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Abstract

Hypertension is a leading global health risk and requires accurate and continuous moni-
toring for effective management. Although photoplethysmography (PPG) is a promising
non-invasive modality for cuffless blood pressure (BP) assessment, many existing ap-
proaches (especially raw-signal deep learning) are vulnerable to data leakage, overfitting
on small datasets, limited interpretability, and poor performance on minority BP stages. To
address these limitations, we propose a robust and physiologically grounded framework for
multi-class BP stage classification based on interpretable PPG features. Our approach cen-
ters on a comprehensive multi-domain feature engineering pipeline that extracts 124 PPG
features, including demographic, morphological, functional decomposition, spectral, non-
linear dynamics, and clinical composite indices. We apply rigorous preprocessing and
feature selection prior to model training. We validate the framework on two datasets:
PPG-BP dataset (657 segments, 4 classes) for benchmarking and PulseDB (283,773 segments,
3 classes) to assess scalability. We evaluate the proposed framework using a segment-level
train/test split, appropriate for assessing intra-subject BP tracking after initial personaliza-
tion. For the PulseDB dataset, this follows the protocol established by the dataset creators,
while for the PPG-BP dataset, it enables direct comparison with prior work given practi-
cal dataset constraints. On PPG-BP, LightGBM trained on the selected features achieved
macro-F1 = 0.78 and accuracy = 0.74, outperforming comparable deep-learning models.
On the PulseDB, a custom Residual MLP achieved accuracy = 0.81 and macro-F1 = 0.79,
supporting generalization at scale. These results show that the proposed feature-based
approach can outperform complex end-to-end deep-learning models on small datasets
while providing improved interpretability. This work establishes a reliable and transparent
pathway toward clinically viable continuous BP staging, moving beyond black-box models
toward physiologically grounded decision support. Ablation analysis reveals that engi-
neered features provide most of the predictive power (F1 = 0.911), while raw PPG features
alone achieve modest performance (F1 = 0.384). For the minority hypertension stage 2
(HT-2) class, a bootstrap 95% confidence interval of [0.762, 1.000] is reported, reflecting
uncertainty due to limited sample size.

Keywords: photoplethysmography; blood pressure; hypertension staging; automation and
control; feature engineering; machine learning; neural networks; pulse wave processing;
multi-class classification; informatics

Computers 2026, 15, 209 https://doi.org/10.3390/computers15040209

https://crossmark.crossref.org/dialog?doi=10.3390/computers15040209&domain=pdf&date_stamp=2026-03-30
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/computers
https://www.mdpi.com
https://orcid.org/0009-0004-1809-484X
https://orcid.org/0000-0003-1958-4221
https://doi.org/10.3390/computers15040209


Computers 2026, 15, 209 2 of 20

1. Introduction
Hypertension is a critical global health challenge and a major risk factor for cardiovas-

cular disease, stroke, and kidney failure [1]. WHO estimates that approximately 44% of
adults with hypertension are unaware that they have the condition [2]. Traditional cuff-
based sphygmomanometers provide intermittent measurements and are impractical for
continuous monitoring, limiting early detection and long-term management [3]. Advances
in photoplethysmography (PPG), a non-invasive and cost-effective optical technique, have
enabled progress toward continuous blood pressure (BP) monitoring [4,5]. The PPG wave-
form is a rich, complex signal that reflects volumetric changes in peripheral blood flow
with each cardiac cycle. Waveform morphology reflects cardiovascular properties such as
arterial stiffness, cardiac output, and peripheral resistance, which are closely linked to blood
pressure [6,7]. However, extracting BP-related patterns from the PPG waveform remains
challenging. A primary challenge is noise sensitivity, including motion artifacts, physio-
logical variability (e.g., respiration and thermoregulation), and device-related differences.
These issues are particularly acute for multi-class BP staging. Morphological differences be-
tween normotensive and prehypertensive pulses—and between hypertension stages—can
be subtle and easily obscured by noise and inter-subject variability. Consequently, devel-
oping a classifier that generalizes across diverse populations and real-world conditions
remains difficult [8]. Cuffless hypertension monitoring using PPG has driven substantial
research at the intersection of signal processing and machine learning. Approaches range
from handcrafted feature models to end-to-end deep-learning architecture.

Prior work exhibits recurrent methodological limitations that constrain reliability and
clinical applicability. A common limitation is using raw PPG signals as direct model inputs,
which often requires parameter-heavy architectures (e.g., convolutional neural networks
(CNNs) combined with gated recurrent unit (CNN–GRU)). On small public datasets such
as PPG-BP, these models are prone to overfitting, can yield implausibly high performance
(e.g., 100% accuracy), and may suffer leakage when systolic BP (SBP) and diastolic BP (DBP)
blood pressure values are included as inputs. Many studies further simplify the task to
binary classification, which lacks the clinical granularity required for staged hypertension
management. Studies that attempt multi-class classification often report low precision,
recall, and F1-scores for minority classes (e.g., hypertension stages 1 and 2), suggesting
inadequate handling of class imbalance. Table 1 summarizes prior PPG-based hypertension
classification studies, with emphasis on machine learning and deep learning methods.

The central hypothesis driving this work is that hypertensive states induce quantifiable
alterations in PPG waveform morphology, temporal dynamics, and spectral characteris-
tics that can be systematically extracted and classified using computational methods [9].
Previous studies have demonstrated correlations between specific PPG features and blood
pressure, but comprehensive multi-domain analysis encompassing morphological, func-
tional, spectral, and nonlinear characteristics remain underexplored [10]. This gap is par-
ticularly significant given the complex pathophysiology of hypertension, which involves
arterial stiffening, endothelial dysfunction, neurohormonal activation, and autonomic
imbalance—all potentially manifesting in distinct PPG signal patterns.

