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Abstract

Heart rate variability (HRV) is a critical non-invasive marker of autonomic nervous
system regulation and plays an essential role in cardiovascular health. Individual
differences in autonomic function necessitate the development of personalized
health strategies. This study aimed to develop and validate a method that integrates
principal component analysis (PCA) and K-means clustering to identify distinct
patterns of autonomic regulation in healthy men using HRV data. A total of 80
young, healthy men (22.0 + 2.8 years old, 65.2 + 6.9 kg, and 171.0 £ 6.5 cm) were
recruited, and their HRV data were analyzed using time-domain and frequency-
domain parameters. PCA was applied to reduce the dimensionality of the HRV
data, while K-means clustering was employed to identify distinct autonomic
profiles. Silhouette index values were 0.397 for one cluster, 0.481 for two clusters,
and 0.556 for three clusters, indicating that the three-cluster solution provided the
best fit. Three statistically distinct and physiologically meaningful clusters were
identified. Cluster 3 (n = 19) demonstrated significantly higher HRV parameters
than cluster 1 (n = 33) and cluster 2 (n = 28) (p = 0.001). Post hoc analysis further
confirms that cluster 1 differed significantly from both cluster 2 and cluster 3 (p =
0.001). Based on HRV characteristics, the clusters were characterized as “high vagal
tone,” “intermediate vagal tone,” and “low vagal tone.” The “high vagal tone” cluster
exhibited the strongest parasympathetic activity, while the “low vagal tone” cluster
showed evidence of sympathetic predominance. This study demonstrates a robust
approach for stratifying autonomic profiles, highlighting the potential of machine
learning in advancing personalized cardiovascular health assessment.

Keywords: Heart rate variability; Autonomic nervous system; Machine learning; Principal
component analysis; K-means clustering

1. Introduction

Cardiovascular diseases (CVDs) represent a significant global health burden,
accounting for an estimated 17.9 million deaths annually, according to the World Health
Organization.! Heart rate monitoring serves as an effective method for detecting cardiac
irregularities, such as arrhythmias. Continuous heart rate analysis facilitates early
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diagnosis and prevention of CVDs, ultimately reducing
morbidity and mortality.?

Heart rate variability (HRV) measures the beat-to-
beat fluctuations in R-R intervals (RRI) as recorded by
an electrocardiogram (ECG). As a non-invasive metric,
HRV provides quantitative insight into the activity of
the autonomic nervous system (ANS) by reflecting its
modulation of cardiac function.’ Elevated HRV is generally
associated with enhanced cardiovascular adaptability
and greater resilience to stress, whereas reduced HRV
may reflect underlying autonomic dysfunction.* Due to
its sensitivity, HRV has emerged as a valuable biomarker
for assessing autonomic regulation and cardiac function,
playing a vital role in the early detection and prevention
of CVDs.?

However, the practical application of HRV monitoring,
particularly in field settings such as athletic training,
is often limited by the cost, complexity, and bulk of
conventional ECG equipment.® Wearable technologies,
such as the Polar® Heart Rate Monitor Interface Board,
provide an affordable, high-quality alternative for acquiring
beat-to-beat RRI data in real-world environments.” These
devices enable athletes and coaches to access objective
physiological feedback, thereby enhancing performance
monitoring and supporting personalized, data-driven
training adjustments.®

The stratification of cardiovascular autonomic
function, as assessed by HRV in healthy men, provides
valuable insights into ANS regulation and classification
of cardiovascular health.” As a non-invasive indicator of
autonomic control, HRV quantifies the constant interplay
between the sympathetic and parasympathetic nervous
system’s inputs to the heart. From a clinical perspective, a
high level of HRV suggests that the cardiovascular system
is resilient and able to cope with stress.!” Furthermore,
understanding the stratification of ANS regulatory
patterns may provide valuable insights into the individual
cardiovascular health profiles and inform targeted
prevention strategies.

The integration of artificial intelligence (AI) with a focus
on machine learning offers significant potential to advance
the analysis of HRV and deepen our understanding
of the regulatory mechanisms of the ANS. This data-
driven approach is crucial for shifting the focus from
population-level analyses to more precise and personalized
evaluations of autonomic health.*>"'* which underpins
the rationale for this research. The present study aims to
explore ANS regulation a critical aspect of cardiovascular
health through the application of Al-based methods. By
stratifying individuals into distinct groups based on their
HRV patterns, this study proposes a novel framework

for categorizing and analyzing variations in autonomic
function. Importantly, it investigates heterogeneity within a
healthy population, rather than attempting to differentiate
between healthy individuals and those with disease. It is
hypothesized that, even among asymptomatic young men,
there are distinct patterns of autonomic regulation that are
physiologically meaningful and may represent different
trajectories of cardiovascular health long before clinical
disease manifests.

