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Abstract

Hypertension, a leading risk factor for cardiovascular diseases, poses a significant
global health challenge. Early detection is critical, as it enables timely interven-
tion and reduces the incidence of stroke, myocardial infarction, and other seri-
ous complications. Traditional blood pressure (BP) monitoring methods rely on
intermittent cuff-based measurements, which, although accurate, are uncomfort-
able and unsuitable for continuous tracking. In contrast, photoplethysmography
(PPG) is a non-invasive, low-cost optical technique that supports wearable-based
monitoring and facilitates continuous data acquisition in everyday settings. This
doctoral thesis investigates the application of artificial intelligence (AI) meth-
ods—specifically, machine learning (ML) and deep learning (DL)—to assess hy-
pertension risk from PPG signals, with the long-term objective of enabling cuf-
fless, continuous, and personalized BP monitoring.

The research is based on retrospective data from the publicly available MIMIC
database and focuses on the binary classification of individuals into hyperten-
sive and non-hypertensive groups. Two main approaches are explored: an ML
pipeline using hand-crafted features, such as Pulse Arrival Time (PAT), extracted
from PPG and ECG signals; and a DL approach relying exclusively on PPG sig-
nals, where continuous wavelet transform (CWT) is used to obtain time—frequency
representations that are fed into pretrained convolutional neural networks such
as GoogleNet and ResNet. The DL-based approach demonstrated key advan-
tages in terms of automation, scalability, and independence from additional biosig-
nals, making it more practical for real-world deployment.

Beyond performance evaluation, the thesis addresses critical aspects of clini-
cal applicability. The effect of subject-specific model calibration using reference
BP values was investigated, revealing that even a single reference measurement
significantly enhances classification accuracy, particularly for unseen subjects.
Further improvements were observed with repeated or temporally close calibra-
tions, emphasizing the value of periodic calibration in long-term use. Moreover,
downsampling the PPG signals—simulating the lower sampling rates typical of
commercial wearables—did not degrade classification performance, reinforcing
the feasibility of integration into existing technologies.
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A distinctive contribution of this work lies in its focus on hypertension risk
classification instead of direct BP estimation. This shift aligns with preventive
and personalized medicine paradigms by enabling the identification of individ-
uals in prehypertensive or early hypertensive stages. The binary classification
framework also ensures that each individual is assigned a risk label, minimizing
diagnostic uncertainty and improving clinical interpretability.

In summary, the results of this thesis demonstrate the potential of Al-driven
systems for continuous hypertension risk assessment based solely on PPG sig-
nals. While most current wearable devices are not yet certified for clinical BP es-
timation, this work provides a foundation for future cuffless, non-invasive, and
patient-friendly monitoring solutions with real-world applicability.



Resumen

La hipertensién, uno de los principales factores de riesgo para enfermedades car-
diovasculares, representa un importante desafio para la salud ptblica a nivel
global. Su deteccion precoz es fundamental, ya que permite una intervenciéon
oportuna y reduce significativamente la incidencia de ictus, infarto de miocar-
dio y otras complicaciones graves. Los métodos tradicionales de monitorizaciéon
de la presion arterial (PA) se basan en mediciones intermitentes mediante man-
guito, que si bien son precisas, resultan incomodas y no son adecuadas para un
seguimiento continuo. En cambio, la fotopletismografia (PPG) es una técnica
Optica no invasiva y de bajo coste que permite la monitorizacién mediante dis-
positivos portatiles, facilitando asi la adquisicién continua de datos en la vida
diaria. Esta tesis doctoral investiga la aplicacién de métodos de inteligencia ar-
tificial (IA), en particular aprendizaje automatico (ML) y aprendizaje profundo
(DL), para la estimacién del riesgo de hipertension a partir de sefiales PPG, con
el objetivo a largo plazo de habilitar una monitorizacién continua, personalizada
y sin manguito.

El estudio se basa en datos retrospectivos procedentes de la base de datos
publica MIMIC, y se centra en la clasificacién binaria de individuos en grupos
hipertensos y no hipertensos. Se abordan dos enfoques principales: una estrate-
gia basada en ML con caracteristicas extraidas manualment, como el tiempo de
llegada del pulso (PAT), a partir de sefiales de PPG y ECG; y un enfoque DL
basado exclusivamente en sefiales PPG, en el que se aplica la transformada con-
tinua de wavelet (CWT) para obtener representaciones tiempo-frecuencia que se
utilizan como entrada de redes neuronales convolucionales preentrenadas como
GoogleNet y ResNet. Este segundo enfoque mostr6 ventajas destacables en tér-
minos de automatizacién, escalabilidad e independencia de otras sefiales fisiol6g-
icas, lo que lo hace especialmente prometedor para su aplicacién préctica.

Ademads del anélisis del rendimiento de los modelos, la tesis aborda aspec-
tos clave para su aplicabilidad clinica. Se estudi6 el impacto de la calibracién
del modelo mediante valores de referencia de PA, observandose que incluso una
tnica medida de referencia mejora significativamente la precisiéon de la clasi-
ficacién, especialmente en sujetos no incluidos durante el entrenamiento. Es-
tas mejoras se acenttian cuando la calibracién se repite o se realiza en ventanas
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temporales préximas, subrayando la importancia de la calibracién periédica en
contextos de uso prolongado. Por otro lado, la reduccién de la frecuencia de
muestreo de las sefiales PPG, simulando las limitaciones tipicas de los disposi-
tivos comerciales, no degrad6 el rendimiento del sistema, lo que refuerza su via-
bilidad de implementacion.

Una aportacién distintiva de este trabajo es su enfoque en la clasificacién del
riesgo de hipertension, en lugar de la estimacién directa de valores de PA. Este
cambio se alinea con las tendencias actuales en medicina preventiva y personal-
izada, al permitir la identificacién de individuos en estados prehipertensivos o
con hipertensién incipiente. Ademads, el marco de clasificaciéon binaria garantiza
que cada individuo reciba una etiqueta de riesgo, lo que reduce la ambigtiedad
diagnéstica y mejora la utilidad clinica del sistema.

En resumen, los resultados de esta tesis demuestran el potencial de los sis-
temas basados en IA para la evaluacién continua del riesgo de hipertensién a
partir exclusivamente de sefiales PPG. Aunque muchos de los dispositivos llev-
ables actuales no estdn atin certificados para la monitorizacién clinica de la PA,
este trabajo contribuye de forma significativa al desarrollo de soluciones futuras
que sean comodas, escalables y adecuadas para una monitorizacién no invasiva
y sin manguito.



Resum

La hipertensi6, un dels principals factors de risc per a diverses malalties cardio-
vasculars, representa un repte important per a la salut ptblica a escala global.
La seua detecci6 precog és fonamental, ja que permet una intervencié oportuna
i redueix significativament la incidencia d’ictus, infarts de miocardi i altres com-
plicacions greus. Els metodes tradicionals de monitoratge de la pressié arterial
(PA) es basen en mesuraments intermitents amb maneguet, que, tot i ser pre-
cisos, resulten incomodes i no sén adequats per a una vigilancia continua. En
canvi, la fotopletismografia (PPG) és una técnica oOptica no invasiva i de baix cost
que permet el monitoratge mitjangant dispositius portatils, facilitant aix{ la recol-
lida continua de dades en la vida quotidiana. Aquesta tesi doctoral investiga 1'ts
de metodes d’intel ligeéncia artificial (IA), concretament d’aprenentatge automatic
(ML) i aprenentatge profund (DL), per a I’avaluaci6 del risc d"hipertensi6 a partir
de senyals PPG, amb 1’objectiu a llarg termini d’aconseguir un sistema de moni-
toratge continu, personalitzat i sense maneguet.

L’estudi es basa en dades retrospectives obtingudes de la base de dades ptblica
MIMIC, i se centra en la classificacié binaria dels subjectes en grups hipertensos i
no hipertensos. Es van explorar dos enfocaments principals: un sistema basat en
ML utilitzant caracteristiques extretes manualment, com ara el temps d’arribada
del pols (PAT), a partir de senyals de PPG i ECG; i un metode basat en DL que
utilitza Gnicament senyals PPG, en el qual s’aplica la transformada wavelet con-
tinua (CWT) per generar representacions temps-freqiiéncia, emprades per en-
trenar xarxes neuronals convolucionals preentrenades com GoogleNet i ResNet.
Aquest segon enfocament presenta avantatges clars en termes d’automatitzacio,
escalabilitat i independeéncia d’altres senyals fisioldgiques, cosa que el fa especial-
ment adequat per a aplicacions practiques reals.

A més d’analitzar el rendiment dels models, la tesi aborda aspectes fonamen-
tals per a la seua aplicabilitat clinica. En particular, s’ha avaluat I'impacte de la
calibracié dels models mitjangant valors de referencia de PA, observant-se que
fins i tot una sola mesura de referéncia millora notablement la precisi6 en la clas-
sificaci6, especialment en subjectes no inclosos durant 1’entrenament. Quan la
calibraci6 es repeteix o es realitza en una finestra temporal curta, el rendiment
encara millora més, destacant la importancia d'una calibracié perioddica per a un
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s fiable a llarg termini. A més, la reduccié de la freqiiencia de mostreig de les
senyals PPG —simulant les condicions dels dispositius comercials portatils— no
afecta negativament el rendiment, cosa que reforca la seua viabilitat.

Una altra contribucié destacada d’aquest treball és I’enfocament en la clas-
sificaci6 del risc d’hipertensié en lloc de la prediccié directa dels valors de PA.
Aquest canvi s’alinea amb les tendencies actuals en medicina preventiva i per-
sonalitzada, en permetre la identificaci6é d’individus en fases prehipertensives o
d’hipertensi6é primerenca. A més, 1'ds d'un esquema de classificacié binaria as-
segura que cada subjecte reba una etiqueta de risc clara, la qual cosa redueix
I'ambigtiitat diagnostica i augmenta la utilitat clinica del sistema.

En conclusié, els resultats d’aquesta tesi demostren el potencial dels sistemes
potenciats per IA per al monitoratge continu del risc d’hipertensié a partir ex-
clusivament de senyals PPG. Tot i que molts dels dispositius portatils actuals
encara no estan certificats per a la monitoritzacié clinica de la PA, aquest treball
suposa una contribucié important cap al desenvolupament de solucions futures
que siguen comodes, escalables i adequades per a una vigilancia no invasiva i
sense maneguet.
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1.1 Clinical motivation

Hypertension is a primary risk factor for a wide range of cardiovascular diseases,
including stroke, ischemic heart disease, heart failure, and peripheral arterial dis-
ease. Its early detection has been shown to prevent more deaths than any other
major risk factor modification. Early identification, diagnosis, and treatment of
hypertensive individuals are crucial before achieving effective blood pressure
(BP) control [1]. Regular BP monitoring is essential for the entire population,
with special emphasis on individuals previously diagnosed with hypertension,
as they are particularly vulnerable to elevated BP. Shockingly, more than 60% of
hypertensive patients continue to have uncontrolled hypertension. Out-of-office
monitoring offers the advantage of obtaining multiple readings over time, en-
abling early detection of asymptomatic individuals without acute target organ
damage and facilitating hypertension management [2].

Evidence suggests that early detection and screening for hypertension signif-
icantly reduce morbidity and mortality by facilitating timely treatment and pro-
moting healthier lifestyle choices. For instance, a community-based program in
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Canada reported a 9% reduction in hospitalizations due to cardiovascular con-
ditions following the introduction of regular BP screenings in pharmacies, com-
bined with educational initiatives targeting both patients and healthcare profes-
sionals [3]. However, the accuracy of such screening is critical, as false diagnosis
can lead to unnecessary psychological effects and waste of resources for both pa-
tients and the healthcare system [4].

For intermittent non-invasive BP measurement, the use of an occluding up-
per arm cuff is the gold standard due to its high accuracy. BP values can be ob-
tained manually, either by palpation or auscultation of Korotkoff sounds, or au-
tomatically using oscillometry methods based on pressure sensors. Continuous
non-invasive BP monitoring can be achieved using techniques such as arterial
applanation tonometry or the volume clamp method [5]. However, cuff-based
devices are uncomfortable and unsuitable for continuous measurements during
daily activities or exercise, as they require the user to keep their arm immobile
and possess knowledge of measurement procedures [6].

Recent advances in digital technology have led to the development of ro-
bust wearable BP monitoring sensors capable of capturing biomedical signals.
The ideal wearable device should be non-invasive, inconspicuous, compatible
with continuous use over periods ranging from minutes to months, lightweight,
energy-efficient, and adaptable to various activities and locations [7].

Given the challenges associated with BP measurement, there is a clear clin-
ical need for user-friendly devices capable of continuously and non-invasively
estimating BP. Such technologies would significantly improve both the early de-
tection of potential conditions in individuals with elevated BP who do not yet
exhibit hypertensive pathologies and the ongoing management of patients with
diagnosed hypertension. Continuous BP monitoring during daily activities is es-
sential in both cases, as it enables healthcare providers to assess the impact of
treatments effectively.

1.2 Initial hypothesis

Photoplethysmography (PPG) is an optical measurement technique that has been
used to create small, cost-effective sensors capable of monitoring changes in blood
volume within the microvascular bed of tissues. PPG waveforms provide valu-
able cardiovascular information for clinical physiological monitoring, including
blood oxygen saturation, blood pressure, heart rate variability, and pulse wave
velocity [8]. PPG sensors typically consist of red and infrared light-emitting
diodes (LEDs) and a photodetector. These sensors detect changes in reflected
light intensity, which correspond to blood volume changes in the tissue, thereby
providing cardiovascular information [9]. PPG is considered a promising and
economical technique, demonstrating a high correlation with arterial BP in both
the frequency and time domains [10].
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In recent years, artificial intelligence (Al) has been applied to estimate or dis-
criminate between BP levels. On the one hand, machine learning (ML) techniques
combine electrocardiography (ECG) and PPG signals, utilizing propagation the-
ory and parameters such as pulse transit time (PTT), pulse arrival time (PAT),
and pulse wave velocity (PWYV) to assess how BP affects the cardiovascular sys-
tem [11]. However, the need to record both biosignals with two different devices
in separate locations makes it inefficient and expensive. Recent studies combine
these propagation parameters with PPG morphological feature extraction, using
them as inputs for regression methods [12], support vector machines (SVM) [13],
or neural networks for BP determination [14].

On the other hand, deep learning (DL), a promising ML subfield, has signifi-
cantly advanced in terms of its utilization and efficiency. These advancements are
attributable to the availability of extensive data, the development of neural net-
work models, and the progress in computing hardware, including central pro-
cessing units (CPUs) and graphics processing units (GPUs) [15]. Currently, DL
techniques are considered state-of-the-art for image classification, exemplified by
the fact that all the winning entries in ImageNet Large Scale Visual Recognition
Competition utilized deep convolutional neural networks (CNNs) [16].

As a result, recent studies have employed DL techniques for BP classification
based on PPG signals, utilizing image representations generated through tech-
niques such as continuous wavelet transform (CWT) [17] and short-time Fourier
transform (STFT) [18, 19]. Notably, one of the primary advantages over tradi-
tional ML methods is that DL eliminates the need for manual feature extraction
from PPG signals, as the most relevant features are automatically extracted from
the input images, rendering ECG signals unnecessary. This streamlines the prac-
tical implementation of the model in wearable devices.

The incorporation of these algorithms into wearable devices has the potential
to provide reliable insights into the BP status of monitored individuals. This con-
tribution can play a pivotal role in the prevention, early diagnosis, and ongoing
management of hypertension and related cardiovascular conditions. The grow-
ing prevalence of wearable devices, smartphones, and biosensors has ushered
in a medical revolution, enabling the integration of Al tools to address complex
medical challenges. These technologies are rapidly becoming the cornerstone of
vital sign monitoring and are pivotal in achieving optimal diagnosis and treat-
ment follow-up, while empowering patients to take a more active role in their
healthcare journey [9].

Therefore, the hypothesis of the present thesis is that the combination of biomed-
ical signals, principally PPG signals, with advanced Al tools like DL and ML,
could provide effective solutions for rapid and easily accessible hypertension de-
tection and monitoring when implemented in wearable devices.

Furthermore, these types of systems, designed to obtain BP state, do not con-
sistently account for realistic sources of noise. This limitation may impact the
system’s ability to generalize and adapt to real-world conditions, where the pres-
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ence of uncontrolled noise can significantly influence the obtained results. For
example, PPG measurement can be affected by source of noise or variance from
individual human population characteristics (skin tone, obesity, age, and gender),
physiological factors (respiration, venous pulsation, body site of measurement,
and body temperature), and external influences affecting the device (motion arti-
fact, ambient light, and applied pressure to the skin) [20].

