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Abstract 

Background and objective: During adolescence, physical fitness attributes are a key factor 
positively influencing not only physical health, but also cognitive, psychological and so-
cial development. The objective was to derive data-driven physical fitness profiles and to 
characterize their sex-specific structure in Chilean adolescents using unsupervised ma-
chine learning and an explainable artificial intelligence (AI) framework. Methods: This 
cross-sectional study included a nationally representative sample of 25,912 Chilean 
schoolchildren (14,184 boys and 11,728 girls) aged 13 to 17 years. Six unsupervised clus-
tering algorithms were applied separately by sex, each configured to partition participants 
into three clusters representing low, medium, and high physical performance levels. Re-
sults: K-means achieved the highest composite internal validity score for both sexes (boys: 
0.959, Calinski–Harabasz 5757.7, Davies–Bouldin 1.203; girls: 0.976, Calinski–Harabasz 
4156.1, Davies–Bouldin 1.349), and the partition was highly stable across 500 age-stratified 
bootstrap resamples (adjusted Rand index 0.973 in boys and 0.967 in girls). A Random-
Forest surrogate reproduced the cluster labels with high fidelity (macro-averaged F1 0.984 
in both sexes; Cohen’s κ 0.973 in boys and 0.975 in girls). Conclusions: Unsupervised ma-
chine learning with explainable AI provides a robust, transparent, sex-specific framework 
for stratifying adolescent fitness; cardiorespiratory capacity and abdominal endurance are 
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the components that most consistently distinguish the profiles, while lower-limb power 
and upper-body endurance differentiate the higher performance tiers. 

Keywords: unsupervised learning; cluster analysis; explainable artificial intelligence; 
SHAP; physical fitness; cardiorespiratory fitness; sex differences; adolescents; population 
health surveillance 
 

1. Introduction 
Adolescence is a transitional, crucial life stage that plays a vital role in shaping long-

term healthy behaviors [1,2]. During adolescence, physical fitness attributes are a key fac-
tor positively influencing not only physical health, but also cognitive [3], psychological 
[4], and social development [5]. However, in our current era, adolescents remain insuffi-
ciently active [1,6]. This is concerning because physical inactivity, sedentary behaviors, 
and low cardiorespiratory fitness are considered strong risk factors contributing to the 
onset of chronic diseases, leading to increased morbidity and mortality [7,8]. Emerging 
evidence suggests that these risks manifest differently across sexes, with girls exhibiting 
earlier metabolic consequences of inactivity [9,10] and boys showing more pronounced 
declines in musculoskeletal fitness [11]. Critically, this sex-specific divergence is rarely 
captured by the single, pooled cut-off points that dominate current fitness surveillance, 
which can mask clinically meaningful subgroups and misclassify adolescents located at 
the extremes of the performance distribution. This gap motivates analytical approaches 
that recover the latent structure of fitness data and its sex-specific organization—without 
imposing predetermined thresholds. 

Traditional methods of classifying physical fitness often rely on predefined cutoffs or 
normative data, which may not capture the full spectrum of fitness levels within a popu-
lation [12,13]. Moreover, many of the batteries used may be limited in their ability to iden-
tify distinct subgroups or phenotypes of physical fitness, further complicating compari-
sons and the development of targeted interventions [14]. Machine learning (ML) methods 
are being increasingly adopted for modeling epidemiological and health-related data in 
recent years [15], as these methodologies address limitations in classical statistical ap-
proaches by providing enhanced analytical capabilities in terms of physical activity, sed-
entary, and sleep data, facilitating innovative hypothesis generation [16]. Unsupervised 
ML algorithms offer a promising alternative by allowing the data to “speak for itself,” 
identifying natural groupings or clusters within the data without prior assumptions about 
the population’s structure [17,18]. Given the multivariate character of physical fitness, in 
which several correlated capacities co-vary within the same individual, these techniques 
are well-suited to efficiently process and analyze complex, high-dimensional datasets 
[15,16,19]. Indeed, data-driven clustering is now well established in the wider health and 
data-science literature as a means of recovering subtypes that rigid, threshold-based scor-
ing systems overlook: comparable unsupervised approaches have been used to derive 
frailty phenotypes in community-dwelling adults through latent class analysis [20] and to 
identify clinically meaningful chronic-disease subtypes from large electronic health-rec-
ord cohorts [21]. By contrast, their application to nationally representative pediatric fitness 
data, and to the sex-specific organization of that data, remains scarce. 

Chile presents a unique case study due to its high rates of adolescent obesity, with 
25% of children and adolescents being obese and 29% overweight in 2020 [22], coupled 
with declining cardiorespiratory fitness levels [23]. Unsupervised ML algorithms offer a 
solution by detecting natural clustering patterns in high-dimensional fitness data without 
a priori assumptions [24], while accounting for sex-specific physiological differences in 
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pubertal development [25]. Therefore, the objective of this study was to derive data-driven 
physical fitness profiles in Chilean adolescents using unsupervised ML operationally la-
beled as low, medium, and high performance, and to incorporate interpretability with a 
surrogate model and SHapley Additive exPlanations (SHAP) values to identify the deter-
minants of stratification by sex. 

