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Abstract 

Introduction: Handgrip strength represents a key measure of upper limb function and general 
physical fitness in adolescents, reflecting muscular health and potential risk for future health 
conditions.  
Objetive: This study aimed at developing a predictive model of adolescent handgrip strength 
using anthropometric variables to identify those at risk of future health issues.  
Methods: Sociodemographic data, Body Max Index (BMI), and body fat percentage were col-
lected during Physical Education classes. Handgrip strength was measured twice using the 
dominant arm, with the best result recorded. Additional data from the Course Navette test, the 
Physical Activity and Leisure Motivation Scale (PALMS), the International Physical Activity 
Questionnaire (IPAQ), and the Questionnaire of Health and Well-Being (QHWB) were also col-
lected. A nested 10-fold cross-validation pipeline was used, incorporating Boruta feature selec-
tion, and ElasticNet regression. Model evaluation included Mean Average Error, Root Mean 
Square Error, R², and bootstrapped confidence intervals. The sample included 867 secondary 
school students (mean age = 14.03 ± 1.19 years; 53.9% boys).  
Results: The model showed good predictive performance: MAE = 3.76 (0.29), RMSE = 4.73 
(0.36), R² = 0.48 (0.08), and Average Normalized MAE = 9.90%. Selected predictors included 
Age (b = 1.86), Sex (b = -1.03), BMI (b = 4.16), Body Fat (b = -3.94), and Navette Stages (b = 
1.06).  
Conclusions: This study provides preliminary evidence for a predictive model that estimates 
handgrip strength in adolescents using indirectly measurable predictors, employing a rigorous 
machine learning approach that retains only robust predictors for population screening. 

Keywords 

Handgrip strength; adolescents; population screening; physical activity; musculoskeletal 
health. 

Resumen 

Introducción: La fuerza de prensión manual representa una medida clave de la función de las 
extremidades superiores y la aptitud física general en los adolescentes, ya que refleja la salud 
muscular y el riesgo potencial de padecer problemas de salud en el futuro.  
Objetivo: El objetivo de este estudio fue desarrollar un modelo predictivo de la fuerza de pren-
sión manual en adolescentes utilizando variables antropométricas para identificar a aquellos 
con riesgo de padecer problemas de salud en el futuro.  
Métodos: Se recopilaron datos sociodemográficos, el índice de masa corporal (IMC) y el porcen-
taje de grasa corporal durante las clases de educación física. La fuerza de prensión manual se 
midió dos veces utilizando el brazo dominante, y se registró el mejor resultado. También se 
recopilaron datos adicionales de la prueba Course Navette, la Escala de Motivación para la Ac-
tividad Física y el Ocio (PALMS), el Cuestionario Internacional de Actividad Física (IPAQ) y el 
Cuestionario de Salud y Bienestar (QHWB). Se utilizó un proceso de validación cruzada anidada, 
incorporando la selección de características Boruta y regresión ElasticNet. La evaluación del 
modelo incluyó el error medio, el error cuadrático medio, R² y los intervalos de confianza 
bootstrapped. La muestra incluyó a 867 estudiantes de secundaria (edad media = 14,03 ± 1,19 
años; 53,9 % chicos).  
Resultados: El modelo mostró un buen rendimiento predictivo: MAE = 3,76 (0,29), RMSE = 4,73 
(0,36), R² = 0,48 (0,08) y MAE normalizado medio = 9,90 %. Los predictores seleccionados in-
cluyeron la edad (b = 1,86), el sexo (b = -1,03), el IMC (b = 4,16), la grasa corporal (b = -3,94) y 
las etapas de Navette (b = 1,06).  
Conclusiones: Este estudio proporciona evidencia preliminar para un modelo predictivo que 
estima la fuerza de prensión manual en adolescentes utilizando predictores medibles indirec-
tamente, empleando un enfoque riguroso de aprendizaje automático, que retiene solo los pre-
dictores robustos para el cribado de la población. 

Palabras clave 

Fuerza de prensión manual; adolescentes; cribado poblacional; actividad física; salud muscu-
loesquelética.