This stratification can be achieved through an
integrated analytical framework combining principal
component analysis (PCA) and K-means clustering. PCA,
an unsupervised dimensionality reduction technique, is
used during data pre-processing to maximize variance
preservation within a reduced two-dimensional space,
thereby facilitating improved visualization and subsequent
clustering.”>'® The K-means algorithm is then applied to
these reduced dimensions to group individuals according
to their position in the new analytical space. As an iterative
partitioning method, K-means require a pre-specified
number of clusters (k) and operate by minimizing intra-
cluster distance while maximizing inter-cluster distance
to form distinct, coherent groups.””'® This study aims
to develop and validate a method that integrates PCA
and K-means clustering to identify distinct patterns of
autonomic regulation in healthy men using HRV data.

2. State of the art
2.1.HRV

HRYV refers to the variation in the time intervals between
successive heartbeats.”” As a well-established indicator
of ANS activity, HRV offers a non-invasive means of
assessing cardiac autonomic regulation.”® Historically,
accurately evaluating autonomic function has presented
a significant challenge for cardiologists. A breakthrough
occurred in 1981 when Akselrod et al?' demonstrated
that specific components of HRV correspond directly
to parasympathetic and sympathetic nervous system
activity. Building on this, a 1987 study by Kleiger et al.*
established the clinical prognostic value of HRV, showing
that it serves as a predictor of mortality risk following
myocardial infarction. In recent years, HRV analysis has
been widely recognized as a reliable, non-invasive method
for evaluating ANS modulation at the heart’s sinus node.”

Time-domain analysis of HRV quantifies the variability
in RRI using direct statistical measurements. Key
parameters include the mean normal-to-normal (NN)
mean R-R interval (MRR), standard deviation of NN
intervals (SDNN), root mean square of successive RRI
differences (RMSSD), and the proportion of adjacent NN
intervals differing by more than 50 ms (pNN50).** The
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reliability of these metrics is highly dependent on the
integrity of the RRI data, as artifacts such as ectopic beats
can significantly distort the results. Consequently, the
application of filtering techniques is a crucial preprocessing
step. A commonly used approach involves excluding any
RRI that deviates by more than 20% from the preceding
normal interval, thereby ensuring data accuracy.

Spectral analysis of HRV quantifies the power
distribution of different frequency components within the
sinus rhythm. The two primary methods employed are the
non-parametric Fourier transform which decomposes the
signal into constituent sinusoids** - and the parametric
autoregressive model, which estimates the spectrum
using a predictive model of the RRI.? Despite their
methodological differences, both methods provide broadly
comparable assessments of HRV spectra, and neither
demonstrates a clear advantage over the other.

Spectral HRV analysis typically distinguishes two
main frequency bands: the high-frequency (HF) band
(0.15 - 0.40 Hz), which reflects parasympathetic modulation
associated with respiratory sinus arrhythmia, and the low-
frequency (LF) band (0.04 - 0.15 Hz), which represents
a combination of sympathetic and parasympathetic
influences on baroreflex regulation.?® The LF/HF ratio is
often calculated to estimate sympathovagal balance, with the
HF band serving as an index of parasympathetic tone and
the LF band representing integrated autonomic output.”’

Similar to the time-domain analysis, the accuracy of
HRYV spectral analysis is highly dependent on data quality
and requires careful handling of arrhythmias. A common
approach is to exclude RRIs immediately before and after
ectopic beats and replace them with interpolated values
based on adjacent, true RRIs. However, the exclusion
of more than two RRIs surrounding an ectopic beat is
generally avoided due to the risk of compromising signal
continuity.*

Following the Task Force report,** various non-linear
metrics have emerged to analyze the complex, multi-causal,
and potentially chaotic nature of HRV. These metrics
apply techniques such as Lyapunov and Hurst exponents,
coarse-grained spectral analysis, detrended fluctuation
analysis, and entropy measures to capture the interplay
of humoral, hemodynamic, and electrophysiological
factors influencing HRV. While their precise physiological
interpretations remain under investigation, these methods
have shown promising potential in differentiating the
effects of conditions such as stress and diabetes on HRV.?"*

