low-cost measurements that are al-
ready common in primary care and community health pro-
grams across Mexico. By leveraging routine anthropometric
and simple functional assessments, the system can be inte-
grated into existing workflows without additional equipment,
potentially facilitating early identification of individuals at ele-
vated risk and guiding appropriate referrals for confirmatory
evaluations or preventive interventions. Nevertheless, the tool
is intended to complement standardized diagnostic procedures,
especially in contexts where more precise reference methods
such as DEXA are available.

Several limitations must be acknowledged. The models were
developed exclusively with data from individuals without co-
morbidities, which may restrict their applicability to broader
clinical populations. Muscle mass was estimated indirectly
using anthropometric equations rather than measured with
gold-standard techniques, potentially affecting accuracy. The
quintile-based cutoff values derived from the study sample may
limit external validity, and although oversampling methods
such as SMOTE were used to mitigate class imbalance, such
strategies do not fully guarantee comparable performance un-
der real-world conditions. In addition, gait speed was recorded

with low numerical resolution (one significant digit), poten-
tially affecting the the accuracy of risk categorization.

Future research will incorporate data from individuals with
common comorbidities to assess model performance in more
representative clinical scenarios. External validation in differ-
ent populations and geographic contexts is also necessary to
evaluate generalizability. Comparative analyses with alterna-
tive supervised learning algorithms may provide insights into
potential performance improvements. In addition, integrating
longitudinal data could allow assessment of the stability of the
models over time in predicting sarcopenia progression. Finally,
implementation studies in primary healthcare settings are rec-
ommended to evaluate the practical utility and impact of the
proposed digital tool in clinical workflows.
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