The contribution of this work is therefore applied and translational rather than algo-
rithmic. We do not propose a new clustering algorithm; instead, we (i) benchmark six 
unsupervised algorithms against three complementary internal validity indices combined 
in a single, explicitly defined composite criterion, with bootstrap-based stability assess-
ment, so that model selection is transparent and reproducible rather than arbitrary; (ii) 
apply this framework to a large, nationally representative pediatric sample and stratify 
the analysis by sex, a dimension that pooled cut-off approaches typically collapse; and (iii) 
couple the unsupervised solution with an explainable artificial intelligence (AI) layer (a 
surrogate model and SHAP values) that translates the resulting profiles into interpretable, 
component-level information usable by teachers, coaches, and public-health practitioners. 
To our knowledge, this combination has not previously been reported for nationally rep-
resentative adolescent fitness data. 

2. Methods 
This section describes the analytical workflow in the order in which it was imple-

mented. We first present the study design, the source and structure of the dataset, and the 
ethical framework (Sections 2.1 and 2.2); we then describe the four physical fitness indi-
cators and their measurement (Section 2.3), the descriptive procedures (Section 2.4), and 
the computational environment (Section 2.5). The core analysis comprises data prepro-
cessing and dimensionality reduction (Section 2.6), the six unsupervised clustering algo-
rithms and their configuration, internal validity indices, the composite selection criterion, 
and bootstrap stability assessment (Section 2.7), cluster interpretation and labeling (Sec-
tion 2.8), and the explainable-AI layer based on a surrogate model and SHAP values (Sec-
tion 2.9). The analysis was conducted separately for boys and girls throughout. The full, 
seeded analysis code is openly available (see Data Availability Statement). 

2.1. Study Design and Participants 

This cross-sectional study included a nationally representative sample of 25,912 Chil-
ean schoolchildren (14,184 boys and 11,728 girls) aged 13 to 17 years. For the purposes of 
this study, adolescence was operationalized in line with the World Health Organization’s 
definition of adolescence as the second decade of life (10–19 years); the 13–17-year span 
analyzed here reflects the age structure of the national school-based dataset rather than a 
different conceptual definition [26]. The data derive from the National Study of Physical 
Education administered by the Chilean Education Quality Agency (Agencia de Calidad 
de la Educación), in which the Sistema de Medición de la Calidad de la Educación en 
Educación Física (SIMCE EF) standardized fitness battery is applied under nationally reg-
ulated, supervised testing conditions by trained examiners [27]. The present analysis 
pools de-identified microdata from this national assessment, comprising 25,912 students 
with complete data on the four fitness indicators, which are openly available (see Data 
Availability Statement). 

2.2. Ethical Considerations 

The data used in this study were fully anonymized and openly available through a 
government-authorized education-quality platform of the Chilean Ministry of Education 
(MINEDUC). Because this work is a retrospective analysis of openly available, de-identi-
fied public data, ethical approval was not required, in accordance with national guidelines 
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for secondary data analysis. All procedures adhered to the principles of the Declaration 
of Helsinki [28]. 

2.3. Physical Fitness Assessments 

Four core indicators of physical fitness were assessed under the standardized SIMCE 
EF protocol, administered by trained examiners following the national testing manual 
[27]: 

• Cardiorespiratory fitness: maximal oxygen uptake (VO2max, mL·kg−1·min−1) esti-
mated from the 20-m shuttle-run test (Course-Navette), with VO2max derived from 
the last completed stage using a validated prediction equation. 

• Core (abdominal) endurance: number of sit-ups (curl-ups) completed in a fixed time 
interval, performed with a standardized cadence and movement criterion. 

• Upper-body muscular endurance: maximal number of push-ups executed with a 
standardized technique and cadence until volitional failure or loss of form. 

• Lower-limb explosive power: standing horizontal (long) jump distance (cm), rec-
orded as the best of the permitted attempts measured from the take-off line to the 
nearest heel contact. 

The four fitness tests were applied with the standardized SIMCE EF equipment, ca-
dences, and scoring criteria defined in the national testing manual, and VO2max was ob-
tained from the shuttle-run performance using the protocol-specified prediction equation 
[27]. 

2.4. Descriptive Statistics 

The mean and standard deviation for each physical fitness variable were calculated 
using conventional parametric methods. The mean (M) represents the arithmetic average 
of all individual scores within each performance cluster, while the standard deviation (SD) 
quantifies the degree of variation or dispersion from the mean. These variables were pre-
processed to ensure quality: missing data were removed using listwise deletion, and out-
liers were excluded based on a z-score threshold > ±3.5. 

2.5. Computational Environment 

All statistical and ML analyzes were conducted using Python (version 3.10; Python 
Software Foundation, Beaverton, OR, USA), executed in Jupyter notebooks on a local 
workstation using libraries from the Python Scientific Stack: scikit-learn 1.3.2, pandas 
2.1.4, NumPy 1.26.4, Matplotlib 3.8.2, and seaborn 0.13.2. All stochastic steps were initial-
ized with a fixed random seed (random_state = 42), and the complete analysis code is 
openly available (see Data Availability Statement). This environment enabled reproduci-
ble, transparent, and flexible exploration of clustering models and data visualizations. 