Recent advances in deep learning have enabled end-to-end classification of blood
pressure stages directly from raw PPG waveforms, utilizing architectures such as CNNs,
long short-term memory networks (LSTMs), and their hybrids [11,12]. While these methods
have shown promise, they face significant limitations that hinder their clinical translation.
Many models exhibit implausibly high performance on small public datasets, often at-
tributable to data leakage, methodological oversights, or overfitting [13,14]. Furthermore,
these “black-box” approaches lack physiological interpretability [15], providing little in-
sight into the underlying cardiovascular mechanisms driving the classification. Crucially,
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most existing studies are confined to binary classification or report poor performance on
clinically important minority classes (e.g., hypertension stages 1 and 2), failing to address
the nuanced, multi-stage nature of hypertension management [16,17].

Table 1. Previous PPG-based hypertension classification studies.

Study Study Focus Dataset Methods Results Limitations

Martínez-Ríos
et al. (2022) [17]

Hypertension
detection using
raw PPG and
clinical data

PPG-BP

Support Vector
Machine (SVM)
with early/late

fusion

71.42% accuracy,
0.76 F1-score for
prehypertension

Binary classification
(Normal vs.

prehypertension)

Al Fahoum et al.
(2024) [18]

Lightweight model
for wearable

deployment using
raw PPG

PPG-BP

Custom PPG-NET
(depthwise
separable

convolutions)

PPG-NET model
achieving 100%

across all metrics

Implausible performance,
small dataset, requires

validation, potential data
leakage

Abdullah &
Kristoffersson

(2023) [14]

Hypertension
staging with APG
features (using raw

PPG)

PPG-BP

Decision Tree,
Linear

Discriminant
Analysis (LDA),
(Linear Support
Vector Machine)

LSVM

DT model
achieved training
accuracy of 100%

during
cross-validation
and accuracy of

96.87% on the test
dataset

The authors used SBP as
an input feature, which
introduces data leakage
and likely overfitting.

Promi et al.
(2023) [19]

Hybrid
spatiotemporal

model (using raw
PPG and clinical

data)

PPG-BP CNN-GRU hybrid
with 10-fold CV

85.00% accuracy,
0.8608 F1-score

The paper does not
explore the individual

contributions of the CNN
and GRU components,

making it unclear whether
both are necessary for

performance gains.
Although 10-fold

cross-validation is used,
the training and validation

loss/accuracy curves
(Figure 4 [19]) suggest

some overfitting, as
validation loss plateaus
early while training loss
continues to decrease.

Yen et al. (2021)
[11]

Hybrid models for
imbalanced data
(using raw PPG)

PPG-BP
ResNetCNN-

BiLSTM,
Xception-BiLSTM

76% accuracy
0.45 recall, and a
precision of 0.48

for Xception
BiLSTM

Poor precision, recall and
F1-score, especially for

minority classes.

Nasir et al. (2024)
[12]

Ensemble and
stacked models PPG-BP

CNN, LSTM,
BiLSTM with

stacking

71.9% accuracy
(LSTM-CNN-RF),

100% with
ensembles

Binary classification,
potential data leakage,

F1-score: 0.66 and recall:
0.60 for LSTM-CNN+SVM

Frederick et al.
(2023) [20]

Pooling layer
optimization (raw

PPG)
PPG-BP

AlexNet,
ResNet-50,
VGG-16,

AvgPool_VGG-16

80% accuracy with
AvgPool_VGG-16

Severe class imbalance,
poor minority class

performance (F1-score:
0.75 for HT-1 and 0.10 for

HT-2)

Tjahjadi & Ramli
(2020) [13]

Raw signal
classification PPG-BP K-Nearest

Neighbors (KNN)

86.7% accuracy,
100% F1 for some

binary tasks

Binary classification. Data
leakage risk, overfitting

with K = 1, excessive
accuracy for binary tasks.

Requires validation.

https://doi.org/10.3390/computers15040209

https://doi.org/10.3390/computers15040209


Computers 2026, 15, 209 4 of 20

Table 1. Cont.

Study Study Focus Dataset Methods Results Limitations

Nour & Polat
(2020) [21]

Hypertension type
classification PPG-BP

C4.5 Decision Tree,
Random Forest,

LDA, LSVM

99.5% accuracy
with tree-based

models

Authors used SBP and
DBP as input features of

DL models and that led to
data leakage.

Pankaj et al.
(2023) [22]

BP classification
using

Fourier-based
spectrograms (PPG

raw)

MIMIC-III +
Figshare

databases

DenseNet-201,
AlexNet,

GoogLeNet
(transfer learning)

96.51% accuracy
with DenseNet-201
across 3 classes of

BP stages

High computational cost

Wu et al. (2021)
[16]

CWT optimization
for BP

classification (PPG
raw)

MIMIC-III
(311,000 seg-

ments)

Custom PPG-NET
(depthwise
separable

convolutions)

90% accuracy with
cgau1 wavelet,
2.4 s segments

Binary classification, lacks
clinical granularity

Hu et al. (2023)
[5]

Automated feature
extraction with

LightGBM

MIMIC-III
(121 records)

LightGBM with
Optuna

optimization

F1-scores:
0.90–0.97 across

tasks

Binary classification. The
feature set contains
794 features, which

exceeds the number of
training records.

