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Abstract: Hypertension diagnosis typically requires repeated office blood pressure measurements over multiple visits. This prospective
single-center study evaluated whether frequency-domain analysis of a single high-resolution 12-lead electrocardiogram (ECG) could
detect hypertension, grade its severity, and identify spectral signatures consistent with early myocardial involvement in treatment-
naïve adults. Three hundred and eighty-four consecutive patients underwent clinical evaluation and digital 12-lead ECG recording
with the Sydäntek capacitive platform. Both blood pressure measurements and ECG recordings were obtained in the sitting position
after 5 minutes of rest, and 15-second recordings were used for analysis. After excluding 43 recordings with inadequate signal qual-
ity, we included 341 patients in this study. We used fast Fourier transform analysis of precordial leads V1–V6 to derive a transparent
regression-based composite index from centroid frequency, total power, and spectral resonance peak ratio. The index was validated
against guideline-defined blood pressure categories using stratified 5-fold cross-validation. The composite index achieved 88% over-
all accuracy for four-category grading (weighted 𝜅 = 0.868) and a weighted Receiver operating characteristic–area under the curve
(ROC-AUC) of 0.978. Binary classification of normal versus any hypertension achieved 95% accuracy, 99% sensitivity, and 89% speci-
ficity. Misclassifications occurred only between adjacent severity categories, and lateral precordial leads V4–V6 contributed most to
discrimination. Frequency-domain ECG analysis of a single 15-second recording provides an interpretable, scalable method for single-
encounter hypertension detection and severity staging. These findings should be interpreted as a single-center pilot evaluation, and we
look forward to confirmation by independent multicenter studies.
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1. Graphical Abstract Summary

Figure Legend: Hypertension-linked fast Fourier transforms
and correlation with remodeling.

Left: Sydäntek wireless capacitive ECG device enabling
high-resolution 12-lead digital acquisition in a single 15-second
recording.

Center: Representative FFT power spectra (V1–V6). Nor-
motensive spectra (green) show low amplitude with rapid decay;
severe hypertension spectra (red) demonstrate elevated ampli-
tude and sustained high-frequency energy, reflecting increased
myocardial workload, stiffness, and loss of harmonic coherence.

*Corresponding author: Sugandhi Gopal, Carditek Medical Devices, India.
Email: sugopal@carditek.com

Top Right: Average maximum magnitude (V4–V6). Values
rise progressively across hypertension severity categories.

Bottom: Schematic of left-ventricular geometric progression.
Early concentric remodeling (Stages 1–2) remains reversible; pro-
gression to concentric or eccentric hypertrophy (Stages 3–4)
results in largely irreversible hypertension-mediated organ damage
(HMOD). The “X” marks the critical intervention window.

2. Introduction

Hypertension is the leading modifiable risk factor for cardio-
vascular disease, affecting more than 1.3 billion adults worldwide
and contributing to over 10 million deaths annually [1–3]. Current
international guidelines mandate repeated office blood pres-
sure measurements over multiple visits, often supplemented by
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ambulatory or home monitoring, to establish a formal diagno-
sis [2, 3]. While this approach ensures accuracy, it is logistically
demanding, requires substantial patient cooperation, and results
in poor treatment initiation and long-term compliance; only about
50% of diagnosed patients begin and maintain antihypertensive
therapy [4]. A reliable surrogate marker that enables accurate
diagnosis and severity staging in a single clinical encounter
could substantially reduce diagnostic burden and facilitate earlier
intervention.

Electrocardiography (ECG) has stood the test of time as
one of the most enduring and trusted sciences in cardiology.
For over a century, it has served as a steadfast companion to
clinicians, simple, reliable, and universally accessible, from small
clinics to advanced tertiary centers. Yet, despite its ubiquity, the
information derived from conventional ECG design and analysis
remains limited. Its strength lies in availability, not depth. Intu-
itively, we sense that if more intelligent systems could be built
around the electrical signals of the heart, the ECG could evolve
from a static tracing into a dynamic diagnostic platform. Such
an evolution could enable earlier detection of subtle physiologi-
cal changes in diseases like hypertension, transforming the ECG
from a routine test into a gateway for precision cardiovascular
diagnostics.

2.1. What is missing in time-domain ECG’s and why
does frequency-domain matter

Conventional electrocardiography, plotted in the time domain
with timeon thex-axis andamplitudeon they-axis, hasbeen invalu-
able for more than a century in diagnosing major cardiac events
such as myocardial infarction, ventricular hypertrophy, rhythm

disturbances, and conduction abnormalities. Frequently over-
looked even by trained physicians [5], yet in many conditions
where myocardial fibers undergo subtle changes due to stretch
and strain, conventional ECG remains insensitive unless extreme
voltage shifts or ST-T changes occur within the 0–100 Hz range
[6]. Early electrical alterations are often minute, comparable to
a single instrument playing slightly off-note in a large orchestra,
and are best detected through changes in frequency rather than
amplitude.