Predictive modelling on handgrip strength in adolescents 
Modelo Predictivo de la fuerza de prensión manual en adolescentes 
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Introduction

Handgrip strength (HGS) is generally recognized as a measure of upper limb muscular strength. It also 
serves as a functional indicator of this body region (Concha-Cisternas et al., 2022; Vaishya et al., 2024). 
Most studies on this indicator have been conducted in older adults, where HGS has been linked to phy-
sical fitness, frailty, and cognitive decline (López-Camacho et al., 2025). HGS is also a relevant indicator 
of fine motor skills (Wind et al., 2010), and its use appears appropriate for assessing the physical capa-
city of adolescents. Furthermore, grip strength is considered a significant health biomarker across dif-
ferent stages of life, including adolescence (Ortega et al., 2012). Specifically, low levels of grip strength 
have been identified as potential predictors of all-cause premature mortality (Soysal et al., 2020). In 
contrast, higher HGS has been established as a protective factor against cardiovascular and metabolic 
diseases across various age groups, including adolescence (Fraser et al., 2020). Several studies have 
found that HGS is commonly associated with anthropometric variables such as sex, age (Kastrati et al., 
2024), body mass index (BMI), and body fat percentage in adolescents (Triana et al., 2022). Other stu-
dies have reported that grip strength varies by sex, with males generally exhibiting higher strength 
across different age ranges (Alqahtani et al., 2023; Cooper et al., 2022). A meta-analysis by Nuzzo (2025) 
on sex differences in grip strength from birth to 16 years of age, encompassing data from 45 countries, 
concluded that HGS was consistently higher in males, with the greatest sex-related difference observed 
at age 16, attributed to biological factors. However, as found by Alvear-Vasquez et al. (2020), both HGS 
and Peak Expiratory Flow (PEF) can predict bone health in boys and girls, serving as indicators of fun-
ctional fitness. 

Several HGS studies indicated that age also influences muscle strength, with the difference becoming 
more pronounced over time. Therefore, the pubertal stage is crucial in the development of strength 
among adolescents (Reig et al., 2019). Other factors influencing HGS include metabolic profile and body 
weight (Blakeley et al., 2018). Specifically, HGS tends to be greater in individuals with normal weight 
compared to those with obesity. Additionally, fat mass is negatively correlated with grip strength (Cos-
sio-Bolaños et al., 2020), likely because excessive adiposity may impair muscular performance. 

However, although there is scientific literature supporting the associations between the variables men-
tioned, these studies are mainly descriptive and correlational and have mainly explored these predictors 
in isolation. Therefore, given the limitations of previous studies, there is a need to use predictive ap-
proaches based on objective and easily accessible anthropometric variables that allow for the estimation 
of HGS in adolescents.  

Recently, Lima et al. (2025) developed a mathematical model to predict HGS in quilombola children and 
adolescents, identifying the following as relevant predictive variables: age, height, and lean mass. This 
study highlights the current interest in developing predictive models of muscle strength in this type of 
population, although it uses a classical regression approach with a small sample size and focuses on a 
very specific and vulnerable population. 

To consolidate and expand upon these findings, the aim of the present study was to develop a predictive 
model capable of estimating adolescents’ HGS using anthropometric variables (sex, age, BMI, and body 
fat percentage) as predictors. The hypothesis was that these objective anthropometric variables would 
demonstrate significant predictive capacity for HG.  

Since HGS requires a direct strength assessment, the ability to estimate it using indirect measures, such 
as questionnaires or self-reported information, would enable wider application of this parameter for 
large-scale screening purposes. This would allow the identification of adolescents with low muscular 
strength, who may therefore be at increased risk of developing musculoskeletal or cardiovascular di-
seases in adulthood or old age. . In this regard, it was decided to include physiological (maximal oxygen 
consumption) and self-reported measures such as motivation towards PA using the PALMS scale, phy-
sical activity levels using the IPAQ questionnaire, and health-related quality of life measured using the 
QHWB instrument. All of these were administered for exploratory and comparative purposes, without 
expecting them to act as primary predictors of HGS. However, their inclusion allowed us to examine 
their possible contribution to the model, as well as to compare them with the objective anthropometric 
predictors commonly used in epidemiological research. 
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Method 

Design 

This is a cross-sectional observation study that followed the STROBE Statement, using the checklist for 
cross-sectional studies. 

Participants 

The sample consisted of 867 students enrolled in Compulsory Secondary Education (ESO) from the pro-
vince of Salamanca, Spain. The mean age was 14.03 ± 1.19 years, ranging from 12 to 16 years, with 53.9% 
boys (n = 467) and 46.1% girls (n = 400) (see Table 1). Of the total sample, 54.3% (n = 471) attended 
schools located in urban areas (<10,000 inhabitants), according to the criteria of Chillón et al. (2011). 
With regard to predictive models, recent literature indicates that considerations regarding sample size 
should focus on model stability and minimising overfitting, rather than being based exclusively on tra-
ditional power calculations. In particular, the required sample size depends on the number of candidate 
predictors and the expected performance of the model, usually quantified by the predicted R², which 
can be difficult to specify accurately a priori (Riley et al., 2020). In the present study, the initial set of 
candidate predictors consisted of 34 variables, representing an approximate ratio of 25 participants per 
predictor (n = 867), which is higher than the usual methodological recommendations for ensuring mo-
del stability. In addition, the use of variable selection procedures (Boruta), nested cross-validation, and 
ElasticNet penalised regression helps to reduce the risk of overfitting and reinforce the robustness of 
the estimates (Steyerberg, 2019). 