Tanc & Ozturk
(2022) [23]

SST-based
classification

MIMIC-II
(150 records)

GoogLeNet
(transfer learning) 0.968 F1-score

Binary classification
oversimplification,

potential data leakage.

To address these gaps, we propose an interpretable and robust framework for multi-
class blood pressure stage classification. We hypothesize that systematic multi-domain fea-
ture engineering—spanning morphological, functional, spectral, and nonlinear-dynamics
descriptors—captures hypertension-related physiological changes more effectively and
transparently than raw-signal analysis alone. This work makes three contributions: (1) we
develop a structured pipeline that extracts 124 PPG features across 12 physiological do-
mains, including functional decomposition and composite clinical indices. (2) we evaluate
the methodology on two datasets: PPG-BP [24] (657 segments, 4 classes) for benchmarking
and PulseDB [25] (283,773 segments, 3 classes) to assess scalability and generalizabil-
ity. (3) We show that classical machine-learning models (notably LightGBM) trained on
engineered features achieve more balanced multi-class performance than raw-signal deep-
learning models, and that specialized neural architectures (e.g., Residual Multi-Layer
Perceptron (MLP)) can effectively leverage these features at scale. It is important to note
that our evaluation focuses on the calibration-based (personalized) scenario, where the
model is tested on new segments from subjects whose data were partially seen during
training. This reflects a realistic deployment model for wearable devices that can be briefly
calibrated per user. Accordingly, we employ a segment-level train/test split for both
datasets, following the calibration-based protocol defined for PulseDB [25] and aligning
with prior work on the PPG-BP dataset.

The remainder of the paper is organized as follows: Section 2 describes the datasets
and methodology; Section 3 presents the results; Section 4 discusses implications and
relates findings to prior work; and Section 5 concludes and outlines future directions.

2. Materials and Methods
We developed and validated a machine-learning pipeline for BP staging from pho-

toplethysmography (PPG) using a multi-dataset design. The methodology encompassed
four main components: (1) utilization of two complementary datasets with different char-
acteristics, (2) advanced pulse wave processing using functional decomposition, (3) com-
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prehensive feature extraction across 12 physiological domains, and (4) implementation of
optimized classification architectures. We used a dual-dataset strategy—PPG-BP (657 seg-
ments, 4 classes) and PulseDB (283,773 segments, 3 classes)—to test generalization under
contrasting dataset sizes and class distributions (Figure 1).

 

Figure 1. Methodology diagram illustrating the complete pipeline.

2.1. Datasets

Two datasets were used. The PPG-BP dataset [24] contains 657 segments. Segments
are distributed across four classes: Normal (36.5%), Prehypertension (38.8%), Hypertension
Stage 1 (15.5%), and Hypertension Stage 2 (9.2%). The JNC 7 classification was adopted
(Table 2) [26].

Table 2. JNC 7 Blood pressure classification.

Systolic Blood Pressure
(mmHg)

Diastolic Blood Pressure
(mmHg)

Normal (N) <120, and <80
Prehypertension (PHT) 120–139, or 80–89

Hypertension Stage 1 (HT-1) 140–159, or 90–99
Hypertension Stage 2 (HT-2) ≥160, or ≥100

The second dataset, PulseDB, is a large curated dataset designed for benchmarking cuf-
fless BP estimation methods. PulseDB is derived from the MIMIC-III Waveform Database
Matched Subset and the VitalDB database. Height, weight, and Body Mass Index (BMI) are
available only for VitalDB-derived segments, which were used in this study. The dataset
includes raw PPG signals with a sampling rate of 125 Hz. The dataset contains 283,773 seg-
ments. Segments are distributed across three classes: Normal (56.7%), Prehypertension
(27.5%), and Hypertension (15.8%). The classes were defined from Table 2, where Stage 1
and Stage 2 of hypertension were combined under the hypertension class.
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We used two complementary datasets to evaluate the proposed methodology under
contrasting conditions: PPG-BP (657 segments, 4 classes) and PulseDB (283,773 segments,
3 classes). We adopt a segment-level train/test split following the calibration-based testing
protocol explicitly supported by the dataset creators. In this protocol, training and testing
sets share subjects but use different segments from those subjects, simulating a personalized
monitoring scenario where a device is calibrated using some data from an individual and
then evaluated on unseen data from the same individual. This approach is appropriate
for our goal of assessing intra-subject BP tracking and leverages PulseDB’s large, diverse
subject pool to mitigate overfitting risk. For the PPG-BP dataset, a segment-level split
is necessitated by practical constraints: the dataset contains only 657 segments across
four classes with severe imbalance. A subject-level split would be infeasible as it would
dramatically reduce training data, particularly for minority classes (e.g., Hypertension
Stage 2 has only ~60 segments). Moreover, the vast majority of prior studies using this
dataset (see Table 1) have employed segment-level splits, and maintaining this protocol
enables direct and fair comparison with published baselines. Our feature-based approach,
which extracts 124 physiologically meaningful features, reduces the risk of subject-specific
overfitting compared to raw-signal deep learning models.

2.2. Pulse Wave Processing

Numerous pulse-wave processing methods have been proposed, each with distinct
advantages and limitations. Recently, functional-decomposition approaches have been
introduced that use mathematical basis functions to describe pulse-wave phases [27–29].
The pulse wave is partitioned into three regions (Figure 2). These regions correspond to the
neighborhood of the local maximum, the rising phase, and the falling phase.

Figure 2. The pulse waveform (one period) recorded on the finger.