2.6. Data Processing and Dimensionality Reduction 

All performance metrics were standardized using z-score normalization: 

z = (x − µ)/σ (1)

where x is the raw score of a given fitness variable, µ is the variable mean, and σ is its 
standard deviation, all computed within each sex. 

All subsequent clustering analyzes were performed in the resulting four-dimensional 
standardized feature space. Principal component analysis (PCA) was applied separately 
for visualization only: the first two principal components were used to construct the two-
dimensional cluster maps and were not used as input to the clustering. Because the feature 
space comprised four standardized variables, PCA yielded four principal components; 
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the first two were displayed because a two-dimensional scatter plot can represent only 
two axes, and together they captured the majority of the total variance (66.4% in boys and 
64.7% in girls), whereas the third and fourth components carried the remaining variance 
(33.6% and 35.3%, respectively). Because the clustering was performed in the full four-
dimensional standardized space rather than on the components, this projection is a visu-
alization device only and does not discard information; the explained and cumulative var-
iance of all four components is shown in Supplementary Figure S2. 

2.7. Unsupervised Clustering Algorithms 

Six unsupervised machine-learning algorithms were applied separately to the male 
and female subgroups: K-means clustering, agglomerative (hierarchical) clustering, 
Gaussian mixture models (GMM), spectral clustering, density-based spatial clustering of 
applications with noise (DBSCAN), and hierarchical density-based spatial clustering of 
applications with noise (HDBSCAN) [29]. 

Each algorithm was configured to partition participants into three clusters (k = 3) 
representing low, medium, and high physical performance levels. The principal configu-
ration was as follows: K-means was run with ten random initializations (n_init = 10) and 
a fixed random seed (random_state = 42); the Gaussian Mixture Model used three compo-
nents with full covariance and the same seed; Agglomerative (hierarchical) clustering 
used Ward linkage on Euclidean distances; Spectral clustering used a nearest-neighbour 
affinity graph with ten neighbours (n_neighbors = 10) and K-means label assignment; 
DBSCAN was evaluated over a grid of eps ∈ {0.5, 1.0, 1.5} with min_samples = 10; and 
HDBSCAN was evaluated over min_cluster_size ∈ {100, 500}. The quality of clustering 
solutions was assessed using three complementary internal validity indices: the Silhouette 
Score, which quantifies cohesion and separation of the clusters; the Calinski–Harabasz 
Index, which evaluates the ratio of between-cluster to within-cluster variance; and the 
Davies–Bouldin Index, which penalizes overlapping clusters. To obtain a single, transpar-
ent ranking criterion, the three indices were combined into a composite score. Each index 
was first min–max normalized within each sex: 

Xnorm = (X − Xmin)/(Xmax − Xmin) (2)

yielding Snorm for the Silhouette Score and Cnorm for the Calinski–Harabasz Index. Because 
lower Davies–Bouldin (D) values indicate better partitions, the normalized Davies–
Bouldin index was inverted (Dinv = 1 − Dnorm) so that all three components share the same 
direction (higher = better). The composite score was then computed as the unweighted 
(equal-weight) mean of the three normalized components: 

Score = (Snorm + Cnorm + Dinv)/3 (3)

The stability of the selected solution was assessed with 500 age-stratified bootstrap 
resamples: in each resample, the selected algorithm was refitted and its partition com-
pared with the full-sample solution using the adjusted Rand index (ARI). The selected K-
means solution was highly stable in both sexes (mean ARI 0.973 in boys and 0.967 in girls; 
95% bootstrap interval 0.939–0.994 in boys and 0.929–0.990 in girls). The behavior of the 
three internal validity indices across candidate numbers of clusters (k = 2–8) for K-means 
in each sex is reported in Supplementary Figure S1. For DBSCAN and HDBSCAN, the 
grids tested (eps ∈ {0.5, 1.0, 1.5} with min_samples = 10; min_cluster_size ∈ {100, 500}) 
produced unstable, over-fragmented solutions: DBSCAN yielded six clusters in boys and 
five in girls with approximately 10% of observations labeled as noise at eps = 0.5 and col-
lapsed to a single cluster at eps ≥ 1.0, whereas HDBSCAN classified all observations as 
noise (no clusters recovered). These density-based methods were therefore retained for 
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benchmarking but not selected, and the final models were prioritized on the basis of multi-
metric performance and parsimony. 

2.8. Cluster Interpretation and Labeling 

Clusters were interpreted based on mean values of the four fitness variables. Labels 
(“Low”, “Medium”, and “High”) were assigned by ranking cluster centroids, confirming 
coherence across other metrics. Final distributions were visualized using 2D scatter plots 
generated from PCA projections. 