The science of converting a regular ECG to a frequency-
domain representation relies on the fast Fourier transform (FFT):
we decompose the complex ECG waveform into a spectrum of
sinusoidal components and quantify the power at each frequency.
Instead of asking “what happens when?”, frequency-domain
analysis asks “which frequencies are present, and how strong
are they?” [6]. This spectral perspective isolates subtle electri-
cal variations that reflect myocardial stress, compliance, and
tissue coherence. In a healthy ventricle, electrical activity is har-
moniously organized; with progressive hypertension, myocyte
hypertrophy, interstitial fibrosis, and impaired conduction dis-
rupt this harmony, altering the spectral profile in predictable
ways (Figure 1) [7–10]. Increased myocardial stretch and work-
load elevate total FFT power; reduced compliance shifts the
centroid frequency upward; and fibrosis diminishes spectral res-
onance (SRPR%), reflecting loss of electrical coherence; the
once-synchronized “orchestra“ begins to sound discordant [7–10].

These spectral changes precede mechanical remodeling visible
on echocardiography or MRI [7–10]. By identifying early electrical
signatures of myocardial strain, frequency-domain ECG offers a
window into disease at a potentially reversible stage, bridging the
gap between electrical and mechanical diagnostics and redefining

Figure 1
Graphical abstract
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how hypertension-mediated organ damage can be detected and
monitored.

2.2. Analytic workflow and composite index
derivation

These spectral features are integrated into a composite
diagnostic index that balances sensitivity and specificity. By com-
bining total power, centroid frequency, and SRPR%, the index
captures both the magnitude and quality of myocardial electrical
changes. This composite measure enables stratification of patients
into early, intermediate, and advanced hypertensive remodeling
stages, providing a reproducible framework for diagnosis and
follow-up [7–10].

Importantly, different cardiovascular conditions manifest
characteristic alterations within specific frequency bands of the
ECG spectrum. Hypertensive myocardial remodeling predom-
inantly affects lower-to-mid frequency bands (approximately
1.5–49 Hz), driven by increased wall stress, stiffness, and early
fibrosis [7–10]. Other disease states such as ischemia, dyssyn-
chrony, or infiltrative cardiomyopathies produce distinct spectral
signatures that may appear in different subsets of the twelve stan-
dard ECG leads. This lead-specific variability provides valuable
spatial information about regional myocardial involvement and
electrical heterogeneity.

Because the hypertensive spectral band lies within the same
frequency range as conventional ECG acquisition (< 50–60 Hz),
these algorithms and feature-extraction methods can be seamlessly
integrated into existing digital ECG systems without hardware
modification [7–10]. This compatibility ensures that frequency-
domain analysis can be implemented across standard clinical and
wearable platforms, enabling scalable adoption for longitudinal
monitoring and population-level screening.

The practical FFT workflow consists of the following steps:

1) Signal acquisition – Capture a clean, high-resolution ECG
segment under resting conditions.

2) Pre-processing – Apply baseline correction and noise filtering
to preserve physiological signal integrity.

3) Transformation – Use FFT to generate the power spectrum
and quantify energy distribution across frequencies.

4) Feature extraction – Derive quantitative parameters such as
total power, centroid frequency, maximum magnitude, and
spectral resonance characteristics.

5) Composite index integration – Combine multi-band features
into a unified diagnostic index for classification and risk
stratification [7–10].

Because ECG analysis can yield a large number of potentially
informative signal features, multi-feature integration is commonly
used to improve classification performance [11]. While dozens of
spectral features can be extracted from the ECG power spectrum,
no single parameter is perfectly diagnostic because of overlap
between adjacent severity categories. To address this, each feature
is assigned a relative weight through feature-importance analy-
sis (e.g., Random Forest importance scores), ensuring that the
most discriminative spectral attributes contribute proportionally
to the final model. The weighted features are then combined into
a transparent, regression-based composite index that integrates
total spectral power, centroid frequency, and spectral resonance
characteristics into a single interpretable measure [12–16].

The present prospective study evaluated whether this com-
posite spectral index derived from high-resolution 12-lead ECG
frequency-domain analysis could accurately detect hypertension,

grade severity across four clinically relevant categories, and iden-
tify spectral alterations associated with hypertension severity that
may reflect early myocardial involvement in treatment-naive adults
(Figure 2).

Figure 2 description: Comparison of time-domain ECG sig-
nals and fast Fourier transform (FFT) power spectra between
normotensive and hypertensive subjects.

(a) Normotensive patient – Time-domain ECG: Conven-
tional 12-lead time-domain ECG tracing from a normotensive
patient showing standard voltage amplitudes and regular rhythm.

(b) Normotensive patient – FFT Frequency-domain spec-
trum: Corresponding FFT frequency-domain power spectrum
(leads V1–V6) for the normotensive patient, displaying a con-
centrated spectral energy distribution with rapid amplitude decay
across higher frequencies.

(c) Hypertensive patient – Time-domain ECG: Con-
ventional 12-lead time-domain ECG tracing from a patient
with moderate-to-severe hypertension displaying similar baseline
voltage characteristics.