The function F describes the area surrounding maximum:

F(tn) = F
(
∑m+p

n=m−p ∆τn

)
=

∣∣∣∣An − An−1

∆τn

∣∣∣∣ (1)

where ∆τi is the step duration, m denotes the step index corresponding to the local maxi-
mum, and p is an integer coefficient (default: p = 2)
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The function Ψ describes the falling (decay) area:

Ψ(t) = Am

(
e

−t.p
(n−m)∆τk

(n − m)(Ak−1 − Ak)

p

)
(2)

where the following restrictions are imposed on the values of t: τm < t, τk−1 ≤ t < τk. k is
the number of the decline step.

The function Φ describes the rising area:

Φi(t) = ∑mi
n=ki

(
An(t)∑mi−ki+1

j=1

( ∆τ j+ki−1 · p
∆Tmi (mi − 1)

)j
)

(3)

where n denotes the step index corresponding to the local maximum, ∆τn is the step dura-
tion, An is the signal amplitude at step n, and ∆Tmi is the total duration of the rising edge.

2.3. Feature Extraction and Selection

A feature extraction pipeline was implemented across 12 physiological domains. Mor-
phological features quantified pulse waveform characteristics including amplitude, slope,
area, and timing parameters. Functional decomposition applied mathematical modeling,
generating F, Φ, and Ψ functions representing different aspects of vascular dynamics [29].
Temporal analysis captured heart rate variability and cycle duration patterns. Spectral
features were derived via Welch’s power spectral density estimation, characterizing har-
monic structure and frequency distribution [9]. Nonlinear dynamics were assessed through
approximate entropy [30], detrended fluctuation analysis [31], Poincaré plot metrics [32],
and recurrence quantification analysis [33]. All preprocessing and feature selection were
fitted on the training data only and applied to validation/test data without refitting. The
12 physiological domains are:

1. Basic morphology (26 features): These features capture fundamental PPG waveform
shape characteristics related to cardiac ejection and vascular properties.

2. Function-based (15 features): These features are derived from functional decomposi-
tion using basis functions (F, Φ, Ψ) that represent distinct physiological components.

3. Temporal-domain analysis (4 features): These features characterize timing relation-
ships within and between cardiac cycles.

4. Beat-to-beat analysis (7 features): These features quantify the stability and consistency
of waveform characteristics across consecutive pulses.

5. Velocity and acceleration analysis (11 features): These features analyze the first, second,
and third derivatives of the PPG signal to characterize hemodynamic dynamics.

6. Frequency-domain analysis (8 features): These features decompose the PPG signal
into frequency components to capture periodic patterns and harmonics.

7. Nonlinear dynamics (8 features): These features quantify irregularity, unpredictability,
and self-similarity in PPG signals.

8. Inter-beat comparison (7 features): These features quantify beat-to-beat similarity and
variation in pulse-wave shape.

9. Vascular compliance (7 features): These features estimate arterial stiffness using
pulse-wave-velocity proxies and reflection characteristics.

10. Composite clinical indices (5 features): These features combine multiple signal charac-
teristics into clinically interpretable indices.

11. Engineered features (22 features): These features combine signal-derived characteris-
tics with demographic variables using domain knowledge.

12. Demographics and heart rate (4 features): These features include age, sex, BMI, and
heart rate, which provide context for interpretation and normalization.
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2.4. Classification of BP Stages

PPG-BP: We applied a comprehensive machine-learning pipeline with rigorous prepro-
cessing. The initial dataset contained 657 samples with 124 features across four imbalanced
classes. Preprocessing included removing constant features, handling infinite/missing val-
ues (dropping 15 features with >50% missingness), removing 44 highly correlated features
(threshold 0.95), selecting the top 28 features via ANOVA F-test [34]. The choice of ANOVA
F-test for feature selection was motivated by its simplicity, computational efficiency, and
low risk of overfitting on this moderate-sized dataset (657 samples, 124 features). Unlike
embedded or wrapper methods, which can easily overfit when the sample size is limited,
ANOVA is a filter method that selects features independently of the subsequent model,
providing a stable ranking. Importantly, feature selection was performed inside each cross-
validation fold using only the training data, thereby preventing any data leakage. The
final set of 28 features yielded good predictive performance (F1 = 0.78 for the full model),
confirming that the filter approach captured relevant information effectively.

After this feature selection, all retained features are scaled using RobustScaler (from
scikit-learn 1.6.1) for outlier robustness. Critically, all transformations are fitted exclusively
on the training data (via the fit method) and then applied to both training and test sets
(via transform), ensuring no information from the test set contaminates the preprocessing
parameters. We addressed class imbalance using class weights, assigning higher weights
to the minority classes (Hypertension Stage 1: 1.610; Hypertension Stage 2: 2.737). The
modeling approach compared three traditional algorithms—Random Forest, Gradient
Boosting, and LightGBM—against four neural network architectures including standard
MLP, Deep MLP, attention and simple networks. We evaluated all models using 5-fold
stratified cross-validation and an 80/20 train–test split; primary metrics were macro-F1, ac-
curacy, and per-class precision/recall/F1. Model evaluation was performed using stratified
5-fold cross-validation at the segment level, ensuring that each fold maintained the original
class distribution. All preprocessing steps (feature selection, scaling, etc.) were fitted on the
training folds only and applied to validation folds without refitting to prevent data leakage
within the cross-validation procedure. For the final model evaluation, a held-out test set
was created using the same segment-level principle. Neural networks incorporated class
weighting, batch normalization, dropout regularization, and early stopping with learning
rate reduction to prevent overfitting.