Novel metrics based on instantaneous heart rate
acceleration and deceleration have also been introduced.
In 2006, Bauer et al*® developed phase-rectified signal

averaging (PRSA), a statistical technique designed to
analyze quasi-periodic signals in non-stationary or noisy
data. By applying PRSA to NN intervals, they proposed
deceleration capacity (DC) and acceleration capacity
metrics derived from the coherent averaging of RRIs that
exhibit increases or decreases, respectively. These indices
aim to assess sympathetic modulation of sinoatrial node
acceleration and deceleration, independent of other
physiological factors.

The DC index, in particular, has gained significant
attention due to its promising clinical implications.
Notably, studies have demonstrated its superior predictive
power for mortality following acute myocardial infarction
compared to the widely used left ventricular ejection
fraction.® Furthermore, a strong relationship has been
observed between DC and the risk of sudden cardiac death
in individuals with Chagas disease.”® Studies have also
reported a significant correlation between DC and high
levels of physical conditioning,***” suggesting its potential
use as a valuable marker of cardiovascular health and
fitness.

2.2.PCA

PCA is a dimensionality reduction technique that
transforms a set of correlated variables into a smaller
number of uncorrelated linear combinations, known
as principal components (PCs). These components are
ordered to capture as much of the total variance in the
original dataset as possible.*®

The first PC captures the largest proportion of the total
variance. The second PC explains the maximum remaining
variance, with the constraint that it is uncorrelated with
the first. This process continues sequentially, with each
subsequent component capturing a decreasing proportion
of the remaining variance and remaining uncorrelated
with all previously derived components.*

Although PCA can theoretically continue until all
variance is accounted for, it is typically stopped after
extracting a smaller number of PCs that collectively
explain a significant proportion of the total variance.’ The
eigenvalue associated with each PC represents the amount
of variance it explains higher eigenvalues indicate greater
explanatory power.*

2.3. Cluster analysis

Cluster analysis encompasses a range of statistical
techniques used to group an initially unclassified set of
cases, subjects, or objects into relatively homogeneous
groups, or clusters, based on observed characteristics.*!
The primary goal is to identify underlying group structures
without prior knowledge of group membership. Also
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referred to as classification analysis or numerical taxonomy,
cluster analysis differs fundamentally from discriminant
analysis, which requires predefined groups. In contrast,
cluster analysis aims to identify previously unknown
groupings inherent in the data.*?

The cluster analysis process typically involves a series
of key steps: defining the research problem; selecting an
appropriate distance or similarity measure; choosing a
clustering algorithm; determining the optimal number of
clusters; interpreting the characteristics of each identified
cluster; and evaluating the validity of the resulting cluster
solution.*® Careful selection of variables is essential and
should be guided by research hypotheses, prior studies,
and the researcher’s informed judgment. Similarly, the
choice of distance or similarity measure is critical; for
instance, Euclidean distance is frequently used.*

Clustering methods are broadly classified as
hierarchical, non-hierarchical, or two-stage.** Hierarchical
approaches build a nested structure of clusters either
agglomeratively (bottom-up) or divisively (top-down)
and do not require a predefined number of clusters. The
results of these methods are visualized using dendrograms,
in which branch lengths indicate inter-cluster distances.
In contrast, non-hierarchical methods such as K-means
require the number of clusters to be defined in advance.
The choice of method depends on the distance measure
used, and the resulting clusters must be interpretable and
relevant to the research objectives.

3. Materials and methods
3.1. Study population

This cross-sectional study was conducted in Macapa,
Brazil, and involved 80 healthy, young male participants
(22.0 £ 2.8 years). Participants were recruited based on
a low-risk profile for CVD.* Exclusion criteria included
smoking, a history of cardiopulmonary disease, or the
current use of any medication. All participants provided
verbal informed consent before enrollment. The study
protocol was approved by the Human Research Ethics
Committee of the Federal University of Amapd (CAAE:
50150121.1.0000.0003) and conducted in accordance
with the principles of the Declaration of Helsinki* and
Resolution 510/2016 of the National Health Council.