Hence, this work also studies the relevance of calibrating new subjects who
have not been used to train the classification CNN. Thus, reference BP values and
the simultaneous behavior of the PPG signal are recorded. This approach ensures
model adaptation to the individual subject’s characteristics for achieving more
precise classification. Furthermore, it is proposed that the calibration process be
conducted periodically, optimizing its long-term performance for variations in
the subject’s health or environment that may impact BP levels.

Finally, this study also seeks to identify hypertension pathology independent
of absolute BP values, as BP is known to fluctuate throughout the day, influenced
by circadian rhythms and various physical and mental stimuli. By focusing on
these fluctuations rather than static BP measurements, this approach seeks to
improve the detection of episodic hypertensive events that traditional methods
might miss, potentially contributing to a more accurate assessment of long-term
cardiovascular risk.

1.3 Objectives

The main objective of this research is to develop Al methodologies with the abil-
ity to discriminate between normotensive (NTS) and hypertensive (HTS) subjects.
Furthermore, the need and relevance of per-subject calibration and the hyperten-
sion pathology detection, not absolute values, is evaluated. For this purpose,
this thesis focuses on the development of both ML and DL artificial intelligence
methods. More concretely, this research has the following specific objectives:

¢ Analysis and processing of simultaneously obtained PPG and ECG record-
ings for the extraction of propagation features, such as PTT and PAT, com-
bined with other morphological features from PPG waveform and its first
and second order derivatives.

¢ Select only those features with relevant information for solving the classi-
fication problem optimally applying ReliefF algorithm and analyzing the
correlation matrix from the extracted features.

¢ Testing machine learning classification strategies such as SVM, k-nearest
neighbors (KNN) and bagging ensemble for hypertension risk assessment.

¢ Employ PPG recordings transformed into scalograms through CWT as in-
put images for ResNet and GoogleNet pretrained CNNs, eliminating the
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need for simultaneous ECG recordings or manual feature extraction, allow-
ing the DL models to automatically extract deep features from PPG signals.

¢ Evaluation of the necessity and effectiveness of previous per-subject calibra-
tion to improve classification results with different time intervals between
PPG segments.

¢ Identify HTS patients from non-HTS recordings and NTS subjects from
non-NTS recordings when they are affected by BP fluctuations.

¢ Evaluation of classification performance with statistical tests for accuracy
(Acc), sensitivity (Se), specificity (Sp), and F1-Score.

1.4 Thesis structure
This document is structured in the following chapters:

¢ Chapter 1. Motivation, Hypothesis and Objectives.
In this chapter, the clinical motivations for performing this work have been
explained. Moreover, the initial hypothesis and the main proposed objec-
tives have been commented.

¢ Chapter 2. Blood Pressure, Hypertension and Photoplethysmography.
This chapter reviews some significant concepts to obtain the proper theoret-
ical framework to understand the work aim, starting with general concepts
about BP and the importance of detecting hypertension to continue explain-
ing the main ways to measure it. Moreover, the main signals used in this
work, PPG and ECG, are defined.

¢ Chapter 3. Artificial Intelligence Background.
In this chapter, general principles of Al and the main algorithms for ML
and DL classification are explained, with a focus on their application in BP
monitoring.

* Chapter 4. Materials and Methods.
This chapter describes the methodology applied in this study. Firstly, the
analyzed databases are introduced. Next, PPG, ECG and ABP signals pro-
cessing is explained. Then, the three main approaches are described: hyper-
tension risk assessment, relevance of calibration, and detection of hyperten-
sive pathology.

¢ Chapter 5. Results.
In this chapter, the results of the studies introduced in Chapter 4 are sys-
tematically presented.

¢ Chapter 6. Discussion.
This chapter discusses the results presented in Chapter 5 compared with
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previous works, as well as the limitations of the study and their possible
interpretations and clinical implications.

¢ Chapter 7. Conclusions, Future Lines and Contributions.
The conclusions of this work are presented in this chapter. Moreover, some

possible future research lines are suggested. Finally, the contributions in
scientific journals and conferences are enumerated.
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This chapter provides a general view of BP physiology, its fluctuations, and the clinical
relevance of hypertension in Section 2.1 and Section 2.2. It then explores different BP
measurement techniques, emphasizing the advantages and challenges of non-invasive
methods in Section 2.3. Additionally, the chapter describes the ECG signal and its relation-
ship with BP assessment in Section 2.4. Finally, a detailed analysis of photoplethysmogra-
phy is presented, covering signal acquisition, waveform characteristics, and the underlying
principles of wave propagation in Section 2.5.
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2.1 Introduction to blood pressure

2.1.1 Blood pressure physiology

Arterial blood pressure (ABP) is defined as the pressure measured within the
principal arterial network of the human body. It is a critical physiological param-
eter influenced by the interaction of two primary factors: cardiac output (CO)
and total peripheral vascular resistance (PVR). CO (= stroke volume x heart rate),
in turn, depends on myocardial contractility and the vascular properties. On the
other hand, PVR is determined by the tone of the arteries and arterioles and the
structural properties of the arterial wall [21].

The pulsatile conditions of blood flow in the arterial system are a result of the
cyclic nature of the heart pump, which injects blood into the arterial tree during
the ventricular systole phase. During diastole, the heart is in a rest state, and there
is no active ejection of blood. Pulsatile flow creates dynamic pressure fluctuations
that vary in different parts of the arterial system. Notably, the aorta and large
arteries possess distensible characteristics, allowing them to temporarily store
a portion of the blood received during systole within their expanded regions.
This stored blood is subsequently released back into circulation during diastole.
This phenomenon leads to the continued flow of blood within the arteries during
diastole, despite the absence of active ejection by the heart during this phase [22].
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Figure 2.1: Arterial blood pressure pulse of a cardiac cycle. When the left ventricle ejects blood into
the aorta, the aortic pressure rises. Systolic pressure reflects the maximal aortic pressure
following ventricular ejection. As it is relaxing, the pressure in the aorta falls. The lowest
pressure in the aorta is termed the diastolic pressure and occurs just before the next
ventricular ejection [23].
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Both the arteries and the heart undergo structural adaptations in response
to increased load, such as that caused by hypertension. Elevated ABP imposes
greater stress on the walls of thin-walled chambers or tubes, leading to an in-
crease in wall tension, as described by Laplace’s law [21].

As seen in Figure 2.1, the aortic blood pressure signal waveform is conven-
tionally separated into systolic (SBP) and diastolic (DBP) blood pressure. SBP is
the maximum value of pressure during systole and depends fundamentally on
cardiac output and the distensibility of the aorta and great arteries, the latter be-
ing expressed by the retrograde pulse wave. DBP is the minimum value during
diastole and depends fundamentally on peripheral resistance [23].

2.1.2 Blood pressure fluctuation

SBP and DBP are dynamic, changing from one pulse to another and varying
throughout the day due to the circadian rhythm. BP variability is more pro-
nounced in hypertensive patients compared to normotensive individuals, with
the variability being proportional to the increase in mean BP [24]. External fac-
tors such as exercise, stress, medications, and nutrition significantly influence BP
levels [25].

Two important concepts associated with office BP variability are white-coat
hypertension and masked hypertension. White-coat hypertension is character-
ized by elevated office BP in normotensive individuals, often due to anxiety or
the clinical setting, while masked hypertension involves normal office BP in hy-
pertensive patients, obscuring the true hypertensive condition [24].

These phenomena underscore the complexity of accurately diagnosing and
managing hypertension, as single-point measurements may not reflect an indi-
vidual’s true BP profile. Nowadays, most BP monitoring devices provide only
punctual information, and artificial intelligence methods estimate BP values based
on these isolated measurements [26].

The risk of misdiagnosing hypertension could potentially imply early diagno-
sis in hypertensive subjects or mislabeling healthy individuals as hypertensive.
Such misdiagnosis can lead to unnecessary anxiety, additional medical tests, and
inappropriate treatments. Therefore, continuous and unobtrusive BP monitoring
devices are essential for accurate hypertension screening. These devices enable
the capture of BP fluctuations over extended periods, providing a more compre-
hensive and reliable assessment of an individual’s BP status. The present study
has investigated whether adequate subject diagnosis can be provided despite al-
tered BP conditions, emphasizing the importance of advanced monitoring tech-
niques for accurate BP assessment.
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2.2 Hypertension

According to European and international guidelines [27], hypertension is charac-
terized by persistent office SBP values equal to or exceeding 140 mmHg and/or
DBP 90 mmHg. However, there is a continuous relationship between BP and car-
diovascular (CV) or renal adverse events, which begins at an office SBP exceeding
115 mmHg and a DBP surpassing 75 mmHg [28]. Table 2.1 will be used as a refer-
ence, where the BP levels are reflected according to the report of The Sixth Report
of the Joint National Committee on the Prevention, Detection, Evaluation, and
Treatment of High Blood Pressure [29].

Table 2.1: Blood pressure classification in adults.

BP classification SBP (mmHg) DBP (mmHg)
Normotensive (NTS) <120 and <80
Prehypertensive (PHT) 120-139 or 80-89
Stage 1 hypertensive (HTS) 140-159 or 90-99
Stage 2 hypertensive (HTS) >160 or >100

Only a minority within the hypertensive population experiences an isolated
increase in BP, with the majority displaying additional CV risk factors. More-
over, when these risk factors coexist, BP and other CV elements may amplify each
other, resulting in a cumulative CV risk that surpasses the combined impact of its
individual components [30]. The increase of BP produces structural changes in
the arterial system that increase CV risk and affect organs such as the brain, heart
and kidneys, determining the main complications of arterial hypertension as risk
of strokes, heart failure and progression of chronic kidney disease [31].

Concerning its symptoms, hypertension is typically characterized as a silent
disease. Initial symptoms often do not manifest for many years, despite underly-
ing clinical implications. It is not uncommon for the first noticeable symptoms to
be severe cardiac issues such as heart attacks or strokes. While some patients may
experience mild precursor symptoms, such as tinnitus or occasional headaches,
it is generally observed that when a patient presents a more expressive symp-
tomatology, they are already in an advanced stage of hypertension, leading to
significant cardiovascular complications [29].

Hypertension is the most prevalent CV disorder in the world and accord-
ing to the World Health Organization, it affects 1.28 billion adults aged 30 to
79 years worldwide, two-thirds living in low-income and middle-income coun-
tries. Furthermore, the global age-standardized average prevalence of hyperten-
sion in adults aged 30 to 79 years was reported to be 34% in men and 32% in
women [32]. These percentages match those of Spain, representing ~ 10 million
people. Among them, only 68.5% were diagnosed as HTS (= 6.78 million), 57.4%
received drug therapy (=~ 5.68 million), and 32.7% (=~ 3.24 million) reached con-
trolled values after therapy [33].
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The asymptomatic nature of hypertension, observed in 31.5% of HTS subjects,
highlights the importance of early prevention and regular monitoring to enable
timely diagnosis and appropriate management. This is particularly critical for in-
dividuals already diagnosed with hypertension, those over 40 years of age with
a family history of the condition, and patients with additional risk factors such as
obesity [34]. In Spain, more than two-thirds of hypertensive patients remain un-
controlled, highlighting the need for improved detection and intervention strate-
gies. Continuous BP monitoring emerges as a promising approach to reduce the
risk of cardiovascular events associated with undiagnosed or poorly managed
hypertension.

2.3 Blood pressure measurement

Blood pressure monitoring plays a pivotal role in both the treatment and early de-
tection of hypertension, a condition that can lead to serious health consequences
if not properly managed. In clinical practice, two primary methods are employed
for measuring blood pressure: invasive and non-invasive techniques.

2.3.1 Invasive methods

Schematic representation of invasive blood pressure
equipment setup

A

— Pressurized saline

Pressure transducer
and continuous flush

Saline filled non
compressible tubing

@ ) Arterial line

Monitor

Figure 2.2: Representation of invasive blood pressure monitoring that comprises the use of an in-
dwelling catheter in an artery and an arterial line system. The kinetic energy generated
by arterial pressure induces pulsations in the column of saline, which is then transmitted
to the transducer [35].
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Invasive arterial BP monitoring offers high accuracy and serves as the gold
standard in intensive care medicine and high-risk surgeries. Generally, it com-
prises an indwelling cannula inserted in the artery (radial, femoral or brachial)
and an arterial line system, as represented in Figure 2.2. Then, a transducer is
used to convert mechanical energy into an electrical signal whose waveform pro-
vides BP information. However, they come with several drawbacks, including
the time-consuming nature of the procedure, the need for highly trained per-
sonnel to perform it, and the potential for complications such as infections, em-
bolism, vessel or nerve damage, and ischemia [5].

2.3.2 Non-invasive methods

As a result of invasive methods limitations, BP measurement is predominantly
carried out using non-invasive techniques, whether intermittently or continu-
ously. Although in critically ill patients arterial catheter measurement is still rec-
ommended, the choice between intermittent and continuous BP measurement
methods depends on the specific needs of patients. Stable, low-risk individuals
may find intermittent measurement sufficient, whereas clinical patients are often
recommended for continuous non-invasive monitoring [5]. Figure 2.3 represents
oscillometry, volume-clamp and applanation tonometry, three of the main non-
invasive monitoring techniques, which will be explained below.
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Figure 2.3: Representation of the main non-invasive blood pressure monitoring techniques: oscillom-
etry, volume clamp and applanation tonometry [36].

Brachial
artery



2.3. BLOOD PRESSURE MEASUREMENT 13

Intermittent monitoring

Intermittent BP measurement typically involves the use of an occlusion cuff for
either manual or automatic measurement. The manual auscultatory method,
widely accepted in clinical settings, entails the inflation of a cuff to occlude an
artery and the detection of Korotkoff sounds through a stethoscope and manome-
ter during cuff deflation. The first Korotkoff sound signifies the onset of turbu-
lent blood flow, corresponding to SBP, while the fifth sound marks the return to
laminar flow and DBP. Alternatively, the palpatory method involves a physician
feeling the radial pulse and noting the pressure at which it disappears during cuff
deflation, which corresponds to SBP [37].

Additionally, oscillometry is the most widely used automatic and non-invasive
technique for measuring BP. It employs a cuff equipped with a pressure sensor
to detect small pressure oscillations caused by pulsatile blood flow within the
artery. BP values are then estimated from the amplitude and pattern of these os-
cillations [38]. The main advantages of oscillometry include the provision of rea-
sonably accurate estimates of mean arterial pressure within normal ranges and
the ability to automate BP measurements at preset intervals. However, compared
to auscultation, oscillometry tends to overestimate low values and underestimate
high values, making them less reliable for individuals with cardiac arrhythmias
or stiff arteries and measurements. Furthermore, it can be falsified by factors
such as patient movement or improper arm positioning. A common disadvan-
tage across all BP measurement techniques is their intermittent nature [5].

Continuous monitoring

Recently, continuous non-invasive monitoring techniques have enabled real-time
pulse waveform and numerical SBP value, offering valuable information for the
diagnosis and treatment of hypertension, including beat-to-beat variation data.
The main techniques employed are arterial applanation, tonometry and the vol-
ume clamp method.

Arterial applanation tonometry involves applying an external transducer to
flatten a superficial artery against a bone, enabling the acquisition of the arterial
pulse wave, SBP and DBP. Alternatively, the volume clamp method utilizes an
inflatable finger cuff to measure the diameter of the finger artery with a photodi-
ode, adjusting the pressure to maintain constant diameter measurements [39].

The pulse wave product of applanation tonometry can provide more informa-
tion than SBP and DBP alone, being useful in cardiology. However, it cannot pro-
vide continuous measurements throughout the day, as it must be handheld by the
examiner. For its part, volume clamp can be worn for extended periods, making
it ideal for long-term monitoring. Their main disadvantages are that peripheral
vascular disease can make it challenging to obtain valid waveforms using finger
cuffs and some patients may experience discomfort due to congestion where the
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cuff is placed, necessitating periodic changes of the cuff to another finger. Finally,
all continuous non-invasive devices are sensitive to patient movement and are
more expensive than intermittent devices [5].

2.3.3 Proposed monitoring technique

Following a critical analysis of the advantages and limitations of both invasive
and non-invasive blood pressure monitoring techniques, current research high-
lights the growing need for solutions that are wearable, continuous, non-invasive,
and unobtrusive. The integration of such monitoring technologies with Al-driven
methods offers a promising pathway to enhance hypertension risk classification
and support proactive cardiovascular care.