The inclusion criteria for the study were: being enrolled in compulsory secondary education, being bet-
ween 12 and 16 years of age, and regularly attending physical education classes. 

On the other hand, the exclusion criteria for the study were: adolescents with recent musculoskeletal 
injuries, neuromuscular diseases, physical disabilities that prevented them from performing the tests 
correctly, and those who were undergoing pharmacological treatment that could influence muscle 
strength. 

Participants were selected randomly through a two-stage cluster sampling procedure with proportional 
allocation. All students in the selected classes were invited to participate. The participation rate was 
100% of the students invited to participate, all of whom completed all assessments. Participation was 
entirely voluntary and without academic or monetary compensation. The study was conducted in ac-
cordance with the ethical guidelines established in the current Declaration of Helsinki (Helsinki, 2024), 
thereby ensuring professional ethics and participant safety. Informed consent was obtained from the 
participants’ parents or legal guardians, and authorization and cooperation were secured from the 
school. In addition to the informed consent of parents or legal guardians, verbal informed consent was 
obtained from all participants prior to data collection, in accordance with ethical recommendations for 
research involving minors. The study was also endorsed by the Pontifical University of Salamanca.  

Procedure 

The tests were administered in the following order: collection of sociodemographic data, anthropome-
tric measurements, assessment of handgrip strength, and finally, completion of the questionnaires. 

Sociodemographic data, Body Mass Index (BMI), and body fat percentage were collected in a single ses-
sion lasting approximately 30 minutes, during regular Physical Education class hours. Before data colle-
ction began, participants received brief instructions and were informed about the confidentiality of their 
responses. 

The measurements were taken by a single, previously trained researcher with specialised training, fo-
llowing a standardised protocol. 

At the time of HGS measurement, the dynamometer was calibrated in advance according to the manu-
facturer's recommendations and the grip width was adjusted to the size of each participant's hand. Par-
ticipants were then asked to stand upright, with their dominant arm stretched out alongside their body 
(without bending the elbow), without touching their torso and with their wrist in a neutral position. 
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They were then instructed to exert maximum grip strength for three seconds, which was performed 
twice, and the best result was recorded. 

 During the assessment, the assessor was unaware of the participants' anthropometric characteristics. 

To estimate maximal oxygen consumption (VO₂ max), the Course Navette Test, commonly referred to 
as the 20-meter shuttle run test, was administered. This test serves as an indirect measure of maximal 
aerobic capacity and allows for the estimation of VO₂ max, expressed in milliliters per kilogram per mi-
nute (ml/kg/min) (Jódar, 2003). ). For this purpose, the following formula, developed by Léger, Mercier, 
Gadoury and Lambert (1988) [19], should be applied to children aged 6 to 17.9 years to convert the 
achieved stages into VO₂ max: VO2 max = 31.025 + (3.238 × VFA) – (3.248 × A) + (0.1536 × VFA × A), 
where A represents the age of the participant in years, and VFA is the final running speed (velocity) 
attained, expressed in kilometers per hour (km/h). 

Instruments 

HGS(HGS) was assessed using a JAMAR hydraulic hand dynamometer (model J00105, Lafayette Instru-
ment Company, USA; capacity: 90kg, weight: 727g), following the protocol established by Roberts et al. 
(2011).  

Body Mass Index (BMI) and body fat percentage were measured using a Tanita body composition mo-
nitor, model MC780MA. To obtain reliable measurements with the body composition monitor, subjects 
must perform the test standing up, without shoes and wearing light clothing, with their legs and arms 
apart and extended, on an empty stomach and without having exercised for at least the previous three 
hours. 

To assess participants’ self-perceived health, the Questionnaire of Health and Well-Being (QHWB) 
(Torsheim, Välimaa, & Danielson, 2004) was used. We included three questions from QHWB: 1) Would 
you say your health is (from 1 = poor to 4 = excellent)? 2) In the past 6 months, how often have you 
experienced any of the following: headache, stomachache, backache, feeling low, irritability, bad mood, 
nervousness, trouble falling asleep, or dizziness? (from 1 = almost every day to 5 = never or almost 
never). 3) If on a scale where 10 represents the best possible life for you and 0 represents the worst 
possible life, where would you say you personally stand at this time? (from 0 = worst possible life to 10 
= best possible life). 