3.2. Anthropometric assessment

Before enrollment, all participants received a detailed
explanation of the study protocol, including measurement
procedures and estimated duration. Participants were
instructed to wear appropriate attire (e.g., light clothing,
no shoes) and to avoid carrying objects. Height (cm) and
weight (kg) were measured using a calibrated mechanical

scale (Filizola, Brazil). All anthropometric measurements
were performed by a trained assessor to minimize inter-
rater variability and ensure data accuracy.

3.3. Experimental procedure and data acquisition

The tests were conducted in a quiet room maintained at
a temperature of 22°C. Participants were instructed to
refrain from strenuous physical activity for 24 h and to
avoid consuming alcohol, caffeine, or large meals for at
least 3 h before their session. Upon arrival at the laboratory,
participants rested quietly in a supine position for 10 min
while breathing spontaneously. RRIs were recorded
throughout this period using a Polar V800 heart rate
monitor (Polar, Finland) with a sampling rate of 1,000 Hz.
The monitor was positioned over the xiphoid process of the
sternum. The first 5 min of data were discarded to allow for
signal stabilization, and the subsequent 5 min were used
for analysis. The tachograms of RRI were transferred via
an infrared interface to Polar Precision Performance SW
software version 3.0 (Polar, Finland), which automatically
corrected the RRI using a moving average filter. The data
were then saved as “txt” files.

3.4. HRV analysis

For the time-domain analysis, the following parameters
were calculated: MRR, SDNN, RMSSD, and the pNN50.
For the frequency-domain analysis, spectral analysis was
performed using the Welch periodogram method (256-point
segments, 128-point overlap, and a Hanning window). This
yielded normalized power for the LF (0.04 - 0.15 Hz) and
HF (0.15 - 0.40 Hz) bands, both expressed as percentages.
All parameters were computed in accordance with the
guidelines established by the Task Force of the European
Society of Cardiology and the North American Society of
Pacing and Electrophysiology,** and were implemented in
MATLAB 2020.b (MathWorks, United States).

3.5. Statistical analysis

Descriptive statistics are presented as mean * standard
deviation. The Shapiro-Wilk test was employed to assess
the normality of the data distribution.

An 80 x 6 matrix of normalized HRV data derived from
the RRI tachograms was used for dimensionality reduction
to two dimensions using PCA. PCA, a dimensionality
reduction technique, transforms correlated variables into
uncorrelated PCs via eigenvalue decomposition of the
covariance matrix.”” K-means clustering an unsupervised
learning algorithm - was then applied to the reduced-
dimensionality data,'® making it well-suited to classify
individuals into distinct groups based on their ANS
regulation. Cluster assignment was based on the Euclidean
distance metric (Equation I). Cluster centroids were
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iteratively recalculated until convergence (Equation II) by
minimizing the sum of squared errors (Equation III).

The following equations were applied in the K-means
clustering process:

4(p.a)=\2! (4. -p))
= izm X

Where:

x,is the HRV values

n,is the number of points in C,

m is the centroid of a cluster

d is the Euclidean distance

pis a data point

q is a cluster centroid

g, is the i-th attribute of data point q
p, is the i-th attribute of data point p.

]k = Z:‘llz;'cck (xi _mk)2

Where:

e ], is the within-cluster sum of squares (WCSS), which
is the objective function for K-means

e  kis the number of clusters

e m, is the centroid of cluster k.

@

m

(1)

(1I1)

To identify distinct subgroups within the dataset, the
elbow method was used to determine the optimal number
of clusters (k) by evaluating the WCSS, while silhouette
analysis measures how well each data point fits within its
assigned cluster. Once the optimal k was established, the
K-means algorithm partitioned the data by iteratively
refining cluster centroids until membership stabilized. The
quality of this final partition was visually validated using
a silhouette plot, which graphically displays the cohesion
and separation of the resulting clusters.”” To complement
this analysis, agglomerative clustering was conducted
using Ward’s linkage method with a Euclidean distance
metric, and the output was visualized as a dendrogram.

After identifying three clusters, a one-way analysis
of variance was conducted to assess whether there are
significant differences in HRV parameters among the
groups. Additionally, post hoc Tukey’s tests were applied for
pairwise comparisons. The magnitude of these differences
was evaluated using Cohen’s d effect size, and statistical
significance was assessed using 95% confidence intervals
(CI) for the mean difference. All statistical analyses were
performed in MATLAB 2020b (MathWorks, United States)
with a significance level set at o = 0.05.