These advanced technologies enable real-time monitoring in daily conditions,
allowing the early identification of individuals at elevated cardiovascular risk
and supporting personalized intervention strategies. By facilitating continuous
assessment outside clinical settings, Al-enhanced monitoring systems can cap-
ture transient events and subtle variations in blood pressure patterns that are
often missed in conventional episodic measurements.

Furthermore, the non-invasive and transparent nature of these techniques sig-
nificantly reduces patient discomfort and enhances compliance with long-term
monitoring protocols, a crucial factor for the management of chronic conditions
like hypertension.

24 The electrocardiogram

The electrocardiogram (ECG) is a time-varying signal that reflects the summation
of ionic currents driving the contraction and subsequent relaxation of cardiac
fibers. Surface ECG recordings are obtained by measuring the potential differ-
ence between electrodes placed on the skin, capturing the electrical activity that
propagates through the heart during each cardiac cycle. A single normal ECG
cycle represents the sequential depolarization and repolarization of the atria and
ventricles, triggered by electrical impulses originating from the pacemaker cells
in the sinoatrial node [40].

The ECG provides clinically valuable information about the heart’s electrical
function, including heart rhythm and rate, the integrity of conduction pathways,
the condition of the atrial and ventricular chambers, and the presence and extent
of ischemia or infarction. Due to its non-invasive nature and diagnostic utility,
the ECG remains a cornerstone of cardiovascular assessment in both acute and
chronic settings.
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Figure 2.4: Standard limb leads and Einthoven’s triangle. It is assumed that the right arm, the left
arm and the left leg approximate the vertices of an equilateral triangle with the heart at its
center [42].

In 1908, Willem Einthoven introduced the concept of the limb leads, defined
as the potential differences between the vertices of an imaginary triangle formed
by the two arms and the left leg, as depicted in Figure 2.4. This configuration
became the basis for the standard 12-lead ECG system used today:.

For this study, only Lead II of the standard ECG is used, where the positive
electrode is placed on the left leg and the negative electrode on the right arm. The
Lead II voltage Vi is calculated as:

Vip=®r — ®p (2.1)

where & and ®y represent the potentials of the left leg and right arm, re-
spectively [41].

2.4.1 ECG Waves and Intervals

The ECG signal comprises distinct waveforms representing electrical events in
different parts of the heart during each cardiac cycle, as illustrated in Figure 2.5.
These waves are labeled alphabetically, beginning with the P wave, followed by
the QRS complex and the T wave [43].
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Figure 2.5: ECG typical beat composed of specific waveforms and intervals: P wave, P-R segment,
QRS complex, S-T segment and T subwave [44].

¢ P Wave: Represents the depolarization of the right atrium, followed by the
left atrium. It appears as a low-amplitude positive deflection preceding the
QRS complex, signaling the onset of atrial contraction.

¢ PR Interval: Includes atrial depolarization, conduction through the atri-
oventricular (AV) node, and propagation through the His-Purkinje system.
Its duration varies with heart rate, shortening at higher rates due to im-
proved AV nodal conduction and lengthening at slower rates because of
reduced AV nodal conduction.

* QRS Complex: Corresponds to ventricular depolarization. The complex
begins with a negative deflection (Q wave), followed by a positive deflec-
tion (R wave), which predominantly reflects left ventricular depolarization
due to its greater mass. A subsequent negative deflection (S wave) repre-
sents terminal depolarization of the ventricular walls.

¢ ST Segment: Follows ventricular depolarization and precedes repolariza-
tion, representing an isoelectric period in healthy individuals where the
ECG typically shows no electrical activity.

e T Wave: Denotes ventricular repolarization. The T wave is broader than the
QRS complex due to the slower repolarization process, exhibiting a gradual
rise, a peak, and a return to the isoelectric baseline.
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¢ QT Interval: Encompasses the QRS complex and the ST interval, represent-
ing the total duration of ventricular depolarization and repolarization.

In this study, the ECG signal is employed to calculate the time interval be-
tween the R wave and the generation of deformations in the PPG signal, referred
to as the pulse arrival time. This parameter is widely used due to its strong cor-
relation with BP levels.

2.5 Photoplethysmography analysis

Photoplethysmography (PPG) stands as an optical measurement technique that
has been used for the development of small, wearable, and cost-effective sensors.
These sensors are designed to detect alterations in blood volume within the mi-
crovascular bed of tissues resulting from cardiac pumping. The microvascular tis-
sue network comprises blood vessels with diameters of less than 10 pm and plays
an essential role in distributing blood throughout the body’s tissues. PPG wave-
forms contain a wealth of cardiovascular circulatory information [8]. Numerous
studies have demonstrated their efficacy in measuring and evaluating parameters
such as heart rate [45], blood oxygen saturation [46], blood pressure [47], cardiac
output [48], arteriosclerosis [49], and vascular aging [50].

2.5.1 Signal acquisition

The fundamental operation of PPG relies on illuminating the skin and monitoring
changes in light absorption. This is typically achieved using LEDs emitting red
and infrared light to illuminate the skin, coupled with a photodetector to measure
the quantity of light either transmitted through or reflected from the skin [51].
Variations in tissue light absorption are primarily governed by the dynamic cir-
culation of blood within the body, a process driven by the rhythmic systole and
diastole of the heart. These fluctuations in absorption are further influenced by
the hemodynamic and physiological conditions that stem from arterial proper-
ties. These effects manifest as distortions in the PPG waveform profiles.

The visible spectrum of light emitted by the LEDs comprises three compo-
nents: red, green, and blue (RGB), each exhibiting distinct interactions with tis-
sues, as illustrated in Figure 2.6. The blue component has a relatively weak sig-
nal that does not penetrate the epidermis substantially, limiting its informational
value. Conversely, the red component, while more penetrating, experiences at-
tenuation as it traverses various tissues, which makes it suitable primarily for
measuring blood oxygen levels. Meanwhile, the green component effectively
penetrates the epidermis and reaches the capillaries, where it detects blood flow
without extensive propagation into larger vessels. This distinct property makes



18 CHAPTER 2. BLOOD PRESSURE, HYPERTENSION AND PHOTOPLETHYSMOGRAPHY

the green signal the preferred choice in single-channel PPG systems due to its
clarity and pronounced variations compared to the other components [9].
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Figure 2.6: Interaction of the RGB components in the skin. (a) Shows the optical absorption spectrum
of the PPG. (b) lllustrates the depth of penetration of the LED components in the skin.
(c) Represent the pulsatil signal of the three components where it can be seen that the
green signal has the highest amplitude [52].

2.5.2 Signal waveform

PPG signal consists of two main components: direct current (DC) and alternat-
ing current (AC). DC, known as non-pulsatile component, corresponds to the
detected optical signal transmitted or reflected from the tissue, and depends on
the tissue structure and the average blood volume of arterial and venous blood.
It’s noteworthy that the DC component changes slowly with respiration [9].

In contrast, AC, often referred to as the pulsatile component, reflects alter-
ations in blood volume as a result of the heart muscle’s contraction during sys-
tole, augmenting blood flow in the capillaries near the surface. This, in turn, leads
to an elevation in light absorption detected by the photodetector. Conversely,
during diastole, as the heart relaxes to fill with blood, BP decreases, causing a
reduction in blood flow and light absorption at the photodetector. These BP vari-
ations result in a periodic signal representing the cardiac cycle with distinct sys-
tolic peaks (representing the blood passage through the sensor as it is ejected
from the heart during systole) and more subtle diastolic peaks (corresponding
to blood flowing back from the periphery toward the heart during diastole) [53].
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Figure 2.7: Principle of PPG waveform generation, obtained by measuring the variation in light ab-
sorption. The signal is derived by inverting the light intensity detected by a photodetector.
Characteristic feature points are marked, including the pulse onset and systolic peak dur-
ing the systolic phase, the diastolic peak during the diastolic phase, and the dicrotic notch,
which marks the transition between the two phases [54].

Each cycle comprises a solitary systolic peak, easily identifiable and employed
to determine heart rate based on the interval between two consecutive systolic
peaks and a single diastolic peak [45]. It is this AC component the one that will
be used throughout this work.

PPG waveform and its relation to the amount of light absorption recorded
with the photodetector is illustrated in Figure 2.7. The main feature points rep-
resented in its pulse waveform are the systolic peak, representing the maximum
pulse blood volume, and the pulse onset, representing the lowest blood volume
before the systolic peak. Furthermore, fluctuations in the PPG waveform occur
during diastole when blood volume experiences a temporary increase due to the
presence of a pressure gradient opposing the blood flow, just before the closure of
the aortic valve. At this time, the minimum peak is identified as a dicrotic notch,
and the point at which the first derivative approaches zero following the systolic
peak is designated as a diastolic peak [54].

Given that the PPG waveform itself is relatively simple and provides limited
information, derivatives of the signal are also utilized to enhance the evaluation
of signal changes attributable to BP variations. These derivatives manifest as
the velocity plethysmogram (VPG) and the acceleration plethysmogram (APG)
and are derived from one and two consecutive derivatives of the PPG signal,
respectively [55], as represented in Figure 2.8.



20 CHAPTER 2. BLOOD PRESSURE, HYPERTENSION AND PHOTOPLETHYSMOGRAPHY

l systollc
A AL
dicrotic notch
PPG ©

diastolic
05 peak
AL onset

Normalized amplitude

0 200 400 600 800 1000 1200 1400 1600 1800 2000
Number of samples

Figure 2.8: PPG, VPG and APG signals waveform and their main fiducial points [56].

2.5.3 Wave propagation theory

The combination of PPG waveform features and features based on wave propa-
gation theory has demonstrated high correlation with BP levels [57]. This theory
focuses on the pulse wave propagation between two measurement points, with
particular attention given to the analysis of pulse transit time (PTT) and pulse
arrival time (PAT), represented in Figure 2.9.

Pulse Transit Time (PTT) from ABP and PPG

The pressure waves generated within the heart propagate through the arteries
at a specific velocity termed as the pulse wave velocity (PWV). This velocity is
dependent of the elastic characteristics of both the arteries and the blood, and is
quantified by the Moens-Korteweg equation [59]

L [E-h
PWV = — = [ — 22
WV = ot p 2R’ 22)

where PWYV is the pulse wave velocity, L is the length of the vessel between two
arterial sites, PTT is defined as the time taken for a pressure pulse to transmit be-
tween two arterial sites, p is the fluid density, R is the inner radius of the vessel, £
is the modulus of elasticity of the wall (Young’s modulus), and h is the thickness
of the vessel.
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Furthermore, for an elastic vessel, there is an empirical exponential relation-
ship between E and the fluid pressure P. In this way, the relationship between
BP and PTT is demonstrated:

E = Eye®(P=10), (2.3)

where Ej and F, are nominal values of Young’s modulus and pressure respec-
tively and « is a constant.

The selection of the two measurement points required to calculate PTT varies
depending on the type of study and the sensors to be used. Some studies have uti-
lized two PPG sensors, one proximal and the other distal, or two sensors placed in
different distal locations [47,60]. However, in this study, where only a PPG signal
from the fingertip is provided, this measurement is used as the distal point, and
the ABP signal measured from the upper arm is used as the proximal point [58]



22 CHAPTER 2. BLOOD PRESSURE, HYPERTENSION AND PHOTOPLETHYSMOGRAPHY

Pulse Arrival Time (PAT) from ECG and PPG

PAT is defined as the time delay between the electrical activity of the heart and
the relative changes in blood pressure recorded with distal PPG signal. The elec-
trical activity is recorded with the ECG signal, and for PAT extraction, R-peak is
employed [60]. PPG waveform feature points selected for PAT identification are
the onset, the W-peak of VPG, and the systolic peak, corresponding to PAT 01,
PATyerivate and P AT, respectively.

PAT and PTT are often used interchangeably, however, as shown in Figure 2.9,
PTT interval is included in PAT interval. Specifically, PAT is the sum of PTT inter-
val and the pre-ejection period (PEP), defined as the delay between the electrical
left ventricle depolarization and the initiation of the mechanical ejection of blood
from the ventricle [47].

PAT = PEP + PTT (2.4)

An obvious disadvantage associated with the extraction of PTT and PAT fea-
tures is the requirement for two sensors to calculate them. For PTT, a proximal
PPG or ABP signal and a distal PPG signal are needed, whereas for PAT, both an
ECG and a PPG signal are required. The current trend is toward wearable devices
that are unobtrusive and comfortable for users, minimizing any inconvenience or
discomfort. Requiring multiple sensors complicates the design and usability of
such devices, potentially limiting their acceptance for continuous BP monitoring.
The need for multiple sensors not only increases the complexity and cost but also
reduces the practicality of long-term, everyday use, as it may interfere with the
user’s normal activities.
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This chapter provides an overview of concepts and methodologies related to Al that
are essential for understanding the approaches developed in this thesis. Initially, Section
3.1 introduces the general principles and foundations of Al. Following, Section 3.2 presents
a review of ML techniques, including supervised learning methods and feature selection

strategies, which form the basis of the ML models evaluated in this study.

Subsequently, Section 3.3 discusses DL approaches, focusing particularly on CNNs
due to their proven efficacy in capturing complex, non-linear relationships inherent in
biomedical signals such as the PPG. Lastly, Section 3.4 specifically addresses the ap-
plication of Al to BP monitoring. This section highlights the rationale for integrating Al
methodologies into BP assessment, detailing the advantages these techniques offer over

traditional measurement and monitoring approaches.
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3.1 General Principles of Artificial Intelligence

Al denotes a broad set of computational techniques that enable machines to per-
form tasks that traditionally require human cognitive functions, such problem
solving and learning. It represents a shift in healthcare, driven by the increas-
ing availability of healthcare data and the rapid growth of analytical techniques.
Within this domain, two of the most widely used paradigms are supervised learn-
ing and unsupervised learning. These paradigms differ primarily in the type of
information provided to the model during training.

Supervised classification, the one used in this study, involves the construc-
tion of models that are trained on inputs with certain features that are associated
with a particular label, so the desired output is known. In this way, classification
models can be able to predict the label of new samples from the calculation of the
same features selected during training. In contrast, unsupervised learning deals
with unlabeled data and aims to uncover hidden patterns or intrinsic structures
without predefined outputs. [61].

In this thesis, it is applied to a binary classification task, distinguishing be-
tween healthy and hypertensive subjects. By extracting specific features from
PPG signals and associating them with known BP categories, the models are
trained to identify characteristic patterns indicative of cardiovascular risk. Once
trained, these classifiers can be deployed to predict the risk category of new pa-
tients based solely on signal-derived features.

3.2 Machine learning algorithms

Machine Learning algorithms are typically classified according to the type of
learning process they employ. In this section, it is presented a concise overview of
the most relevant algorithm families used in biomedical signal classification, es-
pecially those applied in the present work. These paradigms include regression-
based models, instance-based methods, tree-based algorithms, ensemble learning
strategies, probabilistic approaches, and kernel-based methods.

3.2.1 Regression-Based Models

Regression models aim to model the relationship between input features and a
target variable, typically predicting continuous outputs. However, in classifica-
tion tasks, logistic regression is a widely used adaptation of linear regression
that enables binary classification [62]. It has been applied in this work as a base-
line model due to its simplicity, ease of interpretation, and well-established per-
formance in biomedical applications for disease risk prediction, diagnosis, and
treatment outcome assessment [63].
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This technique provides a mechanism for applying linear regression princi-
ples to classification problems by transforming the output using the logistic (sig-
moid) function. As a result, the output of the model is a continuous value be-
tween 0 and 1, which can be interpreted as the probability that the given instance
belongs to the positive class. The final classification decision is made by applying
a threshold, commonly set at 0.5 [64].

3.2.2 Tree-Based Models

Decision tree classifiers use a graphical tree structure to represent classification
processes, outlining alternative paths, outcomes, and final class predictions. The
algorithm starts from a labeled training set and recursively splits it into subsets
based on feature values, aiming to increase the purity of each subset relative to
its parent. Internal nodes represent feature-based tests, branches correspond to
test outcomes, and leaf nodes indicate the final class labels [65].

This structure enables interpretable and hierarchical decision-making, allow-
ing clinicians to trace the reasoning behind a classification. As represented in
Figure 3.1, in this study, a Coarse Tree model was employed, with a maximum
number of 4 splits and Gini’s diversity index as the split criteria to simplify the
model and reduce computational complexity [66].
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Figure 3.1: Representation of the Coarse Tree model used in this work. It was trained using features
extracted from the PPG signal: S-amplitude, PAT;,0, W-amplitude, and PPT.
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3.2.3 Instance-Based Learning

Instance-based learning (IBL) is a foundational approach in ML where classifica-
tion decisions are made by directly comparing new instances to stored examples,
rather than generating explicit models during training. These algorithms, often
referred to as lazy learners, do not construct a general model in advance; instead,
they store training instances in memory and defer generalization until classifica-
tion is required. The underlying principle is that similar instances are likely to
share the same class label [67].