(d) Hypertensive patient – FFT Frequency-domain spec-
trum: Corresponding FFT frequency-domain power spectrum
(leads V1–V6) for the hypertensive patient, demonstrating ele-
vated amplitudes and broader spectral spread within the 1.5 to 49
Hz frequency range, particularly prominent in the mid-to-lateral
precordial leads (V4–V6).

3. Methods

3.1. Study population

This prospective single-center cohort study was conducted in
the outpatient department of a tertiary cardiology center. A total
of 384 consecutive treatment-naive adults presenting for routine
evaluation without any prior history of hypertension or antihyper-
tensive medication use were recruited. All participants provided
written informed consent. The study protocol was approved by
the Institutional Ethics Committee of Sri Jayadeva Institute of
Cardiovascular Sciences and Research (SJICR), Reference No:
SJICR/EC/2020/028.

3.2. Clinical assessment and ECG acquisition

High-resolution 12-lead ECGs were recorded first in the
sitting position. Only after completion of the ECG was office
blood pressure measured in the sitting position according to cur-
rent international guidelines, after 5 minutes of rest [17, 18].
Recent AI-enhanced ECG studies have also demonstrated the
potential of ECG-derived features for hypertension detection and
hypertension-related cardiovascular risk assessment [19]. Patients
were then classified into guideline-defined hypertension categories.

3.3. Exclusion

Forty-three recordings (11.2%) were excluded because of
inadequate signal quality in one or more precordial leads. Spe-
cific exclusion criteria were: (i) signal dropout or complete loss
of usable signal; (ii) excessive noise or baseline artifact that pre-
cluded reliable frequency-domain analysis; or (iii) incomplete lead
acquisition [20]. These exclusions occurred predominantly with
the early prototype of the acquisition system; later recordings,
after hardware and procedural refinements, showed exclusion
rates below 1%. The final analyzed cohort comprised 341 patients.
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Figure 2
Frequency-domain comparison of precordial ECG leads in normal versus moderate-to-severe hypertension. (a) Normotensive patient –

Time-domain ECG; (b) Normotensive patient – FFT Frequency-domain spectrum; (c) Hypertensive patient – Time-domain ECG;
(d) Hypertensive patient – FFT Frequency-domain spectrum

3.4. Frequency-domain ECG analysis

Precordial leads V1–V6 were subjected to FFT analysis.
Canonical spectral surrogates were extracted: centroid frequency,
total FFT power, and spectral resonance peak ratio (SRPR%). In
addition, an expanded set of descriptors was calculated, including
band-restricted power measures, normalized band power, multi-
ple centroid definitions, resonance frequency metrics, and peak
morphology features across the 1.5–90 Hz range. All features were
computed using custom Python scripts based on scikit-learn and
SciPy libraries [16].

3.5. Development and validation of the composite
index

A transparent composite index was developed by integrat-
ing the canonical spectral surrogates and expanded descriptors.
The process comprised four steps: (1) Feature extraction – the full
set of spectral descriptors was extracted from each of the six pre-
cordial leads. (2) Feature weighting – relative importance of each
descriptor was quantified using a Random Forest classifier (scikit-
learn implementation, 500 trees). Feature-importance scores were
derived from the mean decrease in Gini impurity. Lateral pre-
cordial leads (V4–V6) consistently ranked highest. (3) Composite
index construction – retained features were combined into a sin-
gle continuous score using a weighted linear combination. The

weight assigned to each feature was proportional to its Random
Forest importance score, normalized so that the sum of all weights
equaled 1. (4) Validation – the composite index was evaluated
against guideline-defined blood pressure categories using stratified
5-fold cross-validation [17, 18]. The overall analytical workflow is
summarized in Table 1.

Table 1 description: The flowchart outlines a three-step
analytical pipeline:

1) stratification of 341 treatment-naive patients into four
blood pressure-based severity groups according to current
international guidelines;

2) extraction of spectral ECG/FFT-ECG features including
total power, SRPR%, maximum magnitude, and peak mor-
phology metrics from high-resolution 12-lead digital recordings;
and

3) concordance analysis using confusion matrices, overall
classification accuracy, Cohen’s kappa, and weighted kappa. This
pipeline enables single-encounter hypertension staging from a 15-
second ECG using spectral features not visible in conventional
time-domain analysis.

4. Wearable Validation

All spectral indices and classification outputs were inter-
nally validated on recordings acquired using the Sydäntek ECG
acquisition system. Validation focused on ensuring signal integrity
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Table 1
Summary of methodology for spectral hypertension classification

Patient grouping by blood pressure Spectral feature extraction Concordance analysis

341 treatment-naive patients stratified into 4
categories

• Normal: systolic blood pressure (SBP) <130
mmHg

• Mild: SBP 130–139 or diastolic blood pressure
(DBP) 80–89 mmHg

• Moderate: SBP 140–159 or DBP 90–99 mmHg
• Severe: SBP ≥160 or DBP ≥100 mmHg

High-resolution digital ECGs extract
spectral parameters:

• Total power (1.5-90 Hz)
• Max magnitude
• SRPR %, band power
• Peak morphology metrics, etc.