4, Results

Table 1 presents the anthropometric, physical, and HRV
data of the participants. Normality tests indicate that age,
body mass, height, and MRR follow a Gaussian distribution
(p = 0.05), and the low standard deviations support the
homogeneity of the sample. However, SDNN, RMSSD,
PNN50, LE and HF do not follow a normal distribution (p <
0.05). These findings highlight the importance of HRV data
normalization in the context of machine learning, particularly
when applying techniques such as PCA and K-means.

After dimensionality reduction using PCA, a non-
hierarchical K-means clustering algorithm was applied to
the first two PCs. The algorithm was initialized randomly

Table 1. Anthropometric characteristics and heart rate
variability parameters of the participants

Variables Meanztstandard deviation p-value
Age (years) 22.0+£2.8 0.200
Body mass (kg) 65.2+6.9 0.935
Height (cm) 171.0+6.5 0.745
MRR (ms) 935.0+132.2 0.571
SDNN (ms) 62.8430.9 0.008
RMSSD (ms) 72.7+44.6 0.001
PNN50 (%) 36.6+24.5 0.007
LF (%) 49.0+21.8 0.015
HF (%) 51.8+22.2 0.031

Abbreviations: HF: High-frequency; LF: Low-frequency; MRR: Mean
R-R interval; pNN50: The proportion of adjacent normal-to-normal
intervals differing by more than 50 ms; RMSSD: The root mean square
of successive differences between adjacent intervals; SDNN: The
standard deviation of all normal-to-normal intervals.
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Figure 1. K-means clustering based on principal component coefficients
derived from normalized heart rate variability data
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and run for 10 iterations, resulting in the partitioning of
the data into three distinct clusters, as shown in Figure 1.

Figure 2 shows the WCSS as a function of k, which
is used to determine the optimal number of clusters in
the dataset. The graph reveals a distinct “elbow” at k = 3,
where the WCSS reduction plateaus. This suggests that
three clusters represent the most appropriate choice, as
adding additional clusters beyond this point results in only
marginal improvements in cluster compactness. The elbow
method, therefore, supports the selection of k = 3 as the
optimal number of clusters for subsequent analysis.

As shown in Table 2, cluster 3 (n = 19) demonstrates
significantly higher HRV parameters compared to cluster 1
(n=33) and cluster 2 (n =28) (p = 0.001). Post hoc analysis
further confirms that cluster 1 exhibits significantly
different HRV parameters compared to both cluster 2 and
cluster 3 (p=0.001).

Table 2. Comparison of heart rate variability parameters
among the identified clusters

Variables Cluster 1 Cluster 2 Cluster 3
MRR (ms) 1034.7+129.6 919.2+121.2 886.1+113.0
SDNN (ms) 101.1+24.8 59.9+20.4 40.1+18.1
RMSSD (ms) 132.8+33.0 68.1+£25.7 37.5421.7
PNNS50 (%) 67.2+10.7 37.9+16.7 14.4+13.4
LF (%) 34.4+18.0 40.6£15.5 68.9+15.8
HEF (%) 69.2+15.6 59.6+15.4 30.8+16.0

Note: Data are presented as mean+tstandard deviation.

Abbreviations: HF: High-frequency; LF: Low-frequency; MRR: Mean
R-R interval; pNN50: The proportion of adjacent normal-to-normal
intervals differing by more than 50 ms; RMSSD: The root mean square
of successive differences between adjacent intervals; SDNN: The
standard deviation of all normal-to-normal intervals.

Within-cluster sum of squares

1 2 3 4 5 6 7 8 9 10
Number of clusters (k)

Figure 2. Within-cluster sum of squares plotted against different values of

k to determine the optimal number of clusters

Cluster 1 demonstrates a significantly greater
parasympathetic profile than cluster 2. This is supported
by large and statistically significant differences in mean
RRI (mean difference = 122.18; 95% CI = 52.67 — 191.70;
d 0.99), SDNN (mean difference 44.35;
95% CI = 3240 - 56.31; d = 2.09), RMSSD (mean
difference = 69.81; 95% CI = 55.80 — 83.81; d = 2.80), and
PNN50 (mean difference = 32.68; 95% CI = 25.30 - 40.06;
d = 2.49). HF power - an established marker of vagal tone
— is also significantly higher in cluster 1, with a medium-
to-large effect size (d = 0.67). In contrast, no significant
difference in LF power is observed between these two
clusters (95% CI = —14.06 - 2.42).