2.9. SHAP-Based Explainable ML for Sex-Specific Fitness Stratification 

In this study, after applying multiple unsupervised clustering algorithms (K-means, 
DBSCAN, Agglomerative, Gaussian Mixture, Spectral and HDBSCAN) and selecting the 
optimal model for each sex according to internal validity metrics (Silhouette, Calinski–
Harabasz, and Davies–Bouldin), a supervised surrogate model was implemented using a 
Random-Forest Classifier to reproduce cluster assignments and provide an interpretable 
framework. The surrogate was trained on the four standardized fitness variables to pre-
dict the cluster label assigned by the selected unsupervised model, using a fixed random 
seed. The surrogate reproduced the cluster labels with high fidelity in both sexes (boys: 
macro-averaged F1 (macro-F1) 0.984, balanced accuracy 0.986, Cohen’s κ 0.973; girls: 
macro-F1 0.984, balanced accuracy 0.985, Cohen’s κ 0.975), evaluated on a stratified 20% 
hold-out set (random_state = 42; 11,347/2837 train/test observations in boys and 9382/2346 
in girls), so that the SHAP attributions can be interpreted as reflecting the structure of the 
original clusters rather than artifacts of the surrogate. Subsequently, SHAP, grounded in 
cooperative game theory, was employed to quantify the individual contribution of each 
physiological variable to the differentiation of physical fitness levels. This methodological 
combination enabled the estimation of the relative importance of VO2max, sit-ups, push-
ups, and horizontal jump in a transparent and reproducible manner, ensuring compara-
bility across sexes and fitness strata. 

3. Results 
In our clustering analysis of 25,912 Chilean schoolchildren using six unsupervised 

learning algorithms, K-means was identified as the most robust model for both boys and 
girls. This determination was based on a composite scoring method that integrated the 
Silhouette, Calinski–Harabasz, and Davies–Bouldin indices to balance cluster cohesion, 
separation, and compactness. Among boys, K-means achieved the highest composite 
score (0.959), combining the highest Silhouette value (0.290), the strongest Calinski–
Harabasz index (5757.7) and a low Davies–Bouldin value (1.203); Agglomerative cluster-
ing was the next-best solution (0.756). Although DBSCAN attained a comparable Silhou-
ette value on its non-noise points, it fragmented the data into six clusters and was there-
fore not competitive on the composite criterion. Among girls, K-means likewise outper-
formed all other methods (composite score 0.976; Silhouette 0.255, Calinski–Harabasz 
4156.1, Davies–Bouldin 1.349), followed by Spectral (0.778) and Agglomerative (0.715) 
clustering (Table 1). For K-means, Agglomerative, Gaussian Mixture, and Spectral clus-
tering, k = 3; DBSCAN returned six clusters in boys, and five in girls (~10% of observations 
as noise), and HDBSCAN returned no valid clusters (all observations classified as noise), 
so their indices are computed on non-noise observations where defined. 
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Table 1. Comparative clustering metrics by sex and algorithm. 

Group Model Silhouette Calinski–
Harabasz 

Davies–
Bouldin Silnorm Calnorm Davnorm Score 

Boys 

K-means 0.290 5757.7 1.203 1.000 1.000 0.123 0.959 
Agglomerative 0.220 3999.8 1.415 0.749 0.691 0.171 0.756 

DBSCAN 0.289 69.4 0.660 0.997 0.000 0.000 0.666 
Spectral 0.127 3597.5 1.646 0.411 0.620 0.223 0.603 
GMM 0.013 1581.9 5.075 0.000 0.266 1.000 0.089 

HDBSCAN — — — — — — — 

Girls 

K-means 0.255 4156.1 1.349 1.000 1.000 0.073 0.976 
Spectral 0.183 3243.7 1.560 0.658 0.779 0.103 0.778 

Agglomerative 0.168 2770.4 1.590 0.588 0.665 0.107 0.715 
DBSCAN 0.135 22.1 0.832 0.435 0.000 0.000 0.478 

GMM 0.042 1131.2 7.903 0.000 0.268 1.000 0.089 
HDBSCAN — — — — — — — 

Note. Silnorm, Calnorm and Davnorm are the within-sex min–max-normalized Silhouette, Calinski–
Harabasz and Davies–Bouldin indices, respectively (Equation (2)); Score is the composite internal-
validity criterion, Score = (Silnorm + Calnorm + (1 − Davnorm))/3 (Equation (3)), with higher values indicat-
ing better-defined clusters. Em dashes (—) indicate indices that could not be computed because the 
algorithm returned no valid clusters. GMM, Gaussian mixture model; DBSCAN, density-based spa-
tial clustering of applications with noise; HDBSCAN, hierarchical DBSCAN. 

Based on the distribution of the 25,912 schoolchildren across the three data-driven 
performance clusters, the medium-performance group was the largest (44.9% of the sam-
ple; 24.8% boys and 20.1% girls), closely followed by the high-performance group (41.0%; 
24.1% boys and 16.9% girls). The low-performance cluster comprised 14.1% of students 
(5.8% boys and 8.3% girls). Girls were proportionally more represented in the low-perfor-
mance cluster (8.3% vs. 5.8%) and boys in the high-performance cluster (24.1% vs. 16.9%), 
indicating a sex asymmetry at both ends of the performance distribution (Table 2). 