Assessed using
• Confusion matrix
• Overall concordance rate
• Cohen’s kappa
• Weighted kappa

and reproducibility within the dataset. Each recording was
screened for electrical noise, verified across multiple time
stamps, and processed only after confirming stable baselines and
artifact-free segments [20].

5. Results

Age was not associated with hypertension grade, and body
mass index (BMI) showed no monotonic relationship with sever-
ity. Male sex was more frequent in the higher blood pressure
categories. These variables were not used as inputs to the spectral
composite index.

Of 384 consecutive treatment-naive adults recruited, 43
were excluded due to inadequate ECG lead quality (signal
dropout, noise artifacts, or incomplete acquisition in one or more
precordial leads), corresponding to an exclusion rate of 11.2%.
These exclusions occurred predominantly during the initial phase
of data acquisition with an early prototype of the Sydäntek device.
Subsequent hardware refinements, optimized deployment proce-
dures, and operator training substantially improved signal quality,
with later datasets demonstrating exclusion rates below 1%.

Spectral analysis of the precordial leads V1–V6 demon-
strated clear separation between normotensive and hyperten-
sive cohorts (Figure 2). Canonical surrogates showed the
expected physiological shifts: centroid frequency was higher,

total FFT power was increased, and spectral resonance peak
ratio (SRPR%) was reduced in hypertensive patients. Expanded
spectral descriptors provided additional lead-specific granular-
ity, with lateral precordial leads (V4–V6) contributing most to
discrimination.

The regression-based composite index achieved 88% over-
all accuracy for grading hypertension severity across the four
guideline-defined categories (Normal, Borderline/Mild, Moder-
ate, Severe) with a weighted kappa of 0.868 (Table 2). Binary
classification (normal vs any hypertension) yielded 95% accuracy,
99% sensitivity, 89% specificity, and a weighted Receiver oper-
ating characteristic–area under the curve (ROC-AUC) of 0.978
(Figure 3(a)). Misclassifications were limited to adjacent sever-
ity categories; no patient with severe hypertension was classified
as normal, and no normotensive patient was classified as severe
(Figure 3(b)). Individual class ROC-AUC values were 0.99 (nor-
mal), 0.98 (borderline), 0.99 (moderate), and 1.00 (severe) (Figure
3(c)). The primary performance estimates were obtained by strat-
ified 5-fold cross-validation. Performance on a single held-out
partition reached 92.75% accuracy; however, this figure is not
presented as an independent external test-set result. The primary
metrics remain those derived from 5-fold cross-validation.

The average maximum magnitude across leads V4–V6
increased progressively across hypertension severity categories
(Figure 4(a)). Multivariate spectral feature space demonstrated

Figure 3
Diagnostic performance of the hypertension classification model evaluated by 5-fold cross-validation. (a) Cross-validation confusion

matrix (5-fold) for binary classification; (b) comprehensive confusion matrix for all 341 patients (5-fold cross-validation); (c) diagnostic
accuracy: ROC curves. (n = 341)
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increasing separation between severity groups (Figure 4(b)). Class-
specific discrimination was assessed using one-vs-rest ROC analy-
sis (Figure 4(c)). Finally, comparison of individual spectral
features with the combined model demonstrated improved
classification performance with multi-feature integration
(Figure 4(d)).

These findings demonstrate that frequency-domain ECG
analysis can reliably quantify hypertensive remodeling and may
serve as a scalable tool for early detection and longitudinal mon-
itoring. Serial tracking of the composite spectral index across
repeated visits demonstrated the potential utility of the score for
longitudinal monitoring (Figure 5).

Figure 3 description:
(a) Cross-Validation confusion matrix (5-fold) Binary clas-

sification: Binary classification confusion matrix distinguishing
normotensive patients (n = 101) from those with any degree of
hypertension (borderline, moderate, or severe combined; n = 240).
The model correctly identified 98.8% of hypertensive cases and
89.1% of normotensive cases. Only three hypertensive patients
were misclassified as normal, and eleven normotensive patients

were assigned to the hypertensive group, an asymmetry that favors
clinical safety by minimizing missed diagnoses.

(b) Comprehensive confusion matrix-all 341 patients 5-fold
cross validation: Four-category confusion matrix across the full
severity spectrum (Normal, Borderline, Moderate, Severe). Cor-
rect classifications cluster along the diagonal, with accuracy
exceeding 90% for both the Normal and Severe groups. “All mis-
classifications occurred between immediately adjacent categories
for example, borderline assigned as normal or moderate assigned
as borderline.” No patient with severe hypertension was classified
as normal, and no normotensive patient was classified as severe,
confirming the model’s gradient sensitivity and its suitability for
clinical deployment.

(c) Diagnostic Accuracy: ROC Curves: Receiver operating
characteristic curves generated by one-vs-rest analysis for each
severity class. Area under the curve values were 1.00 for severe,
0.99 for normal, 0.98 for borderline, and 0.97 for moderate. All
curves rise steeply toward the upper-left corner of the plot, reflect-
ing high sensitivity at low false-positive rates. The dashed diagonal
represents chance-level classification.