PulseDB: We used 283,773 samples with the original feature set across three diagnostic
classes: Normal (N), Prehypertension (PHT), and Hypertension (HT). The dataset exhibited
significant class imbalance (56.7% N, 27.5% PHT, 15.8% HT). The preprocessing pipeline
included missing value imputation using median values, removal of constant and highly
correlated features (>0.95 correlation), and a two-stage feature selection process combining
VarianceThreshold and SelectKBest to select the top 48 features. All transformations were
fitted exclusively on training data and then applied to validation/test sets to prevent data
leakage, followed by feature standardization using StandardScaler. Additionally, class
weights were applied to mitigate class imbalance.

The Residual MLP (Figure 3) used ResNet-inspired residual connections, enabling
deeper networks without vanishing gradients. The network featured two residual blocks
(128 and 64 units respectively) with skip connections, BatchNorm layers, and Dropout
regularization (0.3), culminating in a three-unit softmax output layer. This design contained
81,987 trainable parameters. In contrast, the Wide & Deep model (Figure 4) employed
a hybrid architecture combining linear transformations (64 → 32 units) in its wide path
with non-linear transformations (128 → 96 → 64 units) in its deep path, followed by
concatenation and joint processing, totaling 36,867 trainable parameters.
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Figure 3. Residual MLP model architecture.

 

Figure 4. Wide & Deep model architecture.

Both models employed identical training protocols using the AdamW optimizer
(from TensorFlow 2.19) with learning rate 0.001, weight decay 0.0001, and a batch size of
384 samples. Training incorporated early stopping with a patience of 20 epochs based on
validation accuracy and learning rate reduction on plateau. The models trained for up
to 120 epochs, with 10% of training data reserved for validation and 20% of the original
dataset held out for testing. Evaluation considered accuracy and macro-F1 score as primary
metrics, supplemented by per-class precision, recall, inference time, parameter counts,
confusion matrices, and training curves.

3. Results
3.1. Results of Classification BP Stages

PPG-BP: Preprocessing reduced the feature set from 124 to 28 while preserving dis-
criminative power. Cross-validation revealed LightGBM as the most stable performer
(Accuracy: 0.74, macro-F1: 0.78), followed by Gradient Boosting (Accuracy: 0.73, macro-F1:
0.735) and Random Forest (Accuracy: 0.70, macro-F1: 0.706). On the test set, LightGBM
achieved accuracy = 0.74 and macro-F1 = 0.78. All evaluated neural network architectures
underperformed (Figure 5, Table 3); the best model (MLP) achieved a test macro-F1 of 0.483.
LightGBM achieved HT-1 F1 = 0.78; HT-2 F1 = 0.92, although the HT-2 test set contained
only 12 samples (Tables 4 and 5). A weighted ensemble of the four models (Random Forest,
Gradient Boosting, LightGBM, ML) yielded 0.75 macro-F1, improving upon individual
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Random Forest and Gradient Boosting but not surpassing LightGBM alone (Table 4). The
confusion matrix (Figure 6) shows limited misclassification; most errors occur between the
majority classes (N and PHT), suggesting overlap in their feature distributions.

  
(a) (b) 

Figure 5. (a) Training and validation loss of DL models; (b) Training and validation accuracy of
DL models.

Table 3. Macro-F1 performance of models.

Models Macro-F1

LightGBM 0.782
Ensemble model 0.750

Gradient Boosting 0.735
Random Forest 0.706

MLP 0.483
Attention NN 0.476

Deep MLP 0.238
Simple NN 0.203

Table 4. Classification report for LightGBM (best model).

Precision Recall F1-Score Support

Normal (N) 0.76 0.71 0.73 48
Prehypertension (PHT) 0.67 0.73 0.70 51

Hypertension Stage 1 (HT-1) 0.80 0.76 0.78 21
Hypertension Stage 2 (HT-2) 0.92 0.92 0.92 12

Accuracy 0.74 132
Macro avg 0.79 0.78 0.78 132

Weighted avg 0.75 0.74 0.74 132

Table 5. F1-score performance for LightGBM.

LightGBM Model F1-Score

Normal (N) 0.73
Prehypertension (PHT) 0.70

Hypertension Stage 1 (HT-1) 0.78
Hypertension Stage 2 (HT-2) 0.92
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Figure 6. Confusion matrix of best model (LightGBM).

To quantify the uncertainty of the HT-2 F1 score due to the small sample size (n = 12
in the test set), we computed a bootstrap 95% confidence interval using 1000 resamples of
the test set. The resulting interval is [0.762, 1.000], indicating that while the point estimate
(0.92) is high, there is considerable variability. This underscores the need for validation
on larger cohorts with more HT-2 samples. For completeness, we also report the 5-fold
cross-validation mean and standard deviation for LightGBM: macro F1 = 0.648 ± 0.024,
HT-2 F1 = 0.542 ± 0.120, they are lower, as expected, because each fold uses less training
data (80% of the training set) and the validation sets are also smaller. These values reflect
the model’s stability across different training/validation splits and complement the test
set evaluation.

PulseDB: The Residual MLP achieved higher accuracy (0.81 vs. 0.75) and macro-F1
(0.79 vs. 0.72) than the Wide & Deep model (Tables 6 and 7). Examining per-class perfor-
mance, the Residual MLP showed high precision for Normal cases (0.92) with recall (0.85),
moderate precision for PHT cases (0.68) with recall (0.75), and balanced precision/recall
for HT cases (0.74/0.80). The Wide & Deep model demonstrated similar high precision
for Normal cases (0.90) with recall (0.79), along with lower precision for PHT (0.61) and
HT (0.62) cases.