The K-Nearest Neighbor (KNN) algorithm stands as the most representative
IBL method and has been employed in this work. It relies on a k parameter,
which defines the number of nearest neighbors to consider when classifying a
new instance. Classification is performed by identifying the k closest training
samples based on a distance metric, typically Euclidean distance, and assigning
the majority class among them [68], as represented in Figure 3.2.
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Figure 3.2: Representation of KNN algorithm. As k is 5 for Query A, it searches the 5 nearest neigh-
bors. Then it uses the majority voting rule to classify its class 0 (two of class 1 and three
of class 0). Similarly, as k is 3 for Query B, it classifies its class as 1 because there are a
greater number of neighbors of this class [68].

3.2.4 Probabilistic Models

Probabilistic models provide a principled framework for modeling uncertainty in
machine learning. Unlike deterministic approaches, which output a single pre-
diction, probabilistic models represent knowledge in terms of probability distri-
butions. This allows them not only to make predictions but also to quantify the
confidence in those predictions [69].
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Naive Bayes is one of the most widely used probabilistic classifiers due to
its simplicity and effectiveness. It can be interpreted as a simplified form of a
Bayesian network in which each feature (attribute) is assumed to be conditionally
independent of the others, given the class label. In probabilistic terms, this means
that the model includes a single parent node (the class) and several independent
child nodes (the features), which greatly reduces computational complexity. The
classification process relies on the application of Bayes’ theorem, where the prob-
ability of a class given an instance is estimated by multiplying the conditional
probabilities of each feature given the class [65].

3.2.5 Kernel-Based Models

Kernel-based methods are powerful classifiers that implicitly map data from the
input space into higher-dimensional feature spaces, allowing for more flexible
decision boundaries. This mapping is accomplished through a kernel function,
which measures the similarity between pairs of data points. By using kernel func-
tions, computations are performed in the high-dimensional space without explic-
itly representing the feature vectors, enabling algorithms to work efficiently [70].

Support Vector Machines (SVM) operate by identifying an optimal separat-
ing hyperplane that maximizes the margin between two classes, as shown in Fig-
ure 3.3. This margin corresponds to the distance between the hyperplane and the
nearest data points from each class, known as support vectors. Maximizing this
margin helps improve the generalization capability of the classifier.
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Figure 3.3: Classification of data using SVM. The optimal hyperplane separates classes A and B
while maximizing the margin between them. The marginal hyperplanes H; and Hs are
shown parallel to the optimal hyperplane and pass through the nearest support vectors of
each class, X; and X5 [71].
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In this work, Quadratic and Cubic nonlinear polynomial kernels are pro-
posed. The quadratic kernel transforms the input space to consider second-degree
interactions between features. The cubic kernel further extends this idea by con-
sidering third-degree interactions, thus allowing more complex boundaries. In
both cases, although the decision surface in the original space is nonlinear, the
principle of maximizing the margin between classes is preserved in the trans-
formed feature space [72].

3.2.6 [Ensemble Learning

Ensemble methods have emerged as a powerful strategy to improve predictive
performance and generalization across a wide range of applications. Rather than
relying on a single model, these methods combine the outputs of multiple base
learners to form a stronger predictive model. In classification problems, the final
decision is typically obtained through a majority vote.

Two widely used ensemble approaches are bagging and boosting, both used
in this work. Bagging reduces variance by training each model independently on
different bootstrap samples of the data and aggregating their predictions. Bagged
Trees are decision trees trained on resampled datasets help stabilize predictions
and mitigate overfitting. Boosting, on the other hand, reduces bias by sequen-
tially training models that focus on correcting the errors of their predecessors.
AdaBoost improves the performance of weak classifiers by sequentially combin-
ing them into a stronger predictive model. Initially, all instances are weighted
equally. However, in each boosting round, the algorithm increases the weights
of the misclassified examples, making them more influential in the next iteration,
while decreasing the weights of the correctly classified ones [73].

3.3 Deep learning algorithms

Deep Learning (DL) is a subfield of ML that leverages neural network architec-
tures composed of multiple layers to automatically learn hierarchical feature rep-
resentations from data. In this section, a brief overview of the DL models em-
ployed in this work is provided, focusing on CNNs and pretrained deep archi-
tectures such as GoogLeNet and ResNet.

3.3.1 Convolutional Neural Network models
Neural Networks

Deep Learning, also referred to as deep neural networks, is a subset of machine
learning based on artificial neural networks (ANNs) with multiple layers. These
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architectures are inspired by the structure and function of the visual cortex in bi-
ological systems and are capable of learning complex representations from large
amounts of data [74]. The fundamental unit of a neural network is the neuron,
which can be represented as a simple classifier model. It takes a bias term wy and
a weight vector w = (wy, . .., wy) as parameters to compute a nonlinear activation
function h(x), which is used to model a decision [75].

J(2) = h(w 2 + w) (3.1)

where w?

bias term.

x represents the weighted sum of the input features, and wy is the

The most well-known architecture of a traditional ANN is the feedforward
neural network, also referred to as a multilayer perceptron. In this structure,
neurons are organized into layers, and the data flows in one direction, from input
to output, as represented in Figure 3.4.

Usually, the data is loaded in a multidimensional vector to the input layer,
which will distribute it to the hidden layers. Then, the hidden layers will make
decisions from the previous layer, transforming the data as it flows according to
whether it detriments or improves the final result. This is known as the learn-
ing process. In classification models, the output layer has the same number of
neurons as the number of classes to predict. Deep neural network is considered
when a neural network contains multiple hidden layers; consequently, the term
deep learning [76].

Input 1

Input 2

Output

Input 3

Input 4

Figure 3.4: A simple three-layer feedforward or multilayer perceptrons neural network comprised of
an input layer, a hidden layer and an output layer [76].
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Convolutional Neural Networks

Convolutional Neural Network (CNN) is the state of the art for image classifi-
cation. They are analogous to traditional ANN as both use neurons that receive
an input and carry out a nonlinear function to obtain a final output of the class
score and use weight vectors. Nevertheless, CNNs are principally used in pattern
recognition tasks with images, as they allow for encoding specific features of the
images in the architecture [76].

The main advantages of CNNs are the reduction in the number of parameters
using large models to solve complex tasks. Besides, CNN do not need to have
spatially dependent features, so they are detected regardless of their position in
the image. Another relevant advantage is the fact that abstract features are ob-
tained while the input image is propagating toward deeper layers. In this way,
the first layers are used to detect the edges, then simple shapes, and in the final
ones, high-level features [77]. Before the appearance of CNN, these features were
obtained by hand, and now they are automatically learned from image data using
the feature detectors of CNNs.

For effective training of a CNN, it is crucial to optimize hyperparameters such
as the batch size, defined as the number of images used in each training epoch,
and the learning rate or step size at each iteration. An algorithm with an exces-
sively small learning rate hyperparameter will converge slowly, while an overly
large one may cause the training process to diverge [79]. Moreover, a batch size
that is too small can result in the algorithm oscillating without achieving accept-
able performance, while excessively high batch sizes can lead to convergence
without meaningful improvements in accuracy [80].
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Figure 3.5: Typical CNN building blocks. In this example, the input image is processed by two con-
volutional layers for feature extraction. The output of the last convolutional layer forms a
vectorised feature map, which is passed to a fully connected network. Finally, the neuron
with the highest activation in the output layer determines the network’s prediction [78].
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In contrast to the previous ANN feedforward architecture (Figure 3.4), which
is excessively inefficient to connect all nodes from one layer to all nodes in next,
they are only connected to a small region of the previous layer to improve the per-
formance. The input image is organized in a grid structure and fed with layers
that operate on a small region of the previous layer. CNN has multiple convo-
lutional and activation layers that are usually interspersed with pooling layers.
Finally, the final layers are fully connected layers that compute the final outputs
of classification [78]. This organization is represented in Figure 3.5, and the main
layers are defined below:

¢ Convolutional layer. After the input layer conveys the input images, it is
processed by the convolutional layer. It extracts key features using multi-
ple convolution operations from the input feature map to obtain an output
feature map. A filter or convolution kernel, described by width, height, and
depth, is used to perform the weighted sum in the convolution process.
Each layer has different convolution kernels that extract different features
as colors or shapes. As illustrated in Figure 3.6, the convolution window
acts in a portion of the original feature map called the receptive field.

Convolution layer 1 Convolution layer 2

output feature map output feature map

Input image

Figure 3.6: Receptive field in the input image and convolutional layers. The 3x3 size receipt field in
the input image corresponds to a 3x3 convolutional kernel on the first layer. The same
happens with sizes of 2x2 in the following layer [15].

In this way, neurons cannot identify all the information features from the
previous layer, only in the receptive field, so the larger the field, the larger
the area where the kernel acts on the original image. After the horizontal
and vertical displacement of the kernel, at each step, the weight matrix is
multiplied by the elements of the input feature map, and at the end, the
output feature values are obtained by deducting the offset [15].

¢ Activation layer. The layer after convolution is non-linearity, feeding the
input feature map with non-linear activation functions. The Rectified Lin-
ear Unit (ReLu) is the most common activation function. This layer filters
the output features of the convolution layer to guarantee that the informa-
tion has been correctly transmitted. With the introduction of nonlinear fac-
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tors to the neural network, DL network improves the ability to fit nonlinear
features.

* Pooling layer. The objective of pooling is down-sampling to gradually re-
duce the dimensionality and computational complexity for deeper layers,
reducing the number of feature values and extracting representative fea-
tures. One of the most common methods for pooling is Max-pooling, where
the image is divided into rectangular sub-regions and only takes the maxi-
mum value of the region. Normally, a 2x2 kernel with a stride of 2 is used.
This method should be applied when the spatial information is not impor-
tant, as it is not preserved [77]. Similarly, the same strategy is followed, but
taking the average value of the rectangular sub-region in the average pool-
ing. Both methods are represented in Figure 3.7. Another method used is
overlapping pooling, where the kernel size is 3 and the stride is set to 2 [76].
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Figure 3.7: Maximum and average pooling methods [15].

¢ Fully connected layer. This layer works similarly to the neurons in tradi-
tional networks in the way that each node of the layer is connected to every
node of the previous layer, normally the last frames of the pooling layer
and the next layer. It takes a long time to train as it includes a lot of param-
eters that need complex computation. It is possible to remove nodes and
connections to reduce this problem with the dropout technique.

3.3.2 Pretrained Models
GoogLeNet

Google proposed an efficient deep convolutional neural network architecture for
computer vision named Inception that achieved top results for classification and
detection in ImageNet Large-Scale Visual Recognition Challenge 2014 (ILSVRC14),
becoming one of the best neural networks at the state-of-art [81].
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The main problem Inception tries to solve is choosing the right kernel size
for the convolution operation, neural network size and computational resources.
The important parts of the image vary and require a larger kernel to obtain in-
formation of objects distributed in the picture and a smaller kernel for less dis-
tributed objects. Moreover, having a bigger and deeper neural network would
bring overfitting for having a larger number of parameters and would increase
computational resources consumption and inefficiency.

To solve these problems, Inception module forms a "wider" network rather
than "deeper". In the naive inception module, 3 different sizes of kernels are
used: 1x1, 3x3, 5x5, and a 3x3 max pooling on input from previous layers to
perform convolutions, and then the outputs are concatenated and sent to the next
inception module. To reduce more the resources of computation, dimensionality
reduction is applied by adding 1x1 convolutions before 3x3 and 5x5 ones. The
final result is represented in Figure 3.8.

With the introduction of the Inception module, GoogLeNet was built as a 27-
layer deep convolutional network using rectified linear unit activations.
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Figure 3.8: Inception module with dimensionality reduction. This module allows for multi-scale feature
extraction by applying parallel convolutional filters of different sizes, while 1x1 convolu-
tions are used to reduce dimensionality and computational cost [81].

ResNet

ResNet is a deep CNN that uses a residual learning framework to simplify the
training of very deep networks. It achieved state-of-the-art performance and won
the ILSVRC15 classification challenge [82]. Contrary to theoretical expectations,
increasing the number of layers in a neural network does not always improve
accuracy. Instead, it can lead to performance saturation and rapid degradation
due to the gradient problem.
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The solution proposed for this problem was the residual learning, consisting
of adding the input of the hidden layers to their output, so the network only has
to learn the residual mapping as seen at the building block of Figure 3.9.

identity

Figure 3.9: Building block of residual learning [82]. x represents the input identify mapping and F'(z)
the residual function.

In this way, if normally H(x) is the underlying mapping and the layers aim
to learn a function F'(x) that equals H (x), in ResNets the layers learn the residual
function F(z) = H(z) — x and the input x is added afterwards to the result as
a shortcut connection since is easier to optimize the residual function than the
original one (H (x)).
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Figure 3.10: Building block of ResNet-50 residual function [82].

In this work, the ResNet-50 CNN with 50 layers deep is used. Although for
the authors going deeper reaches better accuracy results, in this study, ResNet-152
did not improve it considerably and consumed much more computational time.
In this network, each residual function uses a stack of 3 layers: first a 1x1 con-
volution layer to reduce dimensionality, then 3x3 convolution layer, and finally a
1x1 convolution to recover original dimensions, as represented in Figure 3.10.
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3.4 Al Applications in Blood Pressure Monitoring

The integration of Al into blood pressure monitoring systems has revolution-
ized how cardiovascular health is assessed. By enabling continuous and adap-
tive evaluation, Al-enhanced devices with continuous assessment can adapt to
each patient’s unique cardiovascular profile. This personalization leads to more
accurate diagnostics and timely adjustments in treatment plans, significantly im-
proving patient outcomes.

However, one of the major challenges using PPG signals in non-invasive mon-
itoring is the susceptibility to noise caused by factors such as patient movement,
variations in ambient lighting, or inconsistencies in sensor placement. Integrat-
ing Al techniques, particularly ML and DL models, offers a powerful solution to
this problem by effectively filtering out noise and enhancing signal clarity [83,84].
These Al-driven algorithms can be trained to distinguish true physiological sig-
nals from artifacts, thereby increasing the accuracy of blood pressure estimations
and ensuring reliable monitoring in real-world conditions, where motion and
other noise sources are often unavoidable.

Beyond noise reduction, Al integration also addresses other critical challenges
in PPG signal analysis, such as variability interindividual and intraindividual.
Given that PPG signals can vary significantly between individuals due to fac-
tors like age, skin tone, physical condition, and vascular morphology [85, 86],
Al-based models excel in adapting to these differences.

Moreover, Al enables dynamic recalibration, allowing models to adjust over
time by incorporating new patient-specific measurements. This recalibration en-
sures that the system can adapt to physiological variations, such as fluctuations
in blood pressure due to stress, medication, or circadian rhythms. This adaptabil-
ity is particularly valuable in wearable blood pressure monitors, where real-time
classification can learn from previous readings, improving accuracy and reliabil-
ity. By continuously refining predictions based on evolving physiological states,
these Al-driven systems can reduce diagnostic errors, enhance non-ambulatory
monitoring, support early hypertension detection, and optimize treatment ad-
justments, ultimately leading to better clinical outcomes.

Another significant challenge lies in the non-linear relationship between PPG
features and blood pressure. Traditional signal analysis techniques often struggle
to capture these complex interactions. However, Al approaches, including neural
networks and decision-tree-based models, are adept at handling non-linear pat-
terns, allowing for a more nuanced understanding of how physiological changes
influence blood pressure readings [87].

Finally, Al’s predictive capabilities extend to the early detection of cardiovas-
cular events [88]. By analyzing large datasets of PPG signals, Al algorithms can
identify subtle changes that precede serious cardiovascular incidents, such as hy-
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pertensive crises or arrhythmia. This allows for timely intervention, significantly
reducing the risk of adverse outcomes in high-risk patients.