Table 2. Sample distribution by physical performance level. 

Cluster Boys Boys % Girls Girls % Total Total % 
Low 1509 5.82% 2141 8.26% 3650 14.09% 

Medium 6421 24.78% 5216 20.13% 11,637 44.91% 
High 6254 24.14% 4371 16.87% 10,625 41.00% 
Total 14,184 54.74% 11,728 45.26% 25,912 100.00% 

Note. “Low”, “Medium”, and “High” denote the three data-driven physical-performance clusters 
obtained from the selected unsupervised model in each sex (not predefined cut-off categories); la-
bels were assigned by ranking the cluster centroids on the four fitness variables (see Section 2.8). 
Percentages are expressed relative to the total sample (N = 25,912). 

Cluster-based stratification in boys revealed that the low-performance cluster was set 
apart chiefly by markedly lower abdominal endurance (sit-ups 15.7 reps vs. ~24.5–24.7 in 
the other clusters), whereas VO2max, push-ups, and horizontal jump most strongly sepa-
rated the high-performance cluster (VO2max 51.2 mL·kg−1·min−1, push-ups 18.8 reps, hor-
izontal jump 186.8 cm). VO2max was not strictly monotonic across the ordered clusters—
being comparable in the low and medium clusters—because the sit-ups test, which pri-
marily defined the low cluster, approached its ceiling in the medium and high clusters 
(Table 3). 

Table 3. Metrics obtained in boys. 
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Level VO2max 
(mL·kg−1·min−1)  

Sit-Ups (reps) Push-Ups (reps) Horizontal Jump (cm) 

Low 45.0 ± 5.7 15.7 ± 3.2 10.1 ± 7.1 159.8 ± 26.1 
Medium 43.7 ± 4.8 24.5 ± 1.2 9.1 ± 6.2 153.5 ± 22.4 

High 51.2 ± 4.5 24.7 ± 1.1 18.8 ± 7.9 186.8 ± 20.6 
Note. Values are presented as M ± SD (mean ± standard deviation). “Low”, “Medium” and “High” 
denote the three data-driven clusters obtained from the selected K-means solution in boys, labeled 
by ranking the cluster centroids on the four fitness variables (see Section 2.8). VO2max, maximal 
oxygen uptake. 

Figure 1 shows the two-dimensional PCA projection of the boys’ K-means solution 
(k = 3; composite score 0.959; PC1 and PC2 explaining 43.2% and 23.2% of the variance): 
the high-performance cluster separates clearly, whereas the medium- and low-perfor-
mance clusters partially overlap. 

 

Figure 1. Two-dimensional PCA projection of the K-means clustering solution for Chilean adoles-
cent boys (k = 3). Axes are the first two principal components (PC1, 43.2%; PC2, 23.2%; 66.4% cu-
mulative) of the four standardized fitness variables; points are color-coded by performance level 
(Low, Medium, High). 

In girls (Table 4), the low-performance cluster was likewise distinguished mainly by 
lower abdominal endurance (sit-ups 9.9 reps vs. ~23.5–23.6 in the other clusters), while 
the high-performance cluster showed the highest VO2max (43.7 mL·kg−1·min−1), horizontal 
jump (148.9 cm), and push-ups (16.5 reps). As in boys, VO2max was not strictly monotonic 
across the ordered clusters, being marginally higher in the low than in the medium cluster, 
owing to the sit-up ceiling that primarily defined the low cluster. 

Table 4. Metrics obtained in girls. 

Level VO2max 
(mL·kg−1·min−1) 

Sit-Ups (reps) Push-Ups (reps) Horizontal Jump (cm) 

Low 38.2 ± 4.2 9.9 ± 4.5 9.9 ± 6.3 122.4 ± 20.7 
Medium 37.1 ± 3.2 23.5 ± 2.4 11.0 ± 6.6 119.6 ± 17.9 

High 43.7 ± 3.9 23.6 ± 2.9 16.5 ± 7.0 148.9 ± 19.6 
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Note. Values are presented as M ± SD (mean ± standard deviation). “Low”, “Medium” and “High” 
denote the three data-driven clusters obtained from the selected K-means solution in girls, labeled 
by ranking the cluster centroids on the four fitness variables (see Section 2.8). VO2max, maximal 
oxygen uptake. 

Figure 2 shows the two-dimensional PCA projection of the girls’ K-means solution (k 
= 3; composite score 0.976; PC1 and PC2 explaining 40.8% and 23.9% of the variance): the 
high-performance cluster separates in the upper region, the medium cluster is densest 
centrally, and the low cluster concentrates separately. 

 

Figure 2. Two-dimensional PCA projection of the K-means clustering solution for Chilean adoles-
cent girls (k = 3). Axes are the first two principal components (PC1, 40.8%; PC2, 23.9%; 64.7% cumu-
lative) of the four standardized fitness variables; points are color-coded by performance level (Low, 
Medium, High). 