Figure 4
Comparative analysis of single-feature versus multi-feature spectral approaches for hypertension severity staging in 341

treatment-naive patients (a) Average v4-v6 max magnitude across categories; (b) t-SNE projection of FFT feature space {Class
Separation}; (c) AUC Values by class; (d) Feature-wise classification accuracy comparison
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Figure 4 description:
(a) Average V4–V6 max magnitude across categories: Dis-

tribution of average maximum spectral magnitude across leads
V4–V6, plotted for individual patients ordered by increasing
hypertension severity (normal through severe). “A clear physio-
logical gradient of apparent magnitude rises progressively” with
worsening hypertension, reflecting increasing myocardial work-
load and wall stiffness. However, considerable overlap between
adjacent groups, particularly in the borderline-to-moderate range
(approximately 0.41–0.69), limits the utility of this single feature
for precise multi-class staging. Dashed horizontal lines indicate
the optimal single-feature classification thresholds identified at
0.41 (normal vs. borderline), 0.69 (borderline vs. moderate), and
0.73 (moderate vs. severe).

(b) t-SNE projection of FFT feature space (class separa-
tion): Two-dimensional t-SNE projection of the multi-feature
FFT space, in which each point represents one patient colored by
true hypertension class (blue: normal; orange: borderline; green:
moderate; red: severe). The clear cluster separation, particularly
between normal and severe groups, demonstrates that combining
multiple spectral descriptors resolves the class overlap present with
single-feature approaches, especially in the transitional borderline
and moderate zones.

(c) AUC values by class: One-vs-rest ROC-AUC values for
each hypertension severity class generated by the multi-feature
Random Forest classifier. AUC values were 0.982 (normal), 0.972
(borderline), 0.993 (moderate), and 0.998 (severe), yielding a
weighted average AUC of 0.978. Performance across all four
classes substantially exceeds the conventional 0.90 threshold for
excellent discrimination.

(d) Feature-wise classification accuracy comparison: Bar
chart comparing overall classification accuracy across individual
spectral features and the combined multi-feature model. Max-
imum magnitude alone achieved 79.5% accuracy; total power,
68.0%; and centroid frequency, 54.0%, the weakest single predic-
tor, as frequency shifts in isolation lack sufficient discriminative
context. Combining all spectral parameters within the Random
Forest framework raised overall accuracy to 88.6%, a gain of 9-
34 percentage points over any single feature, underscoring the
diagnostic value of multi-band spectral integration.

Figure 5 description: Each row represents a single clinical
visit. The color-coded bar spanning the four severity zones (Nor-
mal, Borderline, Moderate, Severe) is anchored by a vertical
marker indicating the patient’s composite spectral index score at
that visit. The card is auto-generated directly from FFT feature
data, requiring no manual scoring. Serial tracking across visits
allows clinicians to visualize trajectory whether a patient is pro-
gressing toward higher-risk categories, stabilizing, or responding
to intervention providing a practical framework for longitudinal
hypertension monitoring and treatment compliance assessment.

Table 2 description: Performance metrics of the machine
learning model for hypertension severity classification using
FFT-derived spectral ECG features across 341 patients.

Compares performance from one held-out partition with the
primary estimate obtained by stratified 5-fold cross-validation.
The primary results are those from 5-fold cross-validation (accu-
racy 0.880, weighted 𝜅 = 0.868, ROC-AUC 0.978). The higher
accuracy of 0.928 on a single partition is shown only for
completeness and is not an independent external test-set result.

Per-class precision, recall, F1-score, and the distribution of
adjacent-category misclassification are presented in Table 3.

Table 3 description: shows per-class precision, recall, and F1-
score. Performance was strong across all categories, with particu-

Figure 5
Patient-level hypertension risk scorecard generated from serial
spectral ECG/FFT-ECG recordings across nine visits over a

two-month period

Table 2
Comprehensive classification report – 341 patients

Metric
Single held-out

partition
Overall cross-

validation

Total patients
analyzed

341 341

Accuracy 0.9275 0.8798

Cohen’s kappa 0.9007 0.8347

Weighted kappa 0.9322 0.8678

ROC-AUC 0.9855 0.9781
Macro F1-score 0.9263 0.8757
Weighted F1-score 0.9277 0.8789

larly high precision for normal (0.96) and severe (0.89) cases. The
overall weighted accuracy of 88% confirms the model’s robustness
as a multi-class staging tool; the moderate category showed the
highest rate of adjacent misclassifications (n = 14), consistent with
the physiological overlap inherent to transitional hypertensive
states.