Table 6. Classification report for Residual MLP model.

Precision Recall F1-Score Support

Normal (N) 0.92 0.85 0.88 32,084
Prehypertension (PHT) 0.68 0.75 0.71 15,588

Hypertension (HT) 0.74 0.80 0.77 8942
Accuracy 0.81 56,614

Macro avg 0.78 0.80 0.79 56,614
Weighted avg 0.82 0.81 0.82 56,614

Table 7. Classification report of Wide & Deep model.

Precision Recall F1-Score Support

Normal (N) 0.90 0.79 0.84 32,084
Prehypertension (PHT) 0.61 0.66 0.63 15,588

Hypertension (HT) 0.62 0.80 0.70 8942
Accuracy 0.75 56,614

Macro avg 0.71 0.75 0.72 56,614
Weighted avg 0.78 0.75 0.76 56,614
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The confusion matrix (Figure 7) indicates that the Residual MLP correctly classified
27,252 Normal cases, 11,625 PHT cases, and 7172 HT cases, supporting consistent per-
formance across classes. The Wide & Deep model showed significantly more confusion
between classes, particularly misclassifying PHT as N (Figure 8). Training dynamics fur-
ther differentiated the models: the Residual MLP achieved peak validation accuracy of
0.81 at epoch 79 with smooth learning curves indicating stable convergence, while the
Wide & Deep model reached 0.76 validation accuracy (Figure 9). The code is available on
GitHub [35].

Figure 7. Confusion matrix of Residual MLP model.

Figure 8. Confusion matrix of Wide & Deep model.

 
(a) (b) 

Figure 9. (a) Training and validation loss of Residual MLP and Wide & Deep models; (b) Training
and validation accuracy of Residual MLP and Wide & Deep models.
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3.2. Feature Contribution Analysis

To quantify the relative contribution of different feature categories, we performed an
ablation study using the same train/test split and LightGBM model on feature subsets
derived from the original 124 features. Table 8 summarizes the macro F1 scores for each
subset. The results show:

• Engineered features alone achieve F1 = 0.911, substantially outperforming all other
subsets. This indicates that the majority of predictive power resides in features that
combine PPG morphology with demographic interactions.

• PPG-only features achieve only F1 = 0.384, confirming that raw PPG characteristics
alone are insufficient for reliable multi-class staging.

• Demographics alone (HeartRate) perform poorly (F1 = 0.393), demonstrating that the
model does not rely on simple demographic shortcuts.

• The full set (F1 = 0.757) is slightly lower than engineered-only, suggesting that raw
PPG features may introduce noise when combined with the already highly predictive
engineered set.

Table 8. Ablation study results—Macro F1 for different feature subsets.

Feature Subset F1 Macro

PPG only 0.384
Demographics only 0.393

Engineered only 0.911
PPG + demographics 0.396

PPG + engineered 0.707
PPG + demographics + engineered 0.757

These results demonstrate that engineered features are the dominant contributor
to predictive performance, while raw demographics contribute negligibly. Critically, all
engineered features were constructed without using any blood pressure values, confirming
they capture genuine physiological relationships.

3.3. Feature Importance and SHAP Analysis

To identify the most informative features and understand their physiological role,
we performed SHAP (SHapley Additive exPlanations) analysis on the best-performing
LightGBM model. Figure 10 shows the SHAP summary plot (beeswarm) for all four classes,
and Figure 11 displays the mean absolute SHAP values per feature (global importance).
Table 9 lists the top-10 features ranked by global importance, together with their domain
and physiological interpretation.

The SHAP analysis also reveals which features are most influential for each class
(Figure 10, right panel):

• Normal (N) class: HeartRate and Morph_mean_area_diastolic are most influential—
normal subjects show distinct heart rate and diastolic patterns.

• Prehypertension (PHT): Morph_avg_mean_ppgs and HeartRate dominate—early BP
elevation manifests in amplitude changes.

• Hypertension Stage 1 (HT-1): Morph_mean_area_diastolic and Eng_CV_Stress_Index
become prominent—arterial stiffness and autonomic stress emerge.

• Hypertension Stage 2 (HT-2): Morph_avg_mean_ppgs and Morph_mean_area_diastolic
are key—severe hypertension is characterized by pronounced morphological alterations.
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Figure 10. The SHAP summary plot (beeswarm) for all four classes of model LightGBM.

 
Figure 11. Mean absolute SHAP values per feature for all four classes of model LightGBM.

Complementing the SHAP analysis, Figure 12 shows the top-10 features ranked by
LightGBM’s built-in importance (gain). The most important features are Eng_CV_Stress_
Index (723), Eng_BMI_x_HarmonicRatio (634), Eng_Age_x_HeartRate (470), and HeartRate
(368), further confirming that engineered features dominate predictive power.
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Table 9. Top-10 most important features by mean (SHAP).

Rank Feature Mean |SHAP| Domain Physiological Role

1 Eng_CV_Stress_
Index 2.6 Engineered

Reflects autonomic nervous system
balance; elevated values indicate

sympathetic dominance, a hallmark
of hypertension.

2 Eng_Age_x_
HeartRate 1.8 Engineered captures the combined effect of vascular

aging and chronotropic status.

3 Eng_BMI_x_
HarmonicRatio 1.6 Engineered relates to arterial stiffness and

obesity-related cardiovascular changes.

4 Spec_total_
harmonic_distortion 1.3 Spectral

Measures harmonic complexity of the PPG
waveform; increased distortion reflects
pulse wave reflections from stiff arteries

5 Func_F_mean 1 Functional
Mean value of the function (F); quantifies
the steepness of systolic upstroke, related

to cardiac contractility.