Figure 3 shows the SHAP-based analysis of physical fitness stratification in boys, 
computed from the Random-Forest surrogate of the K-means clusters. Globally (Panel A), 
the four components contributed comparably to the surrogate’s class predictions, with 
VO2max showing the largest mean |SHAP| value (0.134), followed by sit-ups (0.123), hor-
izontal jump (0.123), and push-ups (0.108). The cluster-specific beeswarm plots show how 
each component drives membership. For the low-performance cluster (Panel B), sit-ups 
dominated: low sit-up counts produced large positive SHAP values that pushed partici-
pants toward this cluster, whereas the other variables contributed little—consistent with 
this cluster being defined by below-ceiling abdominal-endurance scores. For the medium 
cluster (Panel C), VO2max, horizontal jump, and push-ups were the principal drivers, with 
sit-ups largely inactive. For the high-performance cluster (Panel D), high values of 
VO2max and horizontal jump produced the strongest positive SHAP values, identifying 
superior cardiorespiratory capacity and lower-limb power as the markers of high perfor-
mance. 

In girls (Figure 4), the SHAP analysis revealed analogous patterns. Globally (Panel 
A), sit-ups showed the largest mean |SHAP| value (0.189), followed by VO2max (0.153), 
horizontal jump (0.119), and push-ups (0.070). In the low-performance cluster (Panel B), 
low sit-up counts again produced large positive SHAP values and dominated member-
ship, with minimal input from the other variables. In the medium cluster (Panel C), 
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VO2max, sit-ups, and horizontal jump were the strongest drivers. In the high-performance 
cluster (Panel D), high VO2max and horizontal-jump values produced the largest positive 
SHAP contributions, again identifying cardiorespiratory capacity and lower-limb power 
as the principal markers of high fitness. 

 

Figure 3. SHAP analysis of physical-fitness stratification in boys, computed from the Random-For-
est surrogate of the K-means clusters. (A) Contribution plot: global mean absolute SHAP value per 
feature, stacked by cluster (Low, Medium, and High). (B–D) SHAP beeswarm summary plots for 
the Low (B), Medium (C), and High (D) clusters; each point is a participant, the horizontal position 
is the SHAP value (impact on the predicted cluster membership), and color encodes the feature 
value (blue = Low and red = High). 
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Figure 4. SHAP analysis of physical-fitness stratification in girls, computed from the Random-Forest 
surrogate of the K-means clusters. (A) Contribution plot: global mean absolute SHAP value per fea-
ture, stacked by cluster (Low, Medium, and High). (B–D) SHAP beeswarm summary plots for the 
Low (B), Medium (C), and High (D) clusters; each point is a participant, the horizontal position is 
the SHAP value, and color encodes the feature value (blue = Low and red = High). 

4. Discussion 
The results of this study show that unsupervised ML algorithms combined with ex-

plainable AI (SHAP) are effective in classifying fitness levels in Chilean adolescents with-
out predefined labels. This ability to group individuals according to their physiological 
and performance characteristics represents a significant methodological advance for 
school settings where resources for personalized assessments are often limited, providing 
an operational tool for exercise and health professionals. 

According to our results, K-means provided the best clustering solution for both boys 
and girls, indicating a similar global geometry of the fitness data in the two sexes; the sex-
specific signal emerged not in the choice of algorithm but in the composition of the clusters 
and in the SHAP attributions. This is consistent with findings [30] from a systematic re-
view, which identified variations in physical activity patterns and sedentary behavior be-
tween boys and girls, suggesting the value of sex-disaggregated analysis. In addition, the 
Cabanas-Sánchez [31] study found that lifestyle profiles and their relationship to physical 
fitness vary between sexes, with girls showing greater vulnerability to sedentary behav-
iors and boys to low levels of physical activity. 

Moreover, the use of a composite metric that integrates the Silhouette, Calinski–
Harabasz, and Davies–Bouldin indices in our study provides a robust assessment of clus-
ter quality. This multidimensional approach is supported by research such as the HEL-
ENA study [32], which combined hierarchical and non-hierarchical methods to identify 
patterns of healthy behavior in European adolescents, highlighting the importance of mul-
tiple metrics to validate the stability and consistency of clusters. Positioned against the 
broader literature, our findings extend a growing body of work that uses unsupervised 
learning to derive health phenotypes without predefined thresholds: Bonilla et al. [33] 
profiled the physical fitness of physical-education students and recovered distinct profiles 
differing in VO2max and agility, while in clinical populations latent-class and density-
based approaches have yielded reproducible frailty phenotypes in older adults [20] and 
clinically meaningful chronic-disease subtypes from electronic health records [21]. Com-
pared with these studies, the present work is distinguished by its nationally representa-
tive pediatric sample, its explicit sex-stratification, and the addition of an explainable-AI 
layer that attaches interpretable, component-level meaning to each profile—features that, 
to our knowledge, have not previously been combined for adolescent fitness data. 