The differences between cluster 1 and cluster 3 are
even more substantial. Cluster 1 exhibits significantly
higher values across all indices of overall HRV and
parasympathetic activity, with very large effect sizes for
mean RRI (d = 1.32), SDNN (d = 3.10), RMSSD (d = 3.77),
PNN50 (d = 4.48), and HF (d = 3.28). Furthermore, cluster
1 exhibits significantly lower LF power than cluster 3
(mean difference = —40.18, d = —2.75), indicating reduced
sympathetic modulation compared to cluster 3.

Although no statistically significant difference
in MRR is observed between clusters 2 and 3 (95%
CI=-29.45 - 92.78), their autonomic modulation profiles
differ significantly. Cluster 2 exhibits significantly greater
parasympathetic activity than cluster 3, as evidenced by
substantial differences in SDNN, RMSSD, pNN50, and
HF power. In addition, cluster 2 exhibits significantly
lower LF power (d = —2.82), indicating increased vagal
tone and reduced sympathetic modulation compared to
cluster 3.

The silhouette index, a commonly used measure of
cluster quality, was calculated to evaluate the PCA-based
grouping of normalized HRV data. The silhouette index
values indicate effective cluster separation, with low intra-
cluster variability and high inter-cluster dissimilarity. The
silhouette scores are 0.397 for one cluster, 0.481 for two
clusters, and 0.556 for three clusters. The highest silhouette
coeflicient is observed at k = 3, supporting the selection of
three clusters as the optimal solution (Figure 3).

The agglomerative hierarchical clustering dendrogram
provides an alternative view of the dataset’s structure
(Figure 4). While the longest vertical linkage representing
the primary bifurcation suggests a two-cluster solution,
further analysis reveals a distinct substructure within
one of the main branches. This hierarchical arrangement
indicates that a three-cluster model may more accurately
reflect the underlying granularity of the data. Thus, the
finer details of the dendrogram further support the three-
cluster solution identified by the elbow and silhouette
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Figure 3. Silhouette plot for identifying the optimal number of clusters
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Figure 4. Hierarchical cluster analysis of the heart rate variability dataset

methods, highlighting a nested and interpretable structure
within the dataset.

5. Discussion

The primary aim of this study is to develop and validate
a method for identifying distinct patterns of autonomic
regulation in healthy men, using a combined PCA and
K-means clustering approach applied to HRV data. The
findings demonstrate that this approach is both feasible
and effective in stratifying cardiovascular autonomic
function, revealing significant physiological heterogeneity
within a homogeneous and healthy sample.

HRV is an important biomarker for assessing
cardiovascular health, serving as a non-invasive indicator of
the ANS and its modulation of cardiac function.* It reflects
the balance between sympathetic and parasympathetic

activity, with implications for both physical and mental
well-being.* Reduced HRYV is generally associated with a
higher risk of CVD and physiological stress,****! whereas
elevated HRV is typically indicative of good health.****** The
advent of wearable technology has made HRV monitoring
more practical, enabling early detection of cardiovascular
dysfunction and supporting proactive health management
strategies.” However, to date, no studies have examined the
use of combined PCA and K-means clustering techniques
to identify individual risk profiles based on HRV data.

Pasquini et al>* applied PCA to identify five PCs in
ANS time series data that collectively explained 75% of
the variance during emotional reactivity tasks. K-means
clustering revealed five distinct ANS states corresponding
to specific emotions, such as awe and sadness.

However, the present study validates a methodological
framework integrating PCA and K-means to identify
distinct patterns of autonomic regulation in healthy men
using HRV data. This approach demonstrates variability
in autonomic balance, even within a healthy population.
The findings highlight the potential of these techniques
to stratify individuals based on cardiovascular autonomic
function and suggest that lower HRV profiles may indicate
individuals who could benefit from targeted interventions
to improve autonomic balance.

A critical component of the analysis involves selecting
the optimal number of clusters. Notably, both the elbow
method and hierarchical dendrogram support k = 3 as a
plausible solution, whereas the silhouette index favors a
more conservative k = 2 solution. Rather than interpreting
this discrepancy as a contradiction, it provides valuable
insights into the hierarchical structure of the data. The
higher silhouette score for k = 2 indicates the presence of
two primary, well-defined groups. However, selecting k = 3,
as recommended by the elbow method, provides greater
physiological granularity by revealing an “intermediate”
group that would otherwise remain undetected in a binary
classification. This methodological approach allows for a
more detailed and clinically interpretable classification of
autonomic regulation.