To assess motivations for engaging in physical activity (PA), we used the Physical Activity and Leisure 
Motivation Scale (PALMS), originally developed by Morris and Rogers (2004), in its version adapted for 
Spanish adolescents (PALMS-e). This instrument consists of a total of 25 items grouped into eight moti-
vational factors, with responses recorded using a 5-point Likert scale, where 1 indicates “strongly disa-
gree” and 5 “strongly agree.” The eight factors and their corresponding items are as follows: Ego (items 
11, 19, and 25), Appearance (items 6, 15, and 22), Others’ expectations (items 3, 13, and 18), Affiliation 
(items 2, 4, 12, and 24), Physical condition (items 5, 9, and 20), Psychological condition (items 1, 8, and 
14), Mastery (items 10, 16, and 21), Enjoyment (items 7, 17, and 23). Validation studies of the PALMS in 
adult populations, such as that by Molanorouzi et al. (2014), reported high internal consistency, with a 
Cronbach’s alpha of 0.82. Similarly, Zach et al. (2012) found satisfactory reliability in an earlier version 
applied to participants aged 9 to 69 years, with subscale Cronbach’s alpha values ranging from 0.63 to 
0.96. Santos-Labrador et al., 2021 created and validated a PALMS-e 25 items with adequate fit indices, 
CFI = 0.933, TLI = 0.918, SRMR = 0.042, RMSEA = 0.052 (90% CI 0.048; 0.056) and good reliability for 
each of the dimensions, ranging from 0.625 to 0.835.  

On the other hand, to assess the level of physical activity engagement, the International Physical Activity 
Questionnaire (IPAQ) was employed, specifically the version adapted for European adolescents (IPAQ-
A) by Hagströmer et al. (2008). This questionnaire divides physical activity into four domains: PA at 
school, household chores, transport-related PA, and leisure-time PA, sports, and free time, which is furt-
her subdivided into walking, moderate, and vigorous activities. In the present study, the sections related 
to physical activity performed at school (IPAQ-1) and to activity associated with commuting (IPAQ-3) 
were used. 

In the present sample, the self-reported instruments showed adequate internal consistency, with 
Cronbach's alpha values above 0.70 on the scales analysed. 
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On the other hand, it is important to note that the PALMS, IPAQ and QHWB instruments were included 
for exploratory and comparative purposes. Although they were initially collected, they were not incor-
porated into the final model as they did not improve its predictive capacity, thus avoiding the inclusion 
of irrelevant variables and reducing the risk of overfitting. 

Data analysis 

A comprehensive data analysis pipeline was implemented to ensure robust and reproducible predictive 
modeling. A nested cross-validation procedure was employed to perform feature selection, hyperpara-
meter tuning, and model evaluation, while strictly preventing information leakage. 

An external 10-fold cross-validation repeated 10 times was used to partition the data into training and 
independent test sets. At each external iteration, test samples were completely held out and never ac-
cessed during either feature selection or model optimization. All analytical steps described below were 
performed exclusively on the training data within each external split. 

Within each external training set, an internal 10-fold cross-validation loop was implemented to perform 
robust feature selection using the Boruta algorithm (Kursa et al., 2010) and to tune ElasticNet hyperpa-
rameters. Boruta is a wrapper feature selection method based on Random Forests (RF) that identifies 
relevant predictors by explicitly testing their importance against randomized shadow features. Specifi-
cally, shuffled copies of all predictors (shadow features) were appended to the original dataset, and a 
RF model (100 trees, maximum depth = 5) was trained on this extended feature space. Feature impor-
tance scores derived from the RF were then compared between original variables and their correspon-
ding shadow features. Predictors that consistently exhibited higher importance than the maximum sha-
dow importance were confirmed as relevant, whereas those that did not were rejected. This procedure 
was iterated until a stable set of features was identified within each internal fold. 

Feature selection was entirely driven by the Boruta algorithm within the internal cross-validation loop. 
To further enhance stability and reduce selection variability, features were retained for the final model 
only if they were selected in at least 80% of the internal cross-validation folds. This frequency-based 
criterion ensured that only robust predictors consistently supported by the data were included. 