Based on the results obtained in boys, the fact that K-means with k = 3 achieved a 
high composite score (0.959) and a highly stable partition across bootstrap resamples 
(mean ARI 0.973) suggests that this algorithm is particularly effective in detecting con-
sistent patterns of physical performance in Chilean adolescent boys. The use of PCA pro-
vided a two-dimensional projection that aided the visualization and interpretation of the 
group structure, while the clustering itself was performed on the full set of standardized 
fitness variables. Our study highlights the ability of K-means to clearly distinguish a high 
physical performance group, characterized by higher values in VO2max, muscular endur-
ance, and lower-limb power. 

The clear separation of the high-performance group in the PCA space indicates the 
existence of a subset of adolescents with well-defined physical characteristics, including 
higher VO2max, greater strength-endurance (as measured by sit-ups and push-ups), and 
greater lower-body power (as demonstrated by the horizontal jump). In contrast, the par-
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tial overlap between the middle and lower groups reflects the natural continuity of phys-
ical performance, particularly at this stage of pubertal development, where biological mat-
uration can vary significantly among individuals of the same chronological age. This find-
ing is consistent with the literature, which indicates that fitness levels during adolescence 
tend to be distributed on a continuous rather than a discrete curve, highlighting the value 
of unsupervised learning in capturing these smooth transitions, rather than imposing ar-
bitrary cutoffs [34]. The use of PCA in our study to visualize the cluster structure in two 
dimensions is consistent with a broader movement-science literature that pairs data-
driven, unsupervised methods with the analysis of movement and fitness data. In this 
vein, Thornton et al. [35] applied an unsupervised machine-learning approach to raw ac-
celerometry in children and obtained a more sensitive, data-driven classification of phys-
ical-activity intensity than conventional cut-point methods. 

In the female subgroup, the high-performance cluster showed the highest cardi-
orespiratory capacity (VO2max 43.7 mL·kg−1·min−1), exceeding both the medium (37.1) and 
low (38.2) clusters; VO2max was marginally higher in the low than in the medium cluster, 
rather than increasing monotonically, because the low cluster was defined chiefly by 
lower abdominal endurance rather than by aerobic capacity. This pattern is consistent 
with interventions combining aerobic and strength training that report gains in cardi-
orespiratory fitness in adolescents [36,37]. In girls, horizontal jump also separated the 
high-performance cluster clearly, which may be linked to neuromuscular and hormonal 
differences characteristic of adolescence that modulate the response to training [38]. Over-
all, the results underscore the need for integrated assessments that consider multiple com-
ponents of fitness [39,40] and their usefulness in school surveillance to detect areas for 
improvement early and implement targeted interventions [41,42]. Unsupervised segmen-
tation therefore has direct implications for the personalization of physical education and 
school health strategies; this is consistent with the evidence from Xie et al. [43] who iden-
tified subgroups with different responses to cardiorespiratory training. In contrast to our 
study, that research analyzed responses to an aerobic endurance intervention program. 

A key contribution of this work is explainability: a Random-Forest surrogate—a 
widely used ML method for prediction modeling [44–47]—allowed us to estimate SHAP 
importance by variable and by cluster. Rather than a single dominant predictor, the four 
components contributed comparably at the global level, but with a clear division of labor 
across clusters: abdominal endurance (sit-ups) almost entirely defined membership in the 
lowest-performing cluster, whereas VO2max, lower-limb power, and upper-body endur-
ance jointly distinguished the medium and high clusters. This level of traceability im-
proves the plausible understanding of the profiles, promotes responsible use in public and 
clinical health, and enables pedagogical feedback to coaches and teachers (e.g., which 
component to improve to move a student to a higher profile) [48]. This emphasis on ex-
plainability aligns with very recent applications in pediatric populations: explainable ma-
chine learning with SHAP has been used to build a nationally representative obesity-risk 
model in children and adolescents [49], and AI-based pipelines have been proposed for 
analyzing health-related fitness in youth [50]; unlike these supervised, single-outcome 
models, our framework applies post hoc explainability to an unsupervised, multi-compo-
nent fitness phenotype. Because the SHAP attributions are derived from a surrogate 
model, their interpretability depends on how faithfully that model reproduces the unsu-
pervised cluster labels; here, the surrogate achieved high fidelity in both sexes (macro-F1 
0.984; Cohen’s κ 0.973 in boys and 0.975 in girls), indicating that the reported SHAP values 
reflect the structure of the original clusters rather than artifacts of the surrogate. Integrat-
ing this framework into school screening would enable early detection of those who re-
quire support and optimize the allocation of resources toward interventions with greater 
health returns. 
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Limitations 

This study presents several limitations that should be considered when interpreting 
the findings. First, although a large and representative sample of Chilean adolescents was 
used, the data derive from independent cross-sectional samples of students, which pre-
cludes longitudinal inference about within-individual change over time. Second, partici-
pant classification into performance levels (Low, Medium, and High) was based solely on 
objective physical fitness metrics, without accounting for contextual factors such as habit-
ual physical activity, nutrition, or mental health, which may significantly influence per-
formance. Third, the abdominal-endurance (sit-ups) test approached its scoring ceiling in 
the medium and high clusters, so that the lowest-performing cluster was defined largely 
by below-ceiling sit-up scores; one consequence is that VO2max was not strictly monotonic 
across the ordered clusters, and the labels should be read as an overall ordering rather 
than as a uniform gradient on every component. Fourth, because the explainable-AI layer 
used a Random-Forest surrogate trained on the same four variables that defined the clus-
ters, its high fidelity is expected by construction and should be interpreted as confirming 
that the SHAP attributions faithfully describe the cluster geometry, not as independent 
validation of the clusters themselves. 