In summary, the application of Alin blood pressure monitoring not only over-
comes critical challenges such as noise reduction, variability adaptation, and non-
linear signal interpretation but also enhances device accuracy through continu-
ous calibration and predictive analytics. These advancements are transforming
the field, offering more reliable, precise, and personalized tools for cardiovascu-
lar care.
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This chapter provides a detailed description of the materials and methods employed in
this study. First, the dataset used for analysis is introduced in Section 4.1, followed by an
overview of the signal processing techniques applied to the simultaneous PPG, ECG, and
ABP recordings in Section 4.2. The methodology for hypertension risk assessment is then
outlined, considering both non-calibrated (Section 4.3) and calibrated (Section 4.4) ap-
proaches. Additionally, in Section 4.5, an alternative classification framework is presented,
focusing on the detection of hypertension as a pathological condition rather than estimat-
ing absolute blood pressure values. Finally, the statistical indices used for performance

evaluation are defined in Section 4.6.
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4.1 Dataset

The research utilized data from the Medical Information Mart for Intensive Care
(MIMIC) database, a freely accessible hospital database containing de-identified
data from numerous patients admitted to the Intensive Care Unit (ICU) at the
Beth Israel Deaconess Medical Center in Boston, Massachusetts [74]. This dataset
was specifically selected due to its simultaneous recording of multiple digital vi-
tal signs, including ECG, PPG, and ABP. These signals were acquired at a sam-
pling frequency of 125 Hz, with a resolution ranging from 8 to 10 bits. The dura-
tion of the recordings varied across patients, depending on their length of stay in
the ICU and the monitoring period.

The first phase of the methodology involved isolating segments from each
patient’s overall records where the three studied signals were simultaneously
recorded. Given the critical condition of patients within the ICU, the monitoring
of vital signs is not always simultaneous and varies based on treatment and the
attending physician’s considerations. Afterwards, an accurate selection process
was employed to identify and extract segments devoid of noise or artifacts.

Across the different approaches proposed to achieve the final objective of dis-
criminating subjects based on the PPG signal, both the number of subjects and the
volume of measurements analyzed have progressively increased. Additionally,
the criteria used to label subjects as healthy or hypertensive have been adjusted
in an effort to identify a classification scheme that better aligns with real-world
clinical scenarios, as represented in Table 4.1.

Table 4.1: Number of recordings, hypertension labels depending on SBP values and grouping of
labels for discrimination in each approach studied.

AI Method Study Subjects | Recordings Hypertension Labels Comparisons
T vs PH
35 NT (<120 mmHg) ET :s b
. No Calibration 86 86 (60s) 26 PH (120-140 mmHG) S
Machine 25 HT (>140 mmHg) NT+PH vs HT
Learning 8 NT vs PH+HT
. . 45NT (<130 mmHg)
librat: 13 (12 Tvs HT
Calibration 69 913 (120s) 24 HT (>130 mmHg) NT vs
Pathology 33 NT (<120 mmHg)
51 668 (120: NT vs HT
Detection (1209 | 1 HT (>140 mmHg) Ve
260 NT (<120 mmHg)
NT+PH vs HT
Deep No Calibration 50 635 (120s) | 174 PH (120-140 mmHG) NT-:/ S P‘I,-;—HT
Learning 201 HT (>140 mmHg)
o 45 NT (<130 mmHg)
Calibrat: 69 974 (120 NT vs HT
atibration (1209 | 24 HT (>130 mmHg) Ve

Since signals were acquired using commercial PPG and ECG devices and an
intra-arterial catheter in the radial artery for ABP measurement, significant arti-
facts were present. They were primarily caused by sensor malfunctions, patient
movement, and interference from other physiological signals, such as respiratory
activity. Figure 4.1 illustrates typical artifacts identified in the MIMIC database.
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Figure 4.1: Example of ABP and PPG signals artifacts in MIMIC database. (a) ABP signals present-
ing systolic values below 75 mmHg and exhibiting fluctuations between seconds 20 and
40. (b) PPG signals affected by noise and artifacts, resulting in the absence of a distin-
guishable systolic and diastolic wave pattern.

The main artifacts identified are:

¢ Physiologically implausible SBP values outside the range of 75-170 mmHg.

¢ Unstable SBP values observed within a 120-second window, exhibiting vary-
ing blood pressure labels. Similarly, intervals bordering two classifications
(120 and 140 mmHg) were excluded due to insufficient representation of a
distinct classification group.

¢ Significant noise and fluctuations in PPG, ECG or BP signals.

¢ Unusual waveform morphology that lacks differentiation between systolic
and diastolic waves.

¢ Flatlines in both PPG and ABP signals when consecutive samples maintain
a constant value.

¢ Flat peaks in ABP signal, indicating identical SBP values across consecutive
samples, possibly due to sensor-related issues.

4.2 Signal Processing

The experiment was executed under MATLAB (MathWorks, Natick, MA, USA), a
scientific and engineering computing software, running on a computer equipped
with an Intel i7-8700 CPU @ 3.2 GHz, 16 GB of memory.

Raw PPG signals were processed using a fourth-order Chebyshev Type II
bandpass filter with cutoff frequencies between 0.5 and 10 Hz, aiming to suppress
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minor noise and artifacts caused by factors such as poor sensor contact, patient
movement, or interference from other physiological activities, particularly respi-
ratory activity, and to improve the signal quality index [89]. These artifacts were
not significant enough to lead to signal dismissal during the prior selection stage.
Furthermore, the mean value of the filtered PPG was removed to prevent drifts
and to allow a better comparison between different signals.

Since the waveform of the PPG signal itself is rather simple and not very infor-
mative, the derivatives of the signal were also used to better assess the changes in
the signals caused by BP. VPG represents the velocity waveform of PPG signals,
and APG represents the acceleration waveform of PPG signals and was obtained
by applying the first and second order derivatives, respectively, to the processed
PPG signal [90].

In contrast, the ABP signals, reflecting BP changes across the cardiac cycle,
were clear and required no additional processing. For its part, standard prepro-
cessing was applied to each ECG [91]. Thus, they were high-pass filtered with
cutoff frequency of 0.5 Hz to remove the baseline, and then low-pass filtered with
a cutoff frequency of 50 Hz to reduce high-frequency muscle noise and power
line interference, which in this case was 60 Hz [91].

4.3 Hypertension Risk Assessment

Hypertension classification is essential for early detection and risk stratification,
supporting timely intervention and contributing to the prevention of cardiovas-
cular complications. In this study, two distinct computational approaches were
explored for hypertension risk classification. Machine learning approach relies
on manually extracted features derived from PPG and ECG signals, requiring
prior identification of fiducial points. In contrast, deep learning approach elimi-
nates the need for manual feature extraction by directly learning representations
from raw PPG signals using CNNs. The following subsections describe these
methodologies in detail, highlighting their implementation, advantages, and per-
formance in hypertension risk classification.

4.3.1 Machine Learning Approach

Machine learning approach often involves the initial step of manually extracting
signal features to gather numerical data. This process is followed by rigorous sta-
tistical data preparation and meticulous feature selection. Subsequently, classifi-
cation models are utilized to distinguish between individuals with hypertension
and those who are healthy. As a graphical summary of this approach, Figure 4.2
shows the different stages in the process of creating models for the hypertension
risk classification based on ECG and PPG signals employing ML models.
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In this initial approach, 86 records, each lasting 60 seconds, were collected
from different subjects, distributed across 35 normotensive, 26 prehypertensive,
and 25 hypertensive individuals.

86 Synchronized PPG, ECG
and BP biosignals

PPG and ECG signal
preprocessing

ABP signal

Fiducial Points Hypertension category
Identification extraction

Label
\Y4
Extraction of ML Classification models
discriminatory (
parameters 1123 |4]..|86
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Statistical data
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Figure 4.2: Machine learning classification process. PPG and ECG signals were used to extract
discriminatory parameters following the identification of fiducial points, while the hyper-
tension risk category was determined from the synchronized ABP signal. Finally, ML
classification models were evaluated using the constructed feature matrix and the corre-
sponding classification labels as input, employing a leave-one-out cross-validation strat-
egy to assess model performance.
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Fiducial Points Identification

PPG and ECG signals are characterized by their rich physiological information.
However, the effective classification of these signals hinges on the accurate ex-
traction and selection of feature points, a critical first stage in ML-based analy-
sis. This process involves identifying and isolating key points within the PPG
and ECG waveform that encapsulate the most relevant information, thereby en-
hancing the performance of subsequent classification algorithms. Optimizing the
selection of these feature points can significantly enhance the accuracy, computa-
tional efficiency, and interpretability of ML models, making it a fundamental step
towards developing robust and reliable systems.

PPG onset indicates the beginning of the pulse in the systolic phase, where
oxygenated blood begins to flow at the measurement site. Then, the increasing
pressure in the artery is reflected in the ascending edge from the onset to the sys-
tolic peak or maximum peak of the pulse. The dicrotic notch and diastolic peaks
correspond to wave reflections from the periphery and are modulated by factors
such as arterial stiffness, vascular resistance, and compliance. The diastolic point
indicates the end of the ejection phase, coinciding with the closure of the aortic
valve. With the aging process, there is an observed attenuation of both the notch
and diastolic components within the signal, so they are not detected in the study.
APG feature points analysis is more habitual than VPG, where only the systolic
peak is studied. From APG, four waves are identified from the systolic phase and
an early diastolic wave, which corresponds to a dicrotic notch [56].

For ABP signals, the extraction of SBP involved identifying the amplitude of
the maximum point in each ABP pulse. This parameter was employed to catego-
rize each PPG segment into distinct BP category labels, a process made feasible
through the simultaneous acquisition of PPG and ABP signals.

Subsequently, an R-peak detector, implementing the Pan-Tompkins algorithm,
was employed to determine the position of each beat in the ECG signal [92].
Widely recognized for its robustness, the Pan-Tompkins algorithm manages to
minimize both false negatives and false positives.

In summary, the feature points extracted to PPG, VPG, APG, ABP and ECG
signals are illustrated in Figure 4.3 and listed below:

* PPG: Onset (O), Systolic peak (S).

* VPG: Maximum peak in systole (W).

* APG: Maximum peak in systole (a), maximum peak after a-peak (b), first
positive peak after b-peak (c), first negative peak after c-peak (d), beginning
of the diastolic component (e).

e ABP: Systolic blood pressure (SBP).
¢ ECG: R-peak.
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Figure 4.3: Fragment of 2000 samples illustrating signals morphology, together with the representa-
tion of the characteristic points of the defined PPG, VPG and APG signals.

Extraction of discriminatory parameters

Following feature points identification, the next critical step in the ML classifi-
cation process is the extraction of discriminatory parameters. These parameters,
derived from the selected feature points, are essential for distinguishing between
normotensive and hypertensive stages, as PPG, VPG and APG morphology pa-
rameters are closely associated with BP estimation [90]. This process involves
transforming raw feature points into a set of quantifiable metrics that capture the
underlying patterns and variations within the PPG signal. Identifying parame-
ters with high discriminatory power enables classification models to more effec-
tively distinguish between classes, thereby improving classification accuracy.

Among these parameters, those based on wave propagation theory as Pulse
Transit Time (PTT) and Pulse Arrival Time (PAT) are particularly noteworthy,
as they provide essential insights into cardiovascular dynamics, as extensively
discussed in Subsection 2.5.3. PTT offers information about the time taken for a
pulse wave to travel between two arterial sites, thereby reflecting arterial stiffness
and vascular health [47]. In this case, PTT is extracted as the time delay between
SBP peak in the ABP signal and the S-peak in the PPG signal. PAT, on the other
hand, defines the time difference between the onset of electrical activity in the
heart, measured with ECG, and the subsequent changes in the PPG waveform.
This can be classified into PAT at the foot of the waveform (PAT,.t), the first
derivative (PATyerivative), and the systolic peak (PAT)¢qk), each offering differ-
ent insights into cardiovascular function [11,60].

Regarding PPG waveform morphology parameters, PPG systolic peak (S) is
commonly used as it serves as an indicator of pulsatile changes in blood vol-
ume caused by arterial flow around the measurement site, demonstrating a di-
rect correlation with local vascular distensibility across a broad range of cardiac
output [93]. The rising time or crest time, defined as the time taken to reach S-
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peak from the onset of the waveform, reflects the rate of ventricular ejection and
arterial stiffness, thus being longer in hypertensive patients [54].

Time peak to peak (IPP) and time pulse interval (TPI) are obtained by the
elapsed time between two consecutive S-peaks and O-notches, respectively. They
correspond to the R-R interval of the ECG, as they represent a complete cardiac
cycle, allowing heart rate extraction from the PPG signal without the need for an
ECG signal [54].

Additionally, PPG pulse width, measured at half the height of S-peak, is cor-
related with systemic vascular resistance. The pulse area, defined as the integral
of the pulse wave, can be divided into systolic and diastolic sections based on the
dicrotic notch. Inflection point area (IPA) or ratio between these areas offers valu-
able insights into total peripheral resistance, which can be used to differentiate
between healthy and hypertensive individuals [54].

In the VPG signal, as it is hardly used in literature, only w-peak amplitude
is extracted, reflecting the velocity of the amplitude changes in PPG signal, thus
offering insights into the speed and intensity of blood ejection from the heart [56].

For its part, the APG signal provides many features that reflect the blood ac-
celeration at the PPG measurement. These features are based on the relationships
between the amplitudes of their waves, which will be positive or negative de-
pending on the baseline [93]. Firstly, the ratios involving the a-wave constitute
pivotal features in classification models. The b/a ratio reflects the increase in arte-
rial stiffness, exhibiting an age-associated increase. Conversely, ¢/a, d/a and e/a
ratios have an opposite physiological meaning, reflecting a decrease in arterial
stiffness that corresponds to a decrease with age. Furthermore, the (b—c—d—e)/a
ratio increases with age and may be useful for the assessment of vascular aging
and arteriosclerosis detection. In instances where certain waves are not well-
defined, alternative ratios such as (b—e)/a and (b—c—d)/a may be employed [93].
Evdochim et al. [94] proposed a more comprehensive ratio: (c+d—b)/a and distin-
guished seven categories of APG pulse based on the patient’s circulatory system
state. Furthermore, in the same way as S — S interval in PPG signal, the APG
a — a interval is employed as an alternative to obtain heart rate, as it correlates
with a complete cardiac cycle.

Finally, a total of 23 classification parameters were extracted from the studied
biosignals [90, 95,96]. These parameters encompass a comprehensive range of
temporal, morphological, and wave propagation metrics, each selected for their
discriminatory power, allowing for a detailed analysis of both normotensive and
hypertensive conditions. These discriminatory parameters are listed below and
represented in Figure 4.4.
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Figure 4.4: Representation of the main discriminatory parameters extracted from synchronized ECG
and PPG signals.

¢ PAT: Time interval between R peak in ECG signal to: the O-notche (PATfo0t),
the maximum slope of PPG signal or W peak of VPG signal (PAT gerivate)
and S-peak (PATpeqk)-

e PTT Time interval between SBP peak in ABP signal to S-peak.

* Sistolic peak amplitude in PPG: Amplitude from the baseline to S-peaks.
* Sistolic peak amplitude in VPG: Amplitude from the baseline to W-peaks.
e TPP: Time interval between two consecutive S-peaks.

¢ TPI: Time interval between two consecutive O-notches.

* Rising Time::Time interval between O-notch and S-peak.

¢ Width: PPG Pulse width at half of S-peak height.

® Pulse area: Trapezoidal integration of PPG signal between two consecutive
O-notches.

¢ Area 1: Trapezoidal integration of PPG signal from O-notche to S-peak.
¢ Area 2: Trapezoidal integration of PPG signal from S-peak to O-notche.
e IPA: Ratio of both areas (A2/A1).

¢ a-a: Time interval between two consecutive a-peaks.

¢ Ratios between APG waves with the a-wave: b/a, c/a, d/a, e/a.

¢ Complex APG ratios: (b-c-d-e)/a, (b-e)/a, (b-c-d)/a, (c+d-b)/a.
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Statistical data preparation

After obtaining the values for each discriminatory parameter in all data records,
it is imperative to conduct statistical data preparation to address missing values
and outliers. Missing values reduce the available data for analysis and compro-
mise its reliability, introducing bias into the results and corrupting the efficiency
of the input matrix [97]. To mitigate this, values identified as not a number (NaN)
due to incomplete extraction of a predictive parameter in a record will be substi-
tuted with the median of the values for that parameter within the same hyperten-
sion classification.