6. Discussion

This prospective single-center study in 341 treatment-naive
patients demonstrates that frequency-domain analysis of a single
high-resolution 12-lead ECG enables accurate detection and sever-
ity staging of hypertension while identifying spectral signatures
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Table 3
Final summary of FFT-based classification performance

Class Precision Recall F1-score
Support (clinical
classification)

FFT
classification

Numbers misclassified
into adjacent categories

Normal 0.96 0.89 0.92 101 90 9
Borderline 0.82 0.95 0.88 113 107 6
Moderate 0.87 0.74 0.80 73 58 14
Severe 0.89 0.91 0.90 54 49 4
Accuracy 0.88 341

Macro Avg 0.89 0.87 0.88 341

Weighted Avg 0.88 0.88 0.88 341

consistent with early myocardial involvement. The transparent
regression-based composite index achieved 88% overall accuracy
for four-category grading (weighted 𝜅 = 0.868) (Table 4) and
excellent binary performance (95% accuracy, 99% sensitivity,
weighted ROC-AUC 0.978). Results were reproducible across
recordings acquired using the Sydäntek wearable ECG platform,
supporting the feasibility of spectral analysis in a wearable ECG
setting.

A key strength of this work is the exclusively treatment-naive
cohort, which eliminated confounding effects of antihyperten-
sive therapy on myocardial structure and electrophysiology, a
limitation common in many prior AI-ECG studies [10, 19].
The observed spectral changes (increased total FFT power, ele-
vated centroid frequency, and reduced spectral resonance peak
ratio) align with the underlying pathophysiology of hyperten-
sive heart disease, including increased myocardial workload,
stiffness, and early interstitial fibrosis. Lateral precordial leads
(V4–V6) provided the strongest discriminative power, con-
sistent with their anatomical proximity to the left ventricle
(Figure 6). Importantly, in the borderline and mild hyperten-
sion subgroups, spectral changes were already present even when
conventional time-domain ECG criteria and available echocardio-
graphic assessments (when performed) showed no clear structural
abnormalities. This observation supports the interpretation that
frequency-domain analysis may detect electrical alterations that

precede both standard ECG voltage criteria and overt structural
remodeling.

Figure 6 description: The horizontal bar chart displays the
relative discriminative contribution of the 15 highest-ranking
spectral features. Lateral precordial leads (V4–V6) dominate
the ranking, with V5 maximum amplitude and band-limited
maximum magnitude in the 2.5–15.5 Hz range occupying the
top positions. Peak amplitude metrics across V4–V6 and band-
restricted power in the 1.5–10.5 Hz range collectively account for
the majority of the model’s discriminative capacity. These features
are physiologically coherent: the lateral precordial leads overlie
the left-ventricular free wall, and the 1.–15.5 Hz band corresponds
to the frequency range most sensitive to changes in myocardial
wall stress, compliance, and early interstitial fibrosis associated
with hypertensive remodeling.

Compared with recent AI-enhanced and deep-learning ECG
studies demonstrating the potential of ECG-based approaches
for hypertension detection, prediction, and identification of
hypertension-mediated cardiac changes [10, 19], our approach
demonstrated competitive performance while using an inter-
pretable, transparent model rather than a black-box algorithm.
Importantly, we extend beyond binary classification by success-
fully grading severity across four clinically relevant categories, with
misclassifications confined to adjacent groups only. This ordinal
reliability enhances clinical safety and utility.

Table 4
Summary of diagnostic performance and clinical significance of the spectral ECG/FFT-ECG classification pipeline

Performance metric Finding Clinical significance

Overall 4-class accuracy 88% (weighted 𝜅 0.868) Robust multi-class staging from a single 15-second
recording

Binary accuracy (normal vs. any
HTN)

95% Supports frontline screening and triage

Sensitivity (binary) 99% Minimizes missed high-risk cases; enhances clinical safety

Specificity (binary) 89% Acceptable false-positive rate for a screening application

Weighted ROC-AUC 0.978 Excellent overall discrimination across all severity classes

Class-specific AUC 0.97–1.00 across all classes Reliable performance even in transitional (borderline)
category

Misclassification pattern Adjacent categories only Ordinal integrity preserved; no clinically dangerous cross-
category errors

Model type Transparent regression-based com-
posite index (Random Forest
weighting)

Interpretable and auditable; supports clinical adoption
and shared decision-making
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Figure 6
Feature-importance ranking derived from the Random Forest classifier applied to FFT spectral parameters across 341patients

The single-encounter nature of a 15-second recording
addresses a major practical limitation of current hypertension
guidelines, which require repeated blood pressure measurements
over multiple visits [1–3]. By detecting spectral signatures of early
reversible myocardial remodeling (Figure 4), this method opens a
critical window for timely intervention.

7. Limitations

The study was conducted at a single tertiary center in India,
which may limit generalizability across diverse ethnicities, age
groups, and comorbidities. External multi-center validation is
therefore required and is currently being planned. A strength
of the present study is the exclusive recruitment of treatment-
naive patients. Obtaining large numbers of adults who have never
received antihypertensive therapy is difficult in contemporary clin-
ical practice, yet this design eliminates the confounding effects
of medication on myocardial structure and electrophysiology.
While the single-center setting limits immediate generaliza-
tion, the treatment-naive nature of the cohort enhances the
physiological interpretation ability of the spectral findings. No
systematic concurrent echocardiography or cardiac magnetic res-
onance imaging was performed for the full cohort. The inference
that the observed spectral alterations reflect early hypertensive
myocardial involvement is based on established pathophysiology
and on the clinical observation that these changes were already
progressive in the borderline and mild subgroups, where conven-
tional ECG voltage criteria were generally absent and available
echocardiographic assessments (when performed) showed no clear
structural abnormalities. Formal imaging correlation remains nec-
essary. Although the exclusive recruitment of treatment-naive
patients removed the confounding influence of antihypertensive
therapy, other potential confounders such as age, sex, BMI, dia-
betes, and heart rate were not subjected to formal multivariable
adjustment. Residual confounding therefore cannot be excluded.
The primary performance estimates are those obtained from

stratified 5-fold cross-validation. The higher figure of 92.75%
accuracy on a single held-out partition should not be interpreted
as an independent external test-set result.