Following feature selection, ElasticNet regression was used as the predictive model. ElasticNet was cho-
sen for its ability to simultaneously handle multicollinearity among predictors and enforce model spar-
sity through the combination of L1 and L2 regularization. Hyperparameter tuning was performed via 
grid search within the internal cross-validation loop, exploring a logarithmic range of alpha values (re-
gularization strength) and multiple L1 ratio values to balance between ridge-like and lasso-like beha-
vior. 

After completion of the internal loop, the most frequently selected hyperparameters across folds were 
retained. The final ElasticNet model was then retrained on the entire external training set using the 
features selected in at least 80% of internal folds and the optimized hyperparameters. This final model 
was evaluated on the left-out external test set, yielding unbiased estimates of predictive performance. 

Model performance was assessed using Mean Absolute Error (MAE), Root Mean Square Error (RMSE), 
and the coefficient of determination (R²). In addition, the Average Normalized MAE was computed by 
normalizing MAE by the observed range of the outcome variable. Performance metrics were aggregated 
across external test folds, and their mean, standard deviation, and interquartile range were reported. 

To assess the stability and interpretability of the models, regression coefficients obtained across exter-
nal iterations were aggregated. The distribution of coefficients was examined to evaluate consistency, 
and statistical inference was performed using nonparametric bootstrapping (N = 10000 resamples) to 
derive 95% confidence intervals and test whether coefficients differed significantly from zero. This pro-
cedure allowed assessment of both effect directionality and robustness across resampled datasets. 

At every stage of the pipeline, predictors were independently standardized using parameters estimated 
from the corresponding training data only. This ensured complete separation between training and test 
information and prevented data leakage. All analyses were implemented in Python using established 
machine learning libraries.  
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Results 

The initial feature set in our data analysis plan consisted of 34 variables showed in Table 1 which are: 
Sex (male and female), Age (years), Type of Sport, Tanita BMI, Tanita BodyFat, PALMS questionnaire 
categories (Ego, Appearance, Others’ Expectations, Affiliation, Physical Condition, Psychological Condi-
tion, Mastery, Enjoyment/Fun), IPAQ1 categories (School Physical Activity (day per week), School Phy-
sical Activity Time (min), School Recess Walking (days per week), School Recess Walking Time (min), 
School Recess Moderate (days per week), School Recess Moderate Time (min), School Recess Vigorous 
(days per week), School Recess Vigorous Time (min)), IPAQ3 categories (School Transport Walking 
(days per week), School Transport Walking Time (min), School Transport Bike (days per week), School 
Transport Bike Time (min), School Transport Motor Vehicle (days per week), School Transport Motor 
Vehicle Time (min)), WHWB (question 1, 2, 3), Course Navette Test (Stages, Speed, VO2 max).  

 

Table 1. Characteristics of participants by sex. 

Variables Total Male Female 

Participants (n) (%) 867 (100) 467 (53.9) 400 (46.1) 
Age (years) 14.03 ± 1.19 14.10 ± 1.19 13.96 ± 1.19 
Weight (kg) 56.84 ± 11.86 59.66 ± 13.48 53.55 ± 8.93 
Height (cm) 163.46 ± 8.33 167.06 ± 8.89 159.28 ± 6.27 

Tanita BMI (%) 21.20 ± 3.54 21.25 ± 3.93 21.14 ± 3.04 
Tanita Body Fat (%) 23.32 ± 6.65 19.70 ± 6.50 27.67 ± 5.26 

HGS(kg) 20.98 ± 6.15 23.93 ± 7.13 17.62 ± 3.91 
Type of Sport (%)    

No sport 0.33 ± 0.47 0.26 ± 0.44 0.40 ± 0.49 
Individual 0.29 ± 0.45 0.23 ± 0.42 0.35 ± 0.48 

Team 0.39 ± 0.49 0.51 ± 0.50 0.24 ± 0.43 
PALMS    

Ego 2.52 ± 0.59 2.73 ± 0.55 2.28 ± 0.62 
Appearance 3.60 ± 0.49 3.61 ± 0.49 3.60 ± 0.50 

Others’ Expectations 2.03 ± 0.68 2.10 ± 0.67 1.95 ± 0.69 
Affiliation 3.63 ±0.47 3.68 ± 0.47 3.58 ± 0.46 

Physical Condition 4.12 ± 0.48 4.10 ± 0.48 4.14 ± 0.48 
Psychological Condition 3.68 ± 0.52 3.71 ± 0.53 3.65 ± 0.51 

Mastery 3.72 ± 0.53 3.83 ± 0.54 3.59 ± 0.52 
Enjoyment/Fun 3.81 ± 0.49 3.95 ± 0.49 3.65 ± 0.48 