Outliers can distort statistical estimations of average and standard deviation,
leading to either overestimation or underestimation of values. These outliers,
representing atypical values potentially stemming from issues in the detection
method or signal defects, require careful handling. To this end, a logical array
is generated to identify outliers using the absolute deviation from the median
(MAD) method [98], which detects as outliers those values that are more than
three scaled mean absolute deviations away from the median. Similarly, to han-
dle missing values, outliers identified in the dataset will be addressed by replac-
ing them with the median of the feature values from patients sharing the same
classification label as the outlier. This approach ensures that outliers are treated
within the context of the specific subgroup they belong to, maintaining the in-
tegrity of the data analysis process

Implementation details

Following data preparation, a total of 23 classification parameters were extracted
from the synchronized PPG, ECG, and BP biosignals. These features served as the
input for training multiple ML classifiers. The selection of parameters is crucial
to the model’s performance, as they directly influence the algorithm’s ability to
generalize across subjects and accurately classify individuals into the appropriate
blood pressure categories.

Given the dataset’s composition, which includes three distinct patient groups,
it was adopted a binary classification approach that allowed for comprehensive,
paired comparisons between these groups. Four main binary classification sce-
narios were defined: (1) NTS vs. PHT, (2) NTS vs. HTS, (3) NTS and PHT com-
bined vs. HTS, and (4) NTS vs. PHT and HTS combined. This binary classifica-
tion framework allowed for a more granular assessment of the classifiers” ability
to distinguish between different stages of cardiovascular health.

To evaluate the models’ performance robustly, a leave-one-out cross-validation
strategy was implemented. In this validation framework, the classification algo-
rithm was applied once for each individual record, treating that record as the test
set and using all other records in the dataset as the training set. This method
ensures that each record is tested exactly once, providing a robust performance
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assessment while minimizing bias by utilizing nearly the entire dataset for train-
ing in each iteration [99].

The initial selection of ML classification models comprised Logistic Regres-
sion, AdaBoost Tree, KNN, and Bagged Tree, chosen based on their proven re-
liability and effectiveness in hypertension risk classification [57]. These models
represent a diverse set of fundamental classification methodologies for a prelim-
inary comparative analysis of performance and interpretability.

To further optimize classification performance and explore the influence of
algorithmic diversity, the analysis was expanded to include a total of 37 clas-
sification strategies. This extended set incorporated models from key families
such as logistic regression, Naive Bayes, discriminant analysis (both linear and
quadratic), SVM with various kernels, KNN with different distance metrics, en-
semble classifiers (boosting and bagging), and multiple decision tree variants [100].

This exhaustive exploration aimed to identify models capable of effectively
discriminating between hypertensive and non-hypertensive subjects using fea-
tures extracted from PPG and ECG signals, while also evaluating their perfor-
mance under varying labeling criteria.

4.3.2 Deep Learning Approach

In contrast to traditional ML-based approaches, which rely on the manual extrac-
tion of signal features, DL techniques offer a distinct advantage by automatically
learning and extracting the most relevant features from generated images. More-
over, DL-based methods provide a significant improvement by eliminating the
dependency on ECG signals, simplifying the classification process.

To enhance the number of analyzed segments, the raw 120-second PPG sig-
nals were initially divided into 5-second segments. This segmentation strategy
is necessary to increase the amount of training data available, which is crucial
for DL models to learn robust and generalizable patterns from the input signals.
These segmented signals were then transformed into images using continuous
wavelet transform (CWT), applied to both the original and downsampled sig-
nals. Finally, the resulting images were used as input for pretrained deep neural
networks, which have demonstrated exceptional performance in image classifi-
cation tasks. This paradigm shift underscores the potential of DL methodologies
to revolutionize the analysis and interpretation of medical data, particularly in
healthcare diagnosis field.

For this approach, a total of 635 recordings from 50 patients were selected,
each with simultaneous and stable ABP and PPG signals of 120 seconds in length
and sampled at 125 Hz. As a graphical summary of this sub-chapter approach, a
flowchart is presented in Figure 4.5, showing the different stages in the process
of creating models for the PPG signals classification in DL approach.
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Figure 4.5: Deep learning classification process. Raw and downsampling 5-second PPG signal seg-
ments were processed with CWT to feed pretrained DL models. Hypertension risk cate-
gory was determined from the synchronized ABP signal.

Pretrained CNN Architecture

For the problem of hypertension risk assessment, pretrained CNNs ResNet and
GoogLeNet were employed. To retrain the pretrained networks, the last three
layers of the original architectures were replaced in order to adapt them to the
new image dataset. These layers use image features and information from the
previous convolutional layers to classify the input images. The original fully con-
nected layers were replaced with new fully connected layers, with the same num-
ber of outputs as the number of classes, in our case, two. Similarly, the original
softmax layer and the original classification layer were replaced with two new
layers of the same type. Figure 4.6 illustrates the block diagram of the modified
architectures of Googlenet and ResNet CNNs.

Training options established a minimum batch size of 128 and an initial learn-
ing rate of 1 x 10~%. The validation frequency was adjusted based on the num-
ber of training images and the ratio between training images and the minimum
batch size. Additionally, the effectiveness of the classification from the models
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Figure 4.6: Block diagram illustrating the modified architectures of (a) GoogleNet, (b) ResNet-18,
and (c) ResNet-50. To align these models with the new task of assessing hypertension
risk using PPG recordings, the original fully connected, softmax, and classification layers
have been replaced. Additionally, input images with both labels have been resized to 224
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was compared using two different training solvers, Adam [101] and SGDM [102],
with the aim of finding the best training hyperparameter.

In supervised learning, overfitting can be a significant issue when the model
struggles to generalize from the training set to the testing set. This issue was
mitigated in this work through the use of early stopping, a technique that auto-
matically halts training when the validation error starts to increase [103].

Image Representation of PPG Signal Using CWT

Since both ResNet and GooglLeNet CNNs require inputs of size 224 x 224 x 3
in RGB format, PPG segments were processed using CWT [104] and transformed
into a scalogram, which provided the absolute value of CWT coefficients of the
PPG signal. These scalograms were then resized to 224 x 224 x 3 to be fed into
the training models. The absolute value of the wavelet coefficients was obtained
using the analytic Morse (3, 60) wavelet, with the Voices per Octave set to 12.
The choice of CWT and scalograms was based on their effectiveness in providing
time-frequency information and useful learning features for CNNs [17].

Additionally, white lines were added to the scalogram to mark the cone of
influence. This marks areas in the scalogram that may be affected by border dis-
tortions due to missing values at the beginning and end of the transform. The un-
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shaded region guarantees that the information is an accurate time-frequency rep-
resentation of the PPG signal.

Other recent studies have employed spectrograms computed using the STFT
and transforming the PPG segment into the instantaneous frequency and spectral
entropy [18,19]. Thus, it is obtained using a window function that moves along
the time axis of the signals and provides at a particular instant the time-frequency
information. This representation has obtained worse classification results than
using CWT as the identification of the low-frequency or fast-changing frequency
component of the signal is carried out better with scalograms.

In Figure 4.7 is represented an image example for each hypertension category.
It can be observed that the upper portion of the images lacks significant frequency
information.

(a) Normotensive record. (b) Prehypertensive record. (c) Hypertensive record.

Figure 4.7: Scalograms representing CWT with the cone of influence of (a) normotensive, (b) prehy-
pertensive, and (c) hypertensive PPG segments.

To address this lack of information, the original PPG signals were downsam-
pled by a factor of 5, resulting in final signals with a sampling rate of 25 Hz. This
downsampling was implemented to evaluate whether it could enhance the clas-
sification performance of their CWT representations. A higher downsampling
factor was avoided to preserve critical information in the images.

Moreover, the impact of downsampling the PPG signals was analyzed con-
sidering potential applications in mobile health. It offers several practical ad-
vantages, such as decreased power consumption and lower computational load,
which are particularly beneficial for the implementation of cuff-less blood pres-
sure monitoring devices. Additionally, minimizing the size of transmitted data
reduces database storage requirements, making the approach more efficient for
storing and visualizing patient information via mobile applications [105].

Figure 4.8 represents the effect of downsampling the PPG signals to 25 Hz
in the scalograms. This adjustment ensures that almost all pixels in the image
contain significant information, which is expected to enhance the performance of
future classification models
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(a) Normotensive record. (b) Prehypertensive record. (¢) Hypertensive record.

Figure 4.8: Scalograms representing CWT with the cone of influence of (a) normotensive, (b) prehy-
pertensive, and (c) hypertensive downsampled PPG segments.

Implementation details

This approach aims to identify the most effective method for hypertension risk
assessment using scalograms of PPG signals as inputs to train pretrained CNN
models, specifically GoogleNet and ResNet. Unlike traditional ML methods, this
DL approach does not rely on ECG recordings or manual feature extraction for
classification.

The PPG signals were first segmented into consecutive 5-second windows.
Each segment was then transformed into a scalogram, resulting in a total dataset
of 15,240 images. These were split into training and test sets following an 80%-
20% partitioning strategy, yielding 12,192 training images from 508 recordings
and 3,048 test images from 127 recordings. To ensure subject independence,
recordings from individual patients were uniquely assigned to either the train-
ing or the test set.

Additionally, the training dataset was further split into 80% for training and
20% for validation to prevent overfitting during model training. It is important to
note that this division was applied to the images rather than the recordings, thus,
segments derived from the same recording could appear in both the training and
validation subsets. While this may introduce some dependency, the separation of
test data at the patient level ensured reliable generalization assessment.

The first phase of the study examined the impact of downsampling the PPG
signals to 25 Hz by comparing classification performance against models trained
with the original 125 Hz signals. Classification performance was evaluated under
two binary classification schemes: (1) NTS vs. PHT and HTS combined, and (2)
NTS and PHT combined vs. HTS.

Based on initial results, the optimal sampling rate and classification labels
were identified and used to refine the training process. Further analysis com-
pared the performance of two optimizers: Adam [101] and SGDM [102], to deter-
mine the most effective hyperparameter configuration for model training.
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4.4 The Relevance of Calibration in Hypertension Risk
Assessment

It has been demonstrated that the relationship between the PPG-based propaga-
tion parameters and blood pressure is influenced by multiple physiological fac-
tors, including arterial walls thickness and elasticity, age, gender, posture and risk
factors of CVDs. Thus, calibration becomes essential when applying automated
classification methods to estimate BP levels in new subjects [85]. Moreover, cali-
bration before measurement is essential to adapt the algorithms to the variations
on PPG waveforms, as they are easily corrupted by fluctuations in blood circu-
lation state, affecting the connection between BP and peripheral pulses [86]. The
following subsections describe the methodologies to develop a classification sys-
tem for hypertension risk discrimination and to evaluate the need and relevance
of per-subject calibration employing both ML and DL based classification models.

44.1 Machine Learning Approach

With the aim of improving the approach of machine learning based discrimina-
tion between healthy and hypertensive subjects analyzed in 4.3.1, a variation in
the implementation was proposed, introducing a context that is closer to reality.
To this end, the relevance of the calibration when classifying new subjects that
were not included in the training phase of the classification model was studied.

To study the impact of calibration, both the number of subjects and segments
per subject were increased, as distant segments of each subject were required.
After labeling MIMIC recordings based on SBP values, it was observed that sev-
eral subjects exhibited stable signal stretches with differing hypertension labels.
A possible explanation for these fluctuations in SBP values was that all patients
were in an ICU, potentially receiving treatment or medication that significantly
affected their SBP levels. Additionally, some subjects had temporally distant seg-
ments with SBP values near the classification threshold, leading to inconsistent
labels over time despite only minor SBP variations.

To mitigate the effects of these time-related inconsistencies, subjects with sub-
stantial SBP fluctuations—whose labels switched between NTS and HTS across
different time points—were excluded. These subjects were not suitable for train-
ing a classification model aimed at assessing the risk of hypertension. As a result,
subjects maintaining consistent labels throughout the recording period were se-
lected. Finally, a total of 913 recordings from 69 subjects, 45 categorized as NTS
and 24 as HTS, each lasting 120 seconds and with acceptable signal quality con-
ditions, were selected from the MIMIC database.

To further refine the classification approach, two sequential calibration strate-
gies were implemented. Each strategy incrementally incorporated additional fea-
tures extracted from new signal segments into a base model. This base model
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was initially trained using all segments of the subjects except the one being ana-
lyzed. Then, in each iteration, additional PPG-extracted features were integrated,
allowing the model to progressively refine its predictions with newly available
information.

The first strategy employed sequential validation using continuous segments,
where training was conducted on initial segments, and validation was performed
on immediately subsequent segments. This method assumes that successive seg-
ments will be highly similar, leading to high classification accuracy in validation.

The second strategy investigated the impact of temporal separation between
calibration measurements. Different separation intervals were explored, ranging
from less than an hour to several hours or even days. This approach aimed to
assess how classification performance is affected by increasing temporal gaps,
providing insights into the model’s ability to generalize hypertension risk assess-
ment over extended periods.

Furthermore, a feature selection stage was introduced after the obtention of
the discrimination features from all data recordings. The aim was to select only
those features, from the original 23 discriminating parameters, that presented
relevant information for solving the classification problem optimally.

Feature Selection

Firstly, since all the features were continuous quantitative variables, it was neces-
sary to carry out a normalization, since each one could take on a different range
of values, and more weight would be given to the variables with higher values,
not necessarily being more important. The normalization was carried out using
“zscore” centering the variables so that they had zero mean and scaling so that
they had unit standard deviation, as represented in the following equation:

(4.1)

where z is a concrete value of a given feature, X is the mean of all values of that
feature and S the standard deviation.

Once the variables were normalized, ReliefF algorithm was applied to rank
predictors by importance, determining which ones had the best discriminatory
power. The key idea of this method is to estimate the quality of predictors accord-
ing to how well instances near to each other are distinguished, rewarding predic-
tors that give different values to neighbors of a different class [106]. Furthermore,
by means of positive and negative correlation, the independence between pairs of
variables was analyzed in order to discard those that did not provide new infor-
mation for the classification task. Figure 4.9 illustrates the matrix whose entries
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Figure 4.9: Correlation matrix of the 23 initial discriminatory features extracted from PPG and ECG
signals. Dark red values represent higher correlation coefficients and dark blue values
represent lower correlation coefficients.

are the correlation coefficients obtained by matching pairs of variables, so that
highly correlated features can be discarded.

After analyzing the correlation matrix and ReliefF results, it was decided to
remove three complex APG ratios (b —c—d —e)/a, (b —¢)/aand (c+d —b)/a
as they had high correlation coefficients with other features, as well as the last
three ReliefF ranked features (TPP, TPI and pulse area), as the deletion of more
features worsened classification performance. Finally, after the feature selection,
17 normalized features were obtained, which will be used as inputs to train the
classification models with ML techniques.

Implementation Details

After the feature selection stage, the most discriminative features were extracted
from the preprocessed PPG and ECG signals and used as inputs to train classifi-
cation models based on ML techniques. To enable a fair and consistent compari-
son with the results presented in Section 4.3.1, the same set of classification algo-
rithms was employed, encompassing both fundamental and alternative models
to ensure methodological coherence.
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In this study, calibration was defined as the inclusion of at least one previous
measurement from the subject under analysis in the training set. Aimed at study-
ing the importance of calibration in classifying new subjects as NTS or HTS, three
different approaches were explored:

1. Classification without prior subject-based calibration. In this approach,
the performance of new subjects without prior subject-based calibration
was studied. For this purpose, the analyzed segments of the new subject
were only used for validation, while the training set consisted only of seg-
ments from other subjects.

2. Effectiveness of calibration for short-term classification. This approach
examined whether incorporating to training set prior measurements from
the same subject, taken shortly before, could improve classification accu-
racy. The procedure followed these steps:

a. Signal segments with a duration of 2 minutes were divided into 12
sub-segments, each lasting 10 seconds.

b. The sub-segments of all subjects except the one to be analyzed and
the first sub-segment of the analyzed subject, acting as the calibration
measurement, were used as the training set and the next sub-segment
of the same subject was used for validation.

c. After its classification, this second sub-segment was introduced in the
training set, using the next sub-segment for validation. This step was
repeated until the 12 consecutive sub-segments of the subject were pro-
cessed.

d. This procedure was repeated for all 2-minute segments across all sub-
jects in the database.

By performing this sequential calibration and validation, we aimed to ana-
lyze how classification performance improved as the model incrementally
incorporated subject-specific data taken in close temporal proximity.

3. Effectiveness of calibration for long-term classification. This approach in-
vestigated whether prior measurements from the same subject, but taken
hours or even days apart, could enhance classification accuracy. To con-
trol temporal distance between measurements, groups of segments of the
same patient that were less than 1h, between 1h and 6h, between 6h and
24h and more than one day apart were selected. A sequential validation
process similar to the one used for short-term calibration was also followed
in this approach. This allowed us to study whether classification results
improved when the model incorporated previous measurements from the
same patient taken at increasingly distant time points.
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4.4.2 Deep Learning Approach

The DL approach was designed to evaluate the impact of calibration when clas-
sifying new subjects as NTS or HTS. In contrast to traditional ML methods, this
strategy eliminates the need for manual feature extraction and does not rely on
synchronized ECG signals, thereby streamlining the implementation process and
enhancing its feasibility for real-world clinical applications.