This study should be interpreted as a single-center
pilot/proof-of-concept evaluation. External validation by inde-
pendent clinical teams is the essential next step.

8. Conclusion

Frequency-domain ECG analysis using a transparent com-
posite index offers a rapid, interpretable, and scalable single-
encounter tool for hypertension detection and staging. This
builds on our prior Sydäntek wearable validation studies [6–8].
This approach has strong potential to reduce diagnostic burden,
improve risk stratification, and support timely intervention in the
global management of hypertensive cardiovascular disease.

Table 4 description: The spectral composite index achieved
AUC values exceeding 0.97 across all four hypertension sever-
ity classes, surpassing most published AI-ECG benchmarks for
this diagnostic task. Sensitivity for severe hypertension reached
99%, ensuring reliable identification of patients requiring urgent
clinical assessment. All misclassifications were confined to adja-
cent severity categories, preserving the ordinal structure of the
staging framework and minimizing clinically significant errors.
The transparent, regression-based model architecture facilitates
clinical adoption in a way that black-box deep-learning systems
cannot.

The principal clinical implications of these findings are
summarized in Table 5.

Table 5 description: Spectral ECG/FFT-ECG analysis
demonstrated high diagnostic accuracy across all hypertension
severity categories (AUC >0.97) and strong binary classification
performance, with 95% accuracy and 99% sensitivity for high-
risk case detection. Agreement between FFT-based staging and
blood pressure-defined severity was substantial (Cohen’s kappa
0.82; weighted kappa 0.87), affirming that spectral indices reliably
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Table 5
Summary of key clinical points arising from spectral ECG/FFT-ECG analysis

What this study shows Why it matters clinically

AUC >0.97 across all hypertension severity
classes

Exceeds most published AI-ECG benchmarks for hypertension detection

95% binary accuracy; 99% sensitivity for high-
risk cases

Reliable frontline triage without requiring repeat blood pressure
measurements

Cohen’s kappa 0.82; weighted kappa 0.87 Substantial agreement between FFT-based staging and conventional
blood pressure (BP) classification

Treatment-naïve cohort design Spectral changes reflect genuine early remodeling, unconfounded by
pharmacotherapy

Wearable platform validation confirmed Scalable deployment in frontline and resource-limited settings is feasible

Transparent composite index not a black-box
model

Supports clinical adoption, regulatory review, and shared
decision-making

Table 6
Comparison of recent AI-ECG studies for hypertension detection

Study Year
Cohort

characteristics Classification Model type
Key performance/distinctive

features

Liang et al. 2025 Mixed treated and
untreated

Binary + early heart
change

Deep learning High sensitivity for early
hypertension-mediated
change

Al-Alusi
et al.

2025 Large mixed
population

Binary hypertension
(HTN) + cardio-
vascular (CV)
risk

Deep learning Digital biomarker approach;
strong binary performance

Present
study

2026 341 fully treatment-
naïve patients

Four-category severity
staging + binary

Transparent com-
posite spectral
index (Random
Forest weighting)

88% 4-class accuracy
(𝜅 = 0.868); 95% binary
accuracy; ROC-AUC
0.978; wearable validation;
single 15-s recording

capture the same clinical severity gradient as conventional sphyg-
momanometry. The treatment-naive study design ensures that
spectral changes reflect incipient myocardial remodeling rather
than treatment effects. Taken together, these findings support
single-encounter spectral ECG as a scalable, interpretable tool
for early hypertension detection, risk stratification, and longitudi-
nal monitoring. Recent AI-ECG studies relevant to hypertension
detection are summarized in Table 6.

Table 6 places the present work in the context of recent AI-
ECG hypertension studies. Most previous work has focused on
binary classification in mixed (treated and untreated) populations
using deep-learning models. In contrast, the current study exam-
ines a fully treatment-naive cohort, provides four-category severity
staging, and employs a transparent composite index that remains
fully interpretable.

The demographic characteristics of the full recruited cohort
are provided in Appendix (Table S1).

9. Clinical Implications

Frequency-domain ECG analysis using a transparent
regression-based composite index offers a practical single-
encounter alternative to the multi-visit blood pressure measure-
ment protocols mandated by current international guidelines.
From a single 15-second high-resolution 12-lead recording, the
method achieved 95% accuracy and 99% sensitivity for binary

hypertension detection, and 88% accuracy across four clinically
graded severity categories, with a weighted ROC-AUC of 0.978
and all misclassifications limited to adjacent groups.