IPAQ1    
School Physical Activity (dpw) 1.85 ± 0.63 1.84 ± 0.64 1.87 ± 0.62 

School Physical Activity Time (min) 88.5 ± 37.21 89.18 ± 36.78 87.71 ± 37.75 
School Recess Walking (dpw) 2.06 ± 2.08 1.96 ± 2.05 2.18 ± 2.12 

School Recess Walking Time (min) 20.17 ± 27.14 22.36 ± 30.94 17.61 ± 21.64 
School Recess Vigorous (dpw) 1.12 ± 1.50 1.42 ± 1.65 0.77 ± 1.22 

School Recess Vigorous Time (min) 19.58 ± 31.59 24.23 ± 35.85 14.16 ± 24.70 
School Recess Moderate (dpw) 0.92 ± 1.46 0.95 ± 1.47 0.89 ± 1.45 

School Recess Moderate Time (min) 17.78 ± 34.78 18.36 ± 35.37 17.12 ± 34.11 
 

IPAQ3 
   

School Transport Walking (dpw) 2.75 ± 2.62 2.60 ± 2.60 2.92 ± 2.64 
School Transport Walking Time (min) 35.88 ± 49.75 38.97 ± 54.96 32.27 ± 42.65 

School Transport Bike (dpw) 1.22 ± 1.92 1.44 ± 2.01 0.96 ± 1.79 
School Transport Bike Time (min) 32.46 ± 55.85 39.44 ± 59.93 24.34 ± 49.53 

School Transport Motor Vehicle (dpw) 3.88 ± 2.92 3.42 ± 2.92 4.43 ± 2.84 
School Transport Motor Vehicle Time (min) 47.32 ± 54.45 47.42 ± 58.82 47.20 ± 48.94 

QHWB    
Question 1 2.98 ± 0.62 3.06 ± 0.61 2.88 ± 0.63 
Question 2 3.69 ± 1.30 3.89 ± 1.24 3.46 ± 1.33 
Question 3 7.37 ± 1.55 7.49 ± 1.54 7.22 ± 1.56 

Course Navette Test    
Stages 5.38 ± 2.21 6.22 ± 2.33 4.39 ± 1.58 
Speed 10.58 ± 1.11 11.01 ± 1.17 10.09 ± 0.80 

VO2max 42.54 ± 6.06 44.73 ± 6.28 39.98 ± 4.63 

Note: PALMS: Physical Activity and Leisure Motivation Scale, IPAQ: International Physical Activity Questionnaire, QHWB: Questionnaire of 
Health and Well-Being; dpw: days per week; min: minutes.  

 

Feature consistency  

The feature selection procedure selected a total of N=5 features. Age, Sex, and Tanita BMI were selected 
in 100% of cases. Additionally, Tanita BodyFat was selected in 86% of cases, and Navette Test Stages in 



2026 (Marzo), Retos, 76, 668-679  ISSN: 1579-1726, eISSN: 1988-2041 https://revistaretos.org/index.php/retos 

 674  
 

17% of cases. Therefore, Age, Sex, Tanita BMI, and Tanita BodyFat were strongly associated with the 
outcome variable. 

Predictive modeling 

Model evaluation on the left-out test sets indicated a good predictive fit, with MAE=3.76 (0.29), 
IQR=[3.56; 3.95]; RMSE=4.73 (0.36), IQR=[4.46; 4.96]; and R2=0.48 (0.08) IQR=[0.44; 0.54]. Average 
Normalized MAE was 9.90 (0.76) indicating that model predictive errors are in the order of 10% on 
average. 

Model coefficients for Age (b=1.86 (0.19); CI=[1.82; 1.90]), Sex (b=-1.03 (0.75); CI=[-1.18; -0.90]), Tanita 
BMI (b=4.16 (0.98); CI=[3.97; 4.35]), Tanita BodyFat (b=-3.94 (0.24); CI=[-3.99; -3.89]), and Navette 
Test Stages (b=1.06 (0.22); CI=[0.97; 1.17]) indicated that Age and Tanita BMI are directly associated 
with HGS. On the contrary, Tanita Body Fat and Sex (males higher than females) are inversely associated 
with Hand grip strength. Navette Test Stages seems not to be a reliable and generalizable predictor of 
the dependent variable, despite having a positive effect. In general, models predicted a consistent 
amount of the observed variance even when tested on previously unseen data, indicating good genera-
lization and robust estimates. In summary, the most relevant features emerged from the analysis were 
Tanita MBI, and Tanita BodyFat, with positive and negative effects on the HGS outcome variable, respec-
tively. Higher Tanita BMI and lower Tanita BodyFat consistently predicted higher values in HGS. Furt-
her, Age and Sex was also associated with the outcome variable, with higher age associated with higher 
HGS, as well as being male. 