In this study, a binary classification approach was adopted to discriminate
between NTS and HTS subjects, with an SBP threshold of 130 mmHg. Given
that prehypertensive patients (120 to 140 mmHg) with stable SBP values within
this range are relatively uncommon, the primary objective of this study was to
develop tools capable of detecting hypertension or its initial symptoms, i.e., when
a patient’s SBP exceeds 130 mmHg. Additionally, subjects displaying significant
fluctuations in their SBP values between NTS and HTS measurements over time
were excluded from the dataset.

Ultimately, a total of 974 recordings from 69 subjects were selected from the
MIMIC database, with 45 subjects classified as NTS and 24 as HTS. PPG and ABP
signals were recorded simultaneously, with a duration of 120 s and a common
sampling frequency of 125 Hz. As discussed in 4.3.2, PPG signals were down-
sampled to 25 Hz to optimize data efficiency, reducing transmission and storage
demands, an essential consideration for real-time processing in wearable health
monitoring systems [105].
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Figure 4.10: Block diagram illustrating the DL classification methodology for assessing the need
of calibration in hypertension risk assessment. 10-second segments of downsampled
PPG signals were processed using CWT and fed into pretrained DL models. Hyper-
tension risk category was determined from the synchronized ABP signal. The resulting
images were divided into training and validation sets to evaluate the impact of calibration
across different time intervals.
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Figure 4.10 presents a block diagram outlining the methodology developed to
evaluate the role of calibration in hypertension classification using DL pretrained
models. The process began with basic preprocessing of the raw PPG signals to
enhance signal quality and remove noise. To address the need for large datasets
in DL, the 120-second PPG and ABP recordings were divided into 10-second sub-
segments, resulting in a total of 11,688 samples.

Each segment was then transformed into a time-frequency image using the
CWT, which captures both temporal and spectral characteristics of the signal. The
absolute values of the CWT coefficients were used to generate scalograms, which
were subsequently resized to 224x224 pixels and formatted as RGB images to
meet the input requirements of the selected pretrained CNN models: ResNet-18,
ResNet-50, and GoogLeNet.

Implementation Details

In the previous investigation of the importance of calibration in hypertension risk
assessment using ML methods, experiments were conducted where calibration
measurements were taken at various time intervals from the test measurements.
In the calibration approach with closely spaced measurements, sequential vali-
dation was performed with the twelve sub-segments into which each 120-second
segment was divided. This approach was not feasible with DL-based methods
due to their high computational complexity and long training times. Conse-
quently, the model would require more training time than the time difference
between calibration and test measurements. Furthermore, it would not be prac-
tical to perform a calibration and predict hypertension risk only a few seconds
later, as the image transformations of both measurements would be very similar.

In this study, we examined the effectiveness of calibration with different time
intervals between PPG segments of different subjects. The intervals included less
than 1 h, between 1 h and 6 h, between 6 h and 24 h, and more than 24 h apart.
For this purpose, CNN classification models were trained following the proce-
dure outlined below:

1. Selection of 120-s PPG segments obtained for each time interval between
measurements.

2. The images of odd segments (1st segment, 3rd segment, etc., spaced at each
interval) were used for training, and the images of even segments were used
for validation. Additionally, images corresponding to PPG signals from
subjects who did not have segments separated by the specified time inter-
val were added to the training dataset. This increased the training dataset
with subject segments that were not part of the validation dataset, enhanc-
ing the model’s robustness. In this way, the calibration stage was simulated
using training segments, with validation segments between two calibration
measurements for classification.
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3. These images were used as inputs for GoogLeNet, ResNet-18, and ResNet-
50 pretrained CNN models, and the classification problem involved dis-
criminating between normotensive and hypertensive subjects using PPG
signal image representations.

Table 4.2 displays the number of images used in the training and valida-
tion tasks for each segment interval. For measurement intervals less than 24 h,
the number of images from subjects with segments spaced at these intervals was
higher than from unselected subjects. However, the opposite is observed when
the interval between measurements exceeds 24 h, as the number of subjects with
PPG recordings of more than 1 day is limited, and most of them do not belong to
this group.

Table 4.2: Division of PPG signals’ image representation in training and validation datasets for each
measurement interval.

Training Images Validation Images
Odd Segments Not Selected Subjects Even Segments
Below 1h 2136 408 1752
Between1hand 6 h 3168 84 2784
Between 6 h and 24 h 1728 732 1356
Above 24 h 288 8868 192

4.5 Detection of Hypertensive Pathology

This section aims to investigate whether PPG recordings can be correctly classi-
fied even when an alteration in BP from the analyzed subject occurs. This ap-
proach emphasizes the detection of pathological hypertensive conditions rather
than a direct classification based solely on BP levels.

To achieve this, a dataset was constructed from 51 subjects, grouped into two
categories: 33 subjects with predominant BP values below 120 mmHg, and 18
subjects with predominant BP values over 140 mmHg, labeled as NTS and HTS,
respectively. From this dataset, a total of 668 segments with coherent BP values
were extracted, corresponding to high BP readings for HTS subjects and normal
BP readings for NTS subjects. These segments represent the expected BP behavior
for each group. Additionally, 135 incoherent BP segments were identified, where
BP levels deviated from the typical group classification (normal BP readings for
HTS subjects or high BP readings for NTS subjects). These incoherent segments
represent recordings with alterations or unexpected BP behavior.

To enhance the robustness of the ML models, each recording was further di-
vided into 12 sub-segments of 10 seconds each. This segmentation aimed to in-
crease the size of the training and validation datasets while maintaining temporal
consistency.
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The implementation follows the standard ML procedure developed across
the thesis, where discriminatory features were extracted from synchronized PPG,
ECG, and ABP biosignals in order to train classification models. A total of 17 dis-
criminative features were selected, identical to those utilized in the ML approach
with calibration in Section 4.4.1.

The key distinction of this approach lies in the train-validation split strat-
egy. Instead of randomly partitioning the dataset, discriminative features ex-
tracted from coherent segments were exclusively used for training the classifica-
tion models, ensuring that the model learned from well-defined BP conditions.
Conversely, discriminative features from incoherent segments were employed
for validation. This approach simulated real-world scenarios where the model
encounters unexpected or altered BP behavior, thus evaluating its ability to gen-
eralize beyond the conditions observed during training.

By focusing on the detection of pathological alterations rather than specific
BP levels, this methodology highlights the potential of integrating PPG, ECG,
and ABP signals for robust classification of cardiovascular conditions. This ap-
proach also provides a framework for analyzing unexpected BP behaviors, which
could improve the early detection of hypertension-related pathologies and other
abnormalities.

4.6 Statistical Analysis

Statistical tests for accuracy (Acc), sensitivity (Se), specificity (Sp), and FI-Score
were employed for evaluating the classification performance. Acc represents the
percentage of correctly classified PPG segments. Se and Sp denote the ability
to detect HTS subjects as positive and the ability to detect NTS healthy subjects
as negative, respectively. F1-Score is the harmonic mean of Se and Acc. These
statistical tests were mathematically computed as follows:

TP+ TN
Ace = TN T FP I FN (4.2)
TP
Se=TPTFN (43)
TN
SP= TN T FP (44)
F1-Score = 2-Se- Ace 2. TP (4.5)

Se+Ace 2-TP+FP+ FN

Here, T'N represents the number of correctly classified NTS segments, T'P
the number of correctly classified HTS segments, F'N the number of incorrectly
predicted HTS segments, and F'P the number of incorrectly predicted NTS seg-
ments.






Chapter

Results

51 Hypertension Risk Assessment . . . .. ............. 62
51.1 Machine Learning Approach . . . . ... ... ... ... 62
51.2 Deep Learning Approach . . . . . ............. 64
5.2 Relevance of Calibration . . . .. ... .............. 67
52.1 Machine Learning Approach . . . . . .. ... ... ... 67
52.2 Deep Learning Approach . . . . . ... .......... 70
5.3 Detection of Hypertensive Pathology . ............. 71

In this chapter, the results of the studies described in Chapter 4 are presented. First,
the results of hypertension risk assessment for ML and DL approaches (described in Sec-
tion 4.3.1 and Section 4.3.2) are presented in Section 5.1. Next, the relevance of calibra-
tion for hypertension risk assessment results are presented in Section 5.2, for both ML and
DL approaches described in 4.4.1 and 4.4.2. Finally, Section 5.3 presents the results of
hypertensive pathology detection rather than absolute BP values, described in 4.5.
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5.1 Hypertension Risk Assessment

This section presents the classification results obtained from both traditional ML
and DL applied to hypertension risk assessment. Section 5.1.1 reports the perfor-
mance of conventional ML classifiers using previously validated and newly pro-
posed predictive parameters across different patient group comparisons. Section
5.1.2 focuses on the evaluation of DL architectures using different PPG signals,
including training-validation and test results, as well as a comparison between
optimizers and model configurations. The objective is to assess the effectiveness
and generalization capabilities of each approach in distinguishing between nor-
motensive, prehypertensive, and hypertensive individuals.

5.1.1 Machine Learning Approach

Since three different groups of patients were available, the four most logical paired
comparisons were made (NTS vs PHT, NTS vs HTS, NTS + PHT vs HTS, NTS
vs PHT + HTS). The statistical analysis commenced by employing the predic-

Table 5.1: Performance of four classification models with characteristic parameters strongly corre-
lated with BP levels in a previous work.

Models Comparison Sensitivity Specificity Fl-score
NTS vs PHT 61.54% 74.29% 62.75%
NTS vs HTS 80.00% 74.29% 74.07%
AdaBoost
NTS+PHT vs HTS 88.00% 81.97% 75.86%
NTS vs PHT+HTS 76.47% 71.43% 78.00%
NTS vs PHT 57.69% 68.57% 57.69%
- . NTS vs HTS 52.00% 77.14% 56.52%
Logistic Regression
NTS+PHT vs HTS 36.00% 90.16% 45.00%
NTS vs PHT+HTS 60.78% 34.29% 59.05%
NTS vs PHT 42.31% 80.00% 50.00%
KNN NTS vs HTS 40.00% 94.29% 54.05%
NTS+PHT vs HTS 36.00% 100.00% 52.94%
NTS vs PHT+HTS 62.75% 68.57% 68.09%
NTS vs PHT 46.15% 74.29% 51.06%
NTS vs HTS 76.00% 82.86% 76.00%
Bagged Trees
NTS+PHT vs HTS 52.00% 90.16% 59.09%

NTS vs PHt+HTS 72.55% 57.14% 71.84%




5.1. HYPERTENSION RISK ASSESSMENT 63

tive parameters that have demonstrated the highest correlation with BP levels in
previous studies [57], with their respective performance metrics summarized in
Table 5.1. This initial evaluation aimed to assess the effectiveness of conventional
classification models when utilizing well-established predictive features.

AdaBoost exhibited competitive classification performance, particularly in the
NTS vs. PHT + HTS scenario, achieving an F1-score of 78%. Bagged Trees per-
formed similarly or better in several comparisons, highlighting that no single
model consistently outperformed the others across all groupings. However, the
remaining models struggled to achieve a balanced classification. A noticeable
trend among these models was a strong tendency to classify a high proportion
of individuals as NTS, irrespective of their actual health condition. This issue is
particularly evident in the imbalance between sensitivity and specificity, as many
models favored specificity at the expense of sensitivity, leading to a significant
misclassification of hypertensive individuals. Such behavior underscores the lim-
itations of these models in accurately identifying patients at risk when relying
solely on traditional predictive parameters.

In contrast, Table 5.2 presents the classification results using the 23 newly pro-
posed predictive parameters, tailored to better capture the underlying physiolog-

Table 5.2: Performance of the four alternative classification models using the 23 new characteristic

parameters.
Models Comparison Sensitivity ~Specificity Fl-score
NTS vs PHT 57.69% 91.43% 68.18%
. NTS vs HTS 64.00% 85.71% 69.57%
Naive Bayes
NTS+PHT vs HTS 64.00% 91.80% 69.57%
NTS vs PHT+HTS 82.35% 82.86% 84.85%
NTS vs PHT 57.69% 74.29% 60.00%
SVM Cubic NTS vs HTS 68.00% 82.86% 70.83%
NTS+PHT vs HTS 64.00% 91.80% 69.57%
NTS vs PHT+HTS 54.90% 65.71% 61.54%
NTS vs PHT 61.54% 91.43% 71.11%
TS vs HT .00% 57% 18%
SVM Quadratic NTS vs 60.00% 88.57% 68.18%
NTS+PHT vs HTS 68.00% 93.44% 73.91%
NTS vs PHT+HTS 76.47% 80.00% 80.41%
NTS vs PHT 50.00% 80.00% 56.52%
NTS vs HTS 40.00% 80.00% 47.62%
Coarse Tree
NTS+PHT vs HT 48.00% 77.05% 47.06%

NTS vs PHT+HT 86.27% 77.14% 85.44%
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ical patterns associated with BP fluctuations, along with alternative classification
models specifically designed to enhance discrimination between BP categories.
Notably, both the Naive Bayes and Coarse Tree models demonstrated substan-
tial improvements compared to previous results. In particular, the Coarse Tree
model achieved an Fl-score of 85.44%, while Naive Bayes attained its best result
with 84.85%, both in the NTS vs. PHT + HTS comparison. These results under-
score the benefit of using the newly proposed predictive parameters, even if only
one model surpassed the 84% threshold.

5.1.2 Deep Learning Approach

The results of the deep learning approach, as detailed in 4.3.2, are summarized
below. Tables 5.3 and 5.4 present the classification efficiency when the dataset
was randomly divided into training and validation with the original sampling
rate of 125 Hz and downsampled to 25 Hz, respectively.

Table 5.3: Training-Validation performance from PPG signals with 125 Hz sampling rate.

Models Comparison Sensitivity Specificity Fl-score
NTS vs PHS+HTS  95.44% 83.08% 92.10%
GoogleNet
NTS+PHT vs HIS  84.45% 90.99% 84.16%
ResNet NTS vs PHT+HTS  94.37% 90.52% 93.91%
NTS+PHT vs HTS  87.67% 93.87% 88.23%

Table 5.4: Training-Validation performance from PPG signals with 25 Hz sampling rate.

Models Comparison Sensitivity Specificity F1-score
NTS vs PHS+HTS  94.00% 83.83% 91.54%
GoogleNet
NTS+PHT vs HIS = 82.49% 91.87% 83.64%
ResNet NTS vs PHT+HTS  94.56% 89.29% 93.58%
NTS+PHT vs HTS = 88.94% 92.83% 88.08%

Overall, classification models performed better when distinguishing NTS from
PHT and HTS combined, achieving F1 scores above 91.5% compared to NTS and
PHT combined vs. HTS, which resulted in F1 scores below 88.5%.

Tables 5.5 and 5.6 present test performance metrics using previously trained
models on a test dataset composed of PPG signals from new patients. Despite
promising training-validation results, test performance showed a notable decrease,
particularly in the NTS + PHT vs. HTS classification task, where F1 scores dropped
to around 10%, indicating a tendency to classify most new records as negative.
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Table 5.5: Test results using GoogleNet and ResNet models from 125 Hz sampling rate PPG signals.

Models Comparison Sensitivity Specificity F1-score
NTS vs PHS+HTS  68.13% 48.03% 65.95%
GoogleNet
NTS+PHT vs HTS = 9.05% 87.67% 10.07%
ResNet NTS vs PHT+HTS  69.67% 49.58% 67.31%
NTS+PHT vs HTS  16.11% 83.70% 15.38%

Table 5.6: Test results using GoogleNet and ResNet models from 25 Hz sampling rate PPG signals.

Models Comparison Sensitivity Specificity Fl-score
NTS vs PHT+HTS  59.70% 51.16% 60.97%
GoogleNet
NTS+PHT vs HIS  4.61% 89.47% 5.60%
ResNet NTS vs PHT+HTS  67.75% 45.68% 65.17%
NTS+PHT vs HTS = 20.18% 82.33% 18.29%

After determining the optimal sampling rate (25 Hz) and classification labels
(NTS vs. PHT + HTS), the second phase of analysis was conducted.