In addition, these findings offer promising potential
for clinical application. The ability to stratify healthy
individuals into potential autonomic “risk” profiles provides
insights into the development of personalized preventive
strategies. A post hoc analysis of the three-cluster solution
identified distinct, hierarchically ordered autonomic
profiles. Cluster 3 (high-vagal-tone profile; n = 33) exhibits
the highest values across all HRV parameters, indicating
enhanced parasympathetic modulation. This profile is
typically associated with good cardiovascular health,
greater stress resilience, and efficient physical conditioning.
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Cluster 2 (intermediate autonomic profile; n = 28) represents
a moderate autonomic state, with HRV values significantly
lower than those of cluster 1 but higher than those of cluster
3. Cluster 1 (low-vagal-tone or sympathetic predominant
profile; n 19) exhibits the lowest HRV values of
parasympathetic activity and the highest relative LF power.
While these individuals are clinically healthy, this profile
may indicate a subclinical state of autonomic imbalance or
reduced adaptive capacity, potentially indicating elevated
long-term cardiovascular risk.

The identification of these three distinct profiles in a
young, healthy population represents a central finding of
this study. While the literature establishes that reduced
HRYV is associated with disease, the present findings suggest
that a spectrum of autonomic function exists even in the
absence of clinical pathology. This observation aligns with
previous research, including that by Pasquini et al.,** who
applied similar techniques to identify autonomic states
during emotional reactivity. The present study further
highlights interindividual variability at rest, suggesting
that these autonomic profiles may represent individual
physiological traits.

The use of machine learning, particularly K-means
clustering, underscores the potential of Al to enhance HRV
analysis and deepen understanding of ANS regulation.
This data-driven approach enables the identification of
distinct autonomic patterns that may be obscured by
traditional statistical methods. The combined PCA and
K-means clustering method serves as an effective tool
for exploring complex physiological data and identifying
meaningful subgroups within a population. Furthermore,
the application of machine learning techniques to predict
individual risk based on HRV profiles holds significant
promise for enabling more personalized and effective
preventive strategies.»>!""?

It is crucial to interpret these findings within the
context of the study’s design. Unlike studies that aim to
distinguish between healthy individuals and those with
cardiac disease, a supervised classification problem this
study addresses an unsupervised discovery question:
what distinct autonomic profiles exist within a healthy
population? This approach is based on the hypothesis
that physiologically meaningful patterns may reflect
distinct long-term cardiovascular health trajectories,
even among asymptomatic individuals, before the onset
of clinical disease. Therefore, the identification of three
distinct clusters should not be viewed as a limitation due
to the absence of a patient control group, but rather as a
validation of the study’s primary objective, which explores
an under-investigated area of autonomic profiling in
healthy populations.

However, several limitations should be acknowledged
in this study. A key limitation is the homogeneous nature
of the sample, which consisted of 80 healthy young men
from Macapd, Brazil. Consequently, the findings should
be interpreted as proof of concept within this specific
demographic. The study emphasizes that the identified
cluster patterns may not be directly generalizable to women,
other age groups, ethnic backgrounds, or populations with
different health and lifestyle characteristics. Therefore,
validating the method is a priority, and future studies are
recommended to include larger, more diverse, and multi-
center cohorts to determine the broader applicability of
these autonomic profiles. Furthermore, the cross-sectional
design of the study limits the ability to draw conclusions
about the temporal stability of these profiles or their
predictive value for future health outcomes.

6. Conclusion

This study highlights that the application of combined
PCA and K-means clustering to HRV data is a valid
and effective approach for identifying distinct patterns
of autonomic regulation in healthy men. Three distinct
physiological profiles, high vagal tone, intermediate vagal
tone, and low vagal tone, were identified, even within a
demographically homogeneous cohort. These findings
reinforce the importance of HRV as a sensitive biomarker
of cardiovascular health and underscore the potential of
machine learning techniques to advance personalized
preventive strategies. However, future longitudinal studies
are needed to examine the stability of these autonomic
profiles and their association with long-term health
outcomes across more diverse populations.
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