 

Figure 1. Best fit 

 
 

Figure 2. Worst fit 
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Discussion 

The aim of the present study was to develop a predictive model of HGSin an adolescent sample by using 
a set of anthropometric variables, including sex, age, BMI, and body fat percentage. Specifically, the ob-
jective was to develop a predictive model capable of generating robust estimates of HGS based on easily 
obtainable variables, while also identifying the key factors influencing this parameter. The results of the 
predictive model showed a good fit, with BMI and body fat percentage emerging as the most significant 
predictive variables. Therefore, the findings of this study align with growing research in this area. In 
fact, previous studies had already found associations between sex, age, body composition, and HGS 
(Martínez-Torres et al., 2022), as well as between HGS and body fat percentage (Méndez-Cornejo et al., 
2024), highlighting that lower levels of body fat are related to better HGS performance. 

The main contribution of this study lies in the rigorous methodology applied, which involved the use of 
nested cross-validation. Moreover, models were selected employing a robust machine-learning based 
complementary technique to perform feature selection in a nested cross-validation procedure through 
permutation analysis. The controlled procedure and bootstrapping allowed to compute metric distribu-
tion and confidence intervals, to further complete model evaluation. Finally, regularized regression en-
sured model sparcity and addressed potential collinearity (Hajihosseinlou et al., 2024). It is important 
to note that the analytical strategy was explicitly designed to maximise model stability and generalisa-
tion performance at the population level, rather than optimising prediction accuracy at the individual 
level. 

The results of this study have important practical implications, as the proposed model can serve as an 
effective tool for the early identification of adolescents with low muscle strength, a factor associated 
with an increased risk of future musculoskeletal and cardiovascular diseases. This underscores the va-
lue of timely preventive interventions, such as specific exercise and nutrition programmes aimed at im-
proving muscle strength, to potentially reduce the burden of non-communicable diseases. Grip strength 
is widely recognised as a reliable indicator of muscle and overall health and has been proposed as a 
biomarker for various pathological conditions. From a practical perspective, the model is not intended 
to replace direct assessment of HGS at the individual level, but rather to support population-level scree-
ning in educational or public health settings where direct dynamometry may not be feasible. 

In such contexts, the model could be used to flag adolescents most likely to have low HGS, leading to 
further confirmatory assessment. The establishment of specific cut-off points, as well as acceptable 
thresholds for sensitivity and specificity, was beyond the scope of the present study and should be ad-
dressed in future validation research. 

In line with these findings, a recent study published by Lima et al. (2025) developed a mathematical 
model to predict HGS in children and adolescents from quilombola communities, identifying age, height, 
and lean mass as significant predictors of HGS. Although this study was conducted in a specific vulnera-
ble population and employed a classical regression approach with a relatively small sample size (n = 
82), its results support the relevance of anthropometric variables in explaining variability in HGS during 
childhood and adolescence. Compared to this work, the present study extends previous evidence by 
utilising a substantially larger sample and adopting a machine learning-based predictive framework 
with variable selection and penalised regression, which improves model stability and reduces the risk 
of overfitting, potentially improving its applicability to broader adolescent populations. 

Although the proposed model explains approximately 48% of the variance in handgrip strength, this 
level of explained variance is consistent with previous predictive models developed in adolescent popu-
lations using anthropometric and readily obtainable variables. Conversely, when the objective is indi-
rect estimation using widely accessible variables, moderate R² values are commonly observed, which 
are considered acceptable for population-level screening but not for individual diagnosis. 