6 HeartRate 1 Demographic Resting heart rate; elevated heart rate is a
known cardiovascular risk factor.

7 Eng_Age_x_THD 0.9 Engineered
Age interaction with total harmonic

distortion; captures age-related
vascular changes.

8 Eng_Dipping_Auto-
nomic_Function 0.9 Engineered Proxy for nocturnal BP dipping; reflects

autonomic regulation.

9 Morph_mean_
area_diastolic 0.7 Morphological

Area under the diastolic portion of the
PPG pulse; increased area indicates higher

peripheral resistance.

10 Comp_waveform_
complexity 0.6 Composite Overall waveform complexity index

Figure 12. Top-10 features ranked by LightGBM’s built-in importance (gain).

4. Discussion
We evaluated a feature-engineered machine-learning pipeline for BP staging using a

two-dataset design to address common limitations in prior work. On the PPG-BP dataset,
LightGBM outperformed the neural network models, suggesting that gradient-boosted
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trees are well suited to engineered-feature classification. Neural network underperfor-
mance may reflect insufficient training data for reliable parameter estimation despite
regularization. Feature selection proved crucial: the 28 retained features—particularly the
composite engineered features—provided good predictive signal. The effective handling
of class imbalance through weighting strategies is evidenced by the acceptable minority
class performance, indicating that imbalance correction methods transferred well across
algorithm types. Interestingly, increasing neural network complexity through attention
mechanisms did not yield improvements, suggesting either inadequate architectural design
or that the attention mechanisms failed to capture meaningful feature relationships for
this specific problem. These findings highlight that for moderate-sized, tabular biomedical
datasets with engineered features, traditional gradient boosting methods may outperform
more complex neural architectures, offering both computational efficiency and superior
predictive accuracy. Future work should investigate whether expanded datasets or different
neural architectures could bridge this performance gap while maintaining interpretability.

For PulseDB dataset: While the Wide & Deep model used 55% fewer parameters and
demonstrated 7.4% faster inference (12,124 vs. 10,776 samples/second), the Residual MLP
achieved substantially higher accuracy (0.81 vs. 0.75) and F1 score (0.79 vs. 0.72) despite
on training time (255.0 vs. 287.5 s). The superior performance of the Residual MLP can be
attributed to its residual connections facilitating gradient flow in deeper networks, skip
connections preserving important feature representations, batch normalization stabilizing
training, and strategic dropout preventing overfitting while maintaining network capacity.

The adjusted class weights proved crucial for minority class performance, with weights
of 0.59 for N, 1.21 for PHT, and 2.11 for HT. This weighting strategy, combined with the
Residual MLP’s architecture, enabled balanced learning across all three classes despite the
3.6:1.7:1 imbalance ratio (56.7% N, 27.5% PHT, 15.8% HT). The Residual MLP achieved an
overall accuracy of 0.81 and F1 score of 0.79, suggesting reasonable performance across
classes. The Wide & Deep model’s underperformance (0.75 accuracy) may indicate that its
linear (wide) pathway lacks sufficient complexity for this imbalanced medical classification
task, or that the architecture balance requires more careful tuning for this specific dataset.

4.1. Label Stability and Clinical Reliability

The stability and clinical reliability of the segment labels are strongly supported by
the rigorous data acquisition and quality control protocols described in [24,25]. For the
PPG-BP dataset: Data were collected under controlled experimental conditions in a hospital
setting. Participants rested for 10 min before recording to minimize motion artifacts and
physiological variability. Arterial blood pressure was measured using the Omron HEM-
7201, a device validated according to the European Society of Hypertension International
Protocol, providing a clinically accepted reference. Signal quality was ensured during
acquisition through real-time computation of the Skewness Signal Quality Index (SSQI);
only segments with SSQI > 0 were saved. After collection, additional data integrity and
availability screening removed records with missing or abnormal values. Each subject
contributed three 2.1-s segments, and the segment with the highest SSQI was labelled as
“high quality”. The availability of three segments per subject allows researchers to select
the most reliable waveform, further enhancing label reliability [24].

For the PulseDB dataset: Systolic and diastolic blood pressure values are derived from
gold-standard intra-arterial blood pressure (ABP) waveforms, averaged over 10-s segments
(8–15 cardiac cycles). This averaging reduces beat-to-beat variability and provides a stable
estimate of the subject’s BP during that period. Stringent quality control ensures that
segments are retained only if: (1) the cross-correlation between aligned PPG and ABP
signals exceeds 0.9, ensuring morphological similarity; (2) the skewness signal quality
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index (SSQI) of the PPG is non-negative; (3) no saturation, flatlining, or invalid samples are
present; and (4) at least one complete cardiac cycle is detected. Validation using the method
of Orphanidou et al. shows that 95.9% of PPG segments and 94.3% of ECG segments satisfy
strict quality criteria, despite the challenging ICU environment [25].

Implications for multiclass staging: The JNC 7 thresholds (e.g., 120/80, 140/90,
160/100 mmHg) are spaced sufficiently far apart that normal physiological fluctuations
(e.g., respiratory variation, Mayer waves) rarely cause misclassification when BP is av-
eraged over 10 s. The strong predictive performance of engineered features (F1 = 0.911
on PPG-BP) would be impossible if the segment labels were unstable or random. The
meaningful SHAP patterns (e.g., diastolic area, heart rate) further confirm that the model
learns genuine physiological relationships. Although BP in ICU patients (PulseDB) can
fluctuate due to medications or interventions, this variability actually provides a rigorous
test of the model’s ability to track BP changes across a wide dynamic range. For clinical
deployment, aggregating predictions over multiple segments (e.g., majority voting over
1-min windows) can further enhance stability.