Additionally, while unsupervised ML algorithms are powerful, they can be sensitive 
to data distribution, noise, and parameter selection, particularly methods such as 
DBSCAN and HDBSCAN, which here failed to recover stable clusters. Although a robust 
model-selection approach was implemented using multiple clustering-evaluation metrics 
and bootstrap stability assessment, the biological interpretation of clusters remains indi-
rect and requires external validation. Finally, the clusters were evaluated only with inter-
nal indices and were not validated against external criteria (e.g., adiposity, cardiometa-
bolic markers, objectively measured physical activity, or academic or health outcomes); 
such external validation is needed before the derived profiles are used for screening or 
risk stratification. 

In addition, the cross-sectional design of the study prevents the establishment of 
causal relationships between physical fitness levels and their potential determinants. Fu-
ture research should incorporate longitudinal designs, integrate multifactorial data (envi-
ronmental, socioeconomic, and genetic), and pursue clinical validations to ensure these 
findings can inform sustainable and equitable public health policies. 

Beyond these methodological considerations, a natural extension of the present 
framework is the transition from a fully unsupervised approach toward semi-supervised 
learning. In real-world settings, reference labels are available for at least a subset of par-
ticipants—for example, from expert clinical or pedagogical judgment, or from established 
criterion-referenced fitness standards—so that a limited amount of labeled information 
can be combined with the much larger pool of unlabeled records. Semi-supervised meth-
ods exploit these partial labels to guide and stabilize cluster formation and to anchor the 
resulting profiles to recognized external categories, rather than relying on internal data 
structure alone. Recent biomedical work illustrates the value of this strategy: a semi-su-
pervised non-negative matrix-factorization model that incorporates partial annotations as 
prior information improved the accuracy and robustness of high-dimensional clustering 
[51], and a self-supervised, pseudo-label-driven method that iteratively refines K-means 
assignments yielded clinically distinct phenotypes that outperformed a purely unsuper-
vised baseline on the same internal validity indices used here—silhouette, Calinski–
Harabasz, and Davies–Bouldin [52]. Applying such schemes to adolescent fitness data, by 
seeding the model with a small set of expertly labeled or criterion-referenced cases, could 
strengthen the clinical and educational interpretability of the derived profiles, improve 
their alignment with normative performance categories, and support their eventual use 
for individualized screening and targeted intervention. 



Data 2026, 11, 184 14 of 17 
 

https://doi.org/10.3390/data11080184 

5. Conclusions 
This study demonstrates that the combination of unsupervised ML algorithms and 

explainable artificial intelligence approaches, such as SHAP, provides a robust, transpar-
ent, and sex-specific framework for stratifying adolescent physical fitness at scale. By iden-
tifying clear profiles of low, medium, and high performance in both sexes, this work trans-
cends traditional cut-off–based methods and enables more precise and personalized pop-
ulation surveillance. The evidence indicates that abdominal endurance most strongly dis-
tinguishes the lowest-performing adolescents, whereas cardiorespiratory capacity, lower-
limb power, and upper-body endurance jointly differentiate the higher-performing tiers. 
These findings reinforce the need for preventive interventions tailored to sex and fitness 
level and validate the potential of ML and game-theory–based explainability as next-gen-
eration tools to guide school health and sports policies. Integrating this framework into 
educational systems could transform the early identification of at-risk populations and 
optimize the allocation of resources toward evidence-based interventions, positioning ad-
olescent physical fitness at the core of twenty-first-century public health strategies. 

Supplementary Materials: The following supporting information can be downloaded at 
https://www.mdpi.com/article/10.3390/data11080184/s1. Figure S1: Internal cluster-validity indices 
(Silhouette Score, Calinski–Harabasz Index, and Davies–Bouldin Index) for K-means clustering as a 
function of the number of clusters (k = 2–8), shown separately for boys and girls. Higher Silhouette 
and Calinski–Harabasz values and lower Davies–Bouldin values indicate better-defined clusters. 
The dashed line marks the selected solution (k = 3). Figure S2: Scree plot of the four principal com-
ponents obtained from the four standardized fitness variables, showing the individual and cumu-
lative explained variance for boys and girls. The first two components (highlighted), which are dis-
played in Figures 1 and 2, jointly account for 66.4% (boys) and 64.7% (girls) of the total variance; the 
third and fourth components carry the remaining variance and do not reveal additional cluster 
structure. 
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