In this regard, Park et al. (2025) developed machine learning models, including polynomial regression, 
multilayer perceptron (MLP), and Extreme Gradient Boosting (XGBoost), to estimate HGS in healthy 
adults using demographic, anthropometric, and physical activity data. Among these, the XGBoost model 
demonstrated the best performance, based on easily measurable variables such as weight, age, height, 
and waist circumference (Park et al., 2025). Focusing on younger populations, Alshahrani et al. (2025) 
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applied machine learning techniques, including decision tree and regression models, to predict domi-
nant HGS in children aged 6 to 15 years. Their models identified age, weight, hand span, and BMI as key 
predictors, explaining up to 66% of the variance in HGS and confirming the utility of computational met-
hods based on simple anthropometric data. Further supporting the role of HGS as a health biomarker, 
Nazarzadeh et al. (2025) introduced a novel ΔHGS score, calculated as the difference between actual and 
predicted HGS, using machine learning models. This score was found to correlate strongly with brain 
structure and neurological changes associated with stroke and major depression, suggesting its poten-
tial as a sensitive biomarker for brain health. Additionally, higher HGS has been associated with impro-
ved cognitive performance, greater life satisfaction, and lower levels of depression and anxiety, reinfor-
cing its relevance as a biomarker for mental health (Jiang et al., 2022). In pediatric populations, higher 
relative HGS is linked to lower risks of elevated blood pressure and hypertension, whereas significant 
asymmetry in HGS between hands (greater than 30%) is associated with increased odds of these condi-
tions (Li & Gu, 2025). Finally, in 18-year-old adolescents, HGS shows a positive correlation with lung 
function measures such as FEV1 and FVC, suggesting its potential as a surrogate marker for respiratory 
muscle strength (Hesselberg et al., 2023). 

A relevant methodological consideration concerns the inclusion of variables derived from the Course 
Navette test, a standardised test that allows indirect estimation of maximum oxygen consumption (VO₂ 
max) and does not assess specific muscle strength. Although these variables were part of the initial set 
of candidate predictors, their frequency of selection throughout the cross-validation folds was low, in-
dicating a limited and less robust contribution to the final model. However, the fact that the Course Na-
vette involves a structured physical test may reduce the model's viability in contexts where the goal is 
to minimise the need for physical performance assessments, even when these are indirect. 

However, despite its methodological strengths, this study has certain limitations. The first is the type of 
design, since it is a cross-sectional study and therefore it is not possible to make causal inferences. The 
second limitation is the absence of external validation in an independent sample, which limits the gene-
ralisation of the results. The third limitation is that the sample only comprises adolescents from schools 
in the province of Salamanca, which may introduce selection bias. Finally, possible seasonal effects were 
not controlled for, as the time of year may influence body composition and variables related to the phy-
sical fitness of adolescents. 

Furthermore, the exclusive use of anthropometric variables as predictors of HGS may restrict the mo-
del’s applicability. Moreover, the relationships identified in this analysis should be interpreted with cau-
tion, as the sample includes only adolescents and, therefore, the findings should be generalized solely to 
this population. Thus, while anthropometric variables are indeed relevant, it must be recognized that 
HGS is a multifactorial indicator, and other factors could also serve as predictors, including habitual 
physical activity levels, nutritional status, presence of medical conditions, or individuals’ social and eco-
nomic background (Rodrigues et al., 2017). Additionally, despite machine-learning based feature selec-
tion, this study employed a linear approach and was therefore not able to capture potential non-linear 
associations. Finally, direct hand-related anthropometric measures were not included and have been 
shown to explain additional variance in related models. 

For this reason, and in relation to future research, this study highlights the importance of including other 
potential predictors in the model, such as lifestyle factors (sleep, physical activity, diet, etc.) or biological 
markers (e.g., hormonal factors) that may influence HGS prediction in adolescents. The inclusion of such 
variables could enhance the model’s predictive power. Another relevant aspect for future studies would 
be to assess the effectiveness of interventions or programs designed to improve HGS among adolescents 
identified as at-risk by the model. Such studies could provide evidence on the most effective strategies 
to promote adequate HGS and, consequently, better musculoskeletal and cardiovascular health in this 
population. 

 

Conclusions 

In conclusion, this study provides preliminary evidence supporting the development of a predictive mo-
del to estimate HGS in adolescents based on anthropometric variables. The findings highlight the rele-
vance of body composition indicators, such as BMI and body fat percentage, in explaining variability in 
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muscle strength during adolescence. However, the moderate proportion of variance explained suggests 
that the model is more suitable for population-level screening than for establishing an individual diag-
nosis. 

Therefore, the proposed model should be interpreted as a complementary tool for the early identifica-
tion of adolescents at higher risk of low muscle strength. This means that it needs to be accompanied by 
other types of confirmatory assessments in cases where this is considered appropriate. 

 For all the above reasons, the results of this study, which should be considered exploratory, highlight 
the importance of integrating simple anthropometric information into preventive strategies aimed at 
improving and promoting cardiovascular and musculoskeletal health in adolescents.  

Future research should focus on external validation in independent adolescent populations, refinement 
of predictive performance, and evaluation of alternative versions of the model. 

Finally, the predictive model developed in this study represents a methodological step towards the de-
velopment of robust and validated tools for adolescent health screening, which may serve as a basis for 
future large-scale applications once validation and refinement have been completed. 
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