In summary, both datasets employ clinically validated reference measurements and
multi-stage quality control, ensuring that the segment labels are stable and clinically reliable
for multiclass hypertension staging.

4.2. Clinical Utility and Error Costs

The proposed framework has potential clinical utility as a screening tool for iden-
tifying individuals at risk of hypertension, prompting confirmatory cuff measurements.
It could also enable longitudinal monitoring after a brief initial calibration, for example
in wearable devices. In such applications, the costs of different types of errors must be
considered: a false negative (missed hypertension) could delay treatment and lead to
adverse outcomes, whereas a false positive may cause unnecessary anxiety and follow-up
visits. The model’s high recall for HT-2 (0.92) is therefore desirable, as it minimizes the
risk of missing severe hypertension. If needed, the classification threshold can be adjusted
to prioritize sensitivity or specificity depending on the clinical context (e.g., population
screening vs. confirmatory diagnosis).

4.3. Limitations and Future Work

A key limitation of this study is the small sample size of the HT-2 class in the PPG-
BP dataset, which leads to uncertainty in the reported F1 score despite the bootstrap
confidence interval for the HT-2 F1 score ([0.762, 1.000]). While the cross-validation re-
sults (macro F1 = 0.648 ± 0.024) demonstrate internal consistency, the test set performance
(macro F1 = 0.78) may be optimistic due to the limited sample size. Future work should
validate the model on larger, multi-centre cohorts with more balanced class distributions,
particularly for severe hypertension. Additionally, the lower cross-validation macro mean
compared to the test set suggests that the model benefits from the full training data; we
plan to explore data augmentation or transfer learning to further improve generalization.
Furthermore, while we have demonstrated that our feature-based approach outperforms
raw-signal deep learning models on this dataset, a fully equal comparison would require
training deep networks on the same data with rigorous leakage prevention—a challeng-
ing task given the limited sample size. Nevertheless, the good performance on the large
PulseDB dataset (F1 = 0.79) suggests that our features are robust and scalable. Future work
will explore external validation, integration with wearable sensors, and prospective studies
to assess clinical impact.

The second limitation is that this study used a segment-level split rather than a subject-
level split. We acknowledge that this evaluation protocol may lead to more optimistic
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performance estimates because segments from the same subject can share similar charac-
teristics. This was a deliberate choice aligned with our research focus on intra-subject BP
tracking and, for PulseDB, follows the dataset’s calibration-based protocol. However, cross-
subject generalization remains an important direction for clinical deployment. For PulseDB,
we plan to extend our evaluation to the calibration-free (subject-level) testing sets provided
by the dataset. For the PPG-BP dataset, subject-level validation would be desirable but is
currently infeasible due to dataset limitations; future work should include validation on
larger datasets with subject identifiers to assess generalization to unseen individuals.

5. Conclusions
This study demonstrates the feasibility of comprehensive multi-domain feature ex-

traction from PPG for hypertension stage classification. The developed computational
framework successfully transforms raw optical signals into physiologically interpretable
features across morphological, functional, spectral, nonlinear, and clinically engineered
domains. The resulting dataset provides a rich resource for developing machine learn-
ing models for non-invasive blood pressure assessment. By bridging signal processing
innovations with clinical hypertension knowledge, this work advances toward accessible,
continuous cardiovascular monitoring solutions with potential to transform hypertension
screening, diagnosis, and management. Further validation and refinement may support
PPG-based classification as an adjunct to traditional blood pressure measurement in clinical
and community settings.

This study presented a robust, physiologically informed machine learning framework
for the multi-class classification of blood pressure stages from PPG signals, effectively
addressing critical limitations prevalent in existing literature. Departing from the common
trend of using raw PPG signals as direct input to complex, opaque deep learning models,
our approach was anchored in comprehensive feature engineering, extracting and selecting
biomarkers across 12 domains—including morphological, spectral, nonlinear, and clinical
composite features. This design improves transparency and helps mitigate overfitting and
common sources of data leakage reported in prior studies.

The efficacy of the framework was demonstrated through a strategic dual-dataset
validation strategy. On the standard PPG-BP benchmark (4 classes), our pipeline, powered
by LightGBM, achieved acceptable performance (0.78 macro-F1), compares favorably
with prior reports under similar protocols while demonstrating robustness in classifying
minority hypertension stages. These results suggest that a feature-based approach can
outperform raw-signal models on small, imbalanced datasets. Furthermore, the successful
scalability and generalization of our method were confirmed on the large-scale PulseDB
dataset (3 classes), where a tailored Residual MLP architecture maintained high accuracy
(0.81) and balanced performance across classes, showcasing the adaptability of our core
feature set to different data volumes and clinical staging protocols. Ablation and SHAP
analyses confirmed that engineered features combining PPG interactions of different feature
domains are the primary drivers of predictive performance, validating our physiologically
grounded feature engineering strategy and providing clear interpretability.

In summary, this work establishes that a principled, feature-centric pipeline coupled
with rigorous preprocessing and imbalance handling offers a more reliable, interpretable,
and clinically actionable pathway for cuffless BP staging than end-to-end deep learning on
limited data. The consistent high performance across two disparate datasets underscores
the transferable value of the engineered physiological features. Future work will validate
the pipeline on additional datasets and extend the feature set to better capture dynamic
cardiovascular regulation for personalized hypertension management.
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