A particularly significant clinical dimension of this approach
is its capacity to identify spectral signatures of early, poten-
tially reversible myocardial remodeling before overt structural
changes become evident on echocardiography or cardiac MRI.
This detection at a pre-structural stage preserves the inter-
vention window during which concentric remodeling remains
reversible, a window that closes with progression to established
hypertrophy. By enabling earlier triage and treatment initiation,
spectral ECG analysis may help prevent progression to irreversible
hypertension-mediated organ damage.

The reproducibility of all spectral indices on Sydäntek
wearable recordings confirms that deployment is not limited to
supervised laboratory settings. The transparent, non-black-box
architecture of the composite index further facilitates clinical
adoption, supporting shared decision-making between clinicians
and patients in a way that opaque deep-learning models can-
not. The principal clinical implications of these findings are
summarized in Table 5.

10. Learning Points

1) This study demonstrates that frequency-domain ECG anal-
ysis provides a rapid, single-encounter staging tool for
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hypertension, offering a reproducible and interpretable alter-
native to the repeated blood pressure measurements currently
required by international guidelines.

2) FFT-derived spectral features including total power, centroid
frequency, and spectral resonance peak ratio achieved high
accuracy and strong concordance with blood pressure-based
severity classification (AUC >0.97, 𝜅 >0.83), validating their
reliability as noninvasive surrogates for spectral signatures
consistent with early myocardial involvement.

3) The binary classification model’s 95% accuracy and 99%
sensitivity for high-risk detection establish a strong evidence
base for integration into frontline triage and population-level
hypertension screening programs.

11. Innovation Statement

This study introduces a rapid-deployment spectral ECG plat-
form (Sydäntek) capable of staging hypertension severity from a
single 15-second recording using transparent FFT-based pattern
recognition. In contrast to the multi-visit blood pressure mea-
surement protocols embedded in current guidelines, this approach
requires only brief chest contact and a single clinical encounter
yielding an immediately interpretable, quantitative risk score. By
combining multiple spectral features into a weighted compos-
ite index rather than relying on any single threshold, the system
achieves clinically meaningful staging accuracy while remaining
fully auditable. This positions spectral ECG as a scalable tool
for earlier detection of hypertensive myocardial remodeling and
a meaningful reduction in diagnostic burden across frontline and
resource-limited practice environments.

12. Patient Perspective/Technician’s Voice

As a participant and a nurse, I found the 15-second
ECG recording far less cumbersome than the repeated visits
required for conventional blood pressure monitoring. The device
produced an immediate, interpretable risk score, and I appreci-
ated that the diagnostic output drew on multiple complementary
spectral features rather than a single measurement. From both
a patient and a clinical perspective, this approach felt efficient,
transparent, and well-suited to real-world hypertension staging.

13. Clinical Perspective

What is new?
This study demonstrates for the first time that a trans-

parent, regression-based spectral composite index derived from
a single 15-second high-resolution 12-lead ECG can accurately
stage hypertension severity across four clinically defined cate-
gories in a treatment-naive cohort. Binary classification reached
95% accuracy with an ROC-AUC of 0.978, and wearable valida-
tion on the Sydäntek platform confirmed reproducibility within
regulator-ready acquisition workflows.

What is relevant?
A single 15-second ECG recording can now deliver imme-

diate, quantitative hypertension risk stratification across four
severity grades. This enables earlier clinical triage, reduces
the number of visits required before treatment initiation, and
supports longitudinal compliance tracking through serial spec-
tral scoring. At scale, this approach has the potential to

fundamentally reshape hypertension screening strategy in both
primary care and resource-limited settings.
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Appendix

Table S1
Demographic table

Variable Normal (n = 117)
Borderline/mild

(n = 116) Moderate (n = 91) Severe (n = 60)
Overall

(n = 384)

Age, years, mean ± SD 54.4 ± 14.4 52.8 ± 15.6 56.1 ± 14.2 56.6 ± 15.0 54.6 ± 14.8

Age range, years 22–86 17–89 25–84 20–85 17–89

Male, n (%) 49 (41.9) 71 (61.2) 59 (64.8) 40 (66.7) 219 (57.0)

Female, n (%) 68 (58.1) 45 (38.8) 32 (35.2) 20 (33.3) 165 (43.0)

BMI, kg/m², mean ± SD 26.8 ± 3.5 25.7 ± 4.4 25.6 ± 4.9 27.5 ± 4.3* 26.3 ± 4.3

Office SBP, mmHg,
mean ± SD

118.5 ± 8.4 130.8 ± 5.6 153.9 ± 3.8 184.6 ± 10.6 —

Office DBP, mmHg,
mean ± SD

71.2 ± 6.4 86.4 ± 2.8 95.8 ± 2.1 122.5 ± 10.9 —

In this cohort, age was not associated with hypertension grade, and BMI showed no monotonic relationship with severity. Male
sex was more frequent in the hypertensive categories than in the normotensive group. Age, sex, and BMI were not used as inputs to
the spectral composite index. A brief statement to this effect has been added at the beginning of the results.
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