Table 5.7: Training performance comparison of GoogleNet, ResNet-18 and ResNet-50 models with

SGDM and Adam optimizers in the first and last epoch.

Model Optimizer Epoch Train Loss Valid Loss Valid Acc
o L e om
GoogLeNet i i il
1 1.6798 2.8843 58.72%

Adam
11 0.0850 0.2191 93.37%
o Lo e
ResNet-18 i i uR
1 0.9322 0.7584 61.06%

Adam
10 0.0146 0.2155 94.84%
L e
ResNet-50 i i S
1 0.8279 1.0282 54.42%

Adam
8 0.0398 0.2131 93.98%




66 CHAPTER 5. RESULTS

Table 5.7 summarizes the training performance of GoogleNet, ResNet-18, and
ResNet-50, including training loss, validation loss, and validation accuracy at the
first and last training epochs. Although it was specified in the training options
that the maximum number of epochs was 25, models trained with the Adam
optimizer required fewer epochs (8-11) compared to those trained with SGDM,
demonstrating the effectiveness of early stopping in preventing overfitting.

Table 5.8 shows the classification efficiency when the dataset is randomly di-
vided in training and validation in terms of sensitivity, specificity, F1-score, and
AUC. The highest classification performance was achieved using ResNet-18 with
the Adam optimizer, yielding an F1-score of 95.61%, sensitivity of 95.68%, speci-
ficity of 93.65%, and AUC of 98.77%. However, all models demonstrated high
performance, with F1 scores exceeding 91%.

Table 5.8: Classification results comparison of GoogleNet, ResNet-18 and ResNet-50 models with
SGDM and Adam optimizers.

Model Optimizer Sensitivity Specificity Fl-score AUC (%)
GoogLeNet SGDM 89.38% 90.17% 91.25%  95.88%
Adam 94.42% 91.87% 94.36%  97.51%
ResNet-18 SGDM 94.70% 90.48% 94.04%  97.72%
Adam 95.68% 93.65% 95.61%  98.77%
ResNet-50 SGDM 94.56% 90.67% 94.04%  97.71%
Adam 94.56% 93.15% 94.86%  98.40%

Table 5.9 shows models performance when tested on a subset representing
20% of the data. A significant reduction in classification performance was ob-
served, with the highest Fl-score (68.51%) obtained using ResNet-18 with the
SGDM optimizer, alongside a sensitivity of 70.83%, specificity of 51.39%, and
AUC of 62.36%.

This noticeable decline in performance highlights a critical limitation of non-
calibrated DL models when applied to unseen subjects. One of the main con-
tributing factors is the high inter-subject variability in PPG morphology, which is
influenced by individual physiological differences such as arterial stiffness, vas-
cular tone, age, gender, and the presence of cardiovascular risk factors. Since the
training data did not include any samples from the test subjects, the model could
not effectively generalize to their specific signal characteristics. This situation un-
derscores the importance of calibration procedures, which can adapt the model
to account for subject-specific traits, as represented in the next section.
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Table 5.9: Test results comparison of GoogleNet, ResNet-18 and ResNet-50 proposed models

Model Optimizer Sensitivity Specificity Fl-score AUC (%)
GoogLeNet SGDM 48.97% 60.34% 54.93%  57.04%
Adam 62.84% 41.13% 60.90%  54.98%
ResNet-18 SGDM 70.83% 51.39% 68.51%  62.36%
Adam 59.59% 55.86% 62.00%  61.45%
ResNet-50 SGDM 69.92% 44.06% 66.18%  57.56%
Adam 59.25% 55.86% 61.75%  59.67%

5.2 Relevance of Calibration

This section evaluates the impact of subject-specific calibration on the perfor-
mance of hypertension risk assessment models. Section 5.2.1 explores ML strate-
gies to assess the classification improvement obtained through short- and long-
term calibration. The results, based on the KNN classifier, demonstrate that in-
corporating segments from the same subject, even when distant in time, signifi-
cantly enhances classification accuracy. Section 5.2.2 extends this analysis to DL
models. The classification performance of CNN-based architectures is reported
for various calibration intervals, showing a clear performance degradation as the
temporal distance between calibration and test increases, while confirming the
effectiveness of early stopping to prevent overfitting.

5.2.1 Machine Learning Approach

As described in Section 4.4.1, three different approaches were explored to inves-
tigate the relevance of calibration for the hypertension risk assessment of new
subjects combining PPG and ECG signals with ML strategies. KNN model was
chosen since it obtained the most significant improvements throughout the ap-
proaches carried out in this section.

1. Classification without prior subject-based calibration.

Firstly, the segments were classified without any previous calibration, in
other words, with the training dataset only consisting of segments from
other subjects, with each analyzed segment from the subject under study
being tested for validation. In this case, classification accuracy with no pre-
vious calibration was 51.48%. This proved that the hypertension risk assess-
ment of subjects without a prior calibration provided low accuracy results,
as also reported in previous studies [85, 86].
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2. Effectiveness of calibration for short-term classification.
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Next, applying the second approach aimed at demonstrating whether poor
classification results could be improved with calibration, Figure 5.1 shows
the classification accuracy between NTS and HTS individuals, in the form
of box-and-whisker plots, employing sequential validation of consecutive
sub-segments. Moreover, the Figure indicates in each square the mean ac-
curacy for all selected subjects according to the number of consecutive sub-
segments in the training dataset acting as subject calibration.

It can be seen that, with the sole incorporation of one prior close in time
sub-segment in the training dataset for calibration, the classification perfor-
mance increased by 30% with respect to the case without calibration. Fur-
thermore, accuracy improved progressively until it was stabilized above
96%, when more than six prior and close in time sub-segments from the
same subject were present in the training dataset.

1 2 3 4 5 6 7 8 9 10 11
Number of sub-segments in training datased used for calibration

Figure 5.1: Classification performance provided by KNN classifier discriminating between NTS and

3.

HTS individuals. Results obtained for sequential validation of consecutive sub-segments
for each of the selected subject segments. In each box, the red line indicates the me-
dian, and the bottom and top edges indicate the 15th and 85th percentiles, respectively.
The whiskers cover the most extreme data points not considered outliers, and the red
symbol (+) stands for outliers. Black squares inside each box indicate mean accuracies.

Effectiveness of calibration for long-term classification.

Finally, for the third calibration strategy described in Section 4.4.1, which in-
volves performing calibration at a temporal distance from the measurement
segments, Figure 5.2 presents the classification results obtained through se-
quential validation with varying time gaps between the calibration and test
segments.
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Figure 5.2: Classification accuracy to distinguish between NTS and HTS individuals using KNN se-

quential validation of segments with calibration distant from test measurements. (a) Dis-
tance below 1 hour. (b) Distance between 1 and 6 hours. (c) Distance between 6 and
24 h. (d) Distance above 24 h. In each box, the red line indicates the median, and the
bottom and top edges indicate the 15th and 85th percentiles, respectively. The whiskers
extend to the most extreme data points not considered outliers, and the red symbol (+)
stands for outliers. Black squares inside each box indicate mean accuracies.

It was demonstrated that calibration improved the classification task dis-
criminating between NTS and HTS subjects because, as the number of mea-
surements of the same subject in the model increased, so did the accuracy
rate. It also shows that with calibration and test separated by less than 1
hour, the model was able to classify with an accuracy beyond 94% from
the sixth calibration measurement onwards. As expected, these outcomes
decreased as the distance between calibrations and test measurement in-
creased, thus requiring up to five calibration measurements with distances
between 6 h and 24 h to obtain classification accuracies above 75%.

In any case, the need to perform several calibration measurements to achieve
adequate classification accuracy with test measurements, which could be
many hours or even days away from calibration, does not seem to be a se-
rious limitation. On the other hand, it is worth mentioning that only five
subjects had recording lengths longer than five days, so that less stable re-
sults in Figure 5.2 (d) can be considered as normal, because any misclassifi-
cation would significantly affect the final accuracy. Although the number of
subjects was not quite elevated here, the obtained results demonstrate that
classification performance was good enough even with distances between
calibration and test measurement of several days, which is very promising
for real-world applications.
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5.2.2 Deep Learning Approach

As outlined in Section 4.4.2, this section evaluates the effectiveness of calibra-
tion in the context of DL models trained on CWT-based representations of PPG
signals. Specifically, the analysis focuses on the impact of varying the temporal
interval between calibration and test segments, comparing short intervals (less
than 1 hour) with long intervals (greater than 24 hours), to assess the robustness
and generalization capacity of the proposed approach.

The training performance, in terms of the number of epochs after early stop-
ping, training time, and statistical results of classification performance achieved
by the proposed CNNs for discriminating between NTS and HTS segments, is
presented in Table 5.10. Although the maximum number of epochs was set to
20, no model reached this limit, indicating the effectiveness of the early stopping
technique in preventing overtraining.

All models achieved their highest performance when calibration and mea-
surements were separated by less than 1 h, resulting in accuracy exceeding 90%.
Among them, ResNet-18 exhibited the best classification results, achieving an
accuracy of 93.32%, sensitivity of 84.09%, specificity of 97.30%, and an F1-score

Table 5.10: Classification performance for distinguishing between NTS and HTS individuals using
GooglLeNet, ResNet-18, and ResNet-50 pretrained CNNs with calibration distances be-
low 1 h, between 1 and 6 h, between 6 and 24 h, and above 24 h.

Model Epochs Train Time Acc SE SP F1-Score
Below 1 h
GoogLeNet 13 64 min 90.18% 82.77% 93.38%  83.56%
ResNet-18 6 28 min 93.32% 84.09% 97.30%  88.36%
ResNet-50 8 115min ~ 92.52% 84.09% 96.16%  87.14%
Betweenlhand 6h
GoogLeNet 9 61 min 82.87% 73.12% 88.40%  75.55%
ResNet-18 15 107 min ~ 89.04% 81.15% 93.52%  84.29%
ResNet-50 8 152min  88.11% 80.16% 92.62%  83.00%
Between6hand 24 h
GoogLeNet 14 66 min 79.57% 70.57% 85.98%  74.18%
ResNet-18 6 29 min 80.16% 73.23% 85.10%  75.43%
ResNet-50 19 99 min 80.68% 76.60% 83.59%  76.73%
Above 24 h
GoogLeNet 7 57 min 73.37% 38.73% 93.68%  51.80%
ResNet-18 7 32 min 7917% 68.14% 85.63%  70.74%

ResNet-50 19 221 min 71.56% 56.86% 80.17%  59.64%
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of 88.36%. Furthermore, this model demonstrated efficiency, requiring only 6
epochs and a training time of 28 minutes. As expected, the classification perfor-
mance decreased as the time interval between calibration and test measurements
increased, with accuracy falling below 81% for distances above 6 h.

5.3 Detection of Hypertensive Pathology

Finally, the effectiveness of the studied machine learning models based on PPG
signals for hypertension risk classification, even in altered blood pressure condi-
tions, is studied.

Table 5.11 presents the statistical results of this study. It can be seen that the
classification model that provided the best outcomes was KNN, with F1-Score
of 88.30%. Cubic SVM and Bagging Ensemble classifiers worsened the results in
the four statistical tests studied. High specificity results in the three classification
models reflected correctly identified normotensive individuals when BP reached
prehipertensive or hypertensive values.

Table 5.11: Performance of the three classification models analyzed to screen hypertension under
Non-Hypertensive BP recordings and normotension under hypertensive BP recordings.

Model Accuracy Sensitivity Specificity Fl-score
KNN 83.70% 79.81% 96.77% 88.30%
SVM 75.56% 72.12% 87.10% 81.97%
Ensemble  79.26% 75.00% 93.55% 84.78%
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In this chapter, the main findings obtained from the doctoral research are critically
examined and interpreted within the context of current knowledge and existing literature.
In Section 6.1, the results achieved in this study are compared with those reported in
previous works, emphasizing the unique strengths and novel aspects associated with the
methodological approaches proposed here.

Subsequently, in Section 6.2, an in-depth evaluation of the performance of these ap-
proaches is presented. Initially, clinical implications and the significance of the models in
hypertension risk assessment are discussed, highlighting the importance of early detec-
tion of pre-hypertensive states. Additionally, the relevance and practical feasibility of the
calibration strategies are examined, emphasizing how personalized calibration can signif-
icantly enhance predictive accuracy in real-world applications. Finally, the capability of
the developed models to detect hypertensive pathology independently from absolute BP
values is explored, underlining their potential clinical utility beyond mere BP classification.

Following, the limitations inherent to the study are discussed in Section 6.3, address-
ing both methodological constraints and practical challenges that could influence clinical
adoption. Finally, in Section 6.4, the clinical and technical implications of the presented
work are synthesized. These directions aim to further refine and validate the approaches
proposed, facilitating their practical deployment and enhancing their contribution to contin-
uous, non-invasive BP monitoring in both clinical and home-care settings.
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6.1 Comparison with previous works

The continuous measurement of BP is of great importance as it facilitates the early
detection and prevention of hypertension, being the main risk factor for many
cardiovascular diseases. In recent years, the rapid emergence of the Internet of
Things [107] and the development of cuff-less devices capable of continuously
measuring and processing physiological signals using Al techniques, such as ML
and DL, have led to the proposal of alternative methods to traditional cuff-based
single-time BP measurement. The main signal used in related studies has been
the PPG, as its morphological variations are related to the heart’s activity and
vascular walls condition, being similar to BP morphology both in frequency and
time domains [10]. Furthermore, the PPG signal can be acquired by non-invasive
low-cost devices as smart watches, obtaining a continuous and real-time mea-
surement.

BP monitoring through PPG has mainly been studied by two different ap-
proaches: addressing the problem of monitoring BP as a regression task, estimat-
ing systolic and diastolic values; and addressing the problem of detecting hyper-
tensive subjects as a classification task. In this study, the second approach has
been developed, as estimations from the first approach still have serious limita-
tions, so that it is more clinically beneficial to alert hypertensive subjects, acting
as a support for clinical decision making.

Tjahjadi et al. [86] proposed the use of KNN technique and PPG signal with-
out ECG, requiring the extraction of 2100 PPG feature points from 2.1 seconds
of data. Their classification results achieved an Fl-score of 100% for NTS and
PHT patients and 90.80% for HTS patients. Although the authors affirm that this
method achieved higher classification performance than other ML and DL meth-
ods, obtaining 2100 PPG feature points in such a short period of time required a
sampling frequency of 1 kHz, which is a serious drawback for embedding this
method in wearable devices, as it significantly increases the amount of data sam-
pled, saved and transmitted which, unavoidably, will involve a considerably high
power consumption.

Most studies for hypertension risk classification use both PPG and ECG sig-
nals, as PAT value is directly related to BP value. Previous works have studied
the efficiency of employing PAT as the only parameter to estimate BP [58, 108],
or combined with other propagation parameters as PTT or PWD [11]. However,
Liang et al. [57] reported a higher correlation with BP levels by combining PAT
with additional PPG features. Dividing the dataset into 70% for training and 30%
for validation, the KNN classification model obtained the best performance com-
pared to bagged tree, logistic regression and AdaBoost tree. The F1 scores com-
paring NTS vs. PHT, NTS vs. HTS and NTS + PHT vs. HTS were 84.34%, 94.84%
and 88.49%, respectively. As a consequence, the hypertension risk discrimina-
tion performance between NTS and HTS was similar to the one achieved in the
present study, where F1 score with the KNN classification model was 91.93% em-
ploying a leave-one-out cross-validation strategy.
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Therefore, both in previous studies and in the present work, the KNN classi-
fier has been the best model to assess hypertension risk, combining PPG record-
ings and ML techniques. However, until now, there is no agreement about the
discriminant features to be used, since it depends considerably on patient selec-
tion and database, mode of acquisition and signal quality [12].

Building on the initial hypertension risk assessment, an important aspect to
consider is the role of calibration in improving classification accuracy. Calibration
has been identified in previous studies as a key factor that significantly enhances
hypertension risk assessment performance. However, calibration has primarily
been explored in BP estimation studies that integrate PPG signals with additional
patient-specific data such as age [109], arterial characteristics (e.g., distance and
area between measurement sites), or physiological factors like exercise and pos-
ture changes [108].

Recently, Schlesinger et al. [18] used convolutional neural networks and PPG
signals for BP estimation, achieving a reduction in mean absolute difference of
2.54 mmHg after calibration, using a single 30-second window of PPG signal and
the associated BP reading. Mukkamala et al. [110] studied the age factor in cal-
ibration, predicting a maximum calibration interval of 1 year for subjects of 30
years of age, which declined linearly to 6 months for subjects at the age of 70,
using the PTT as a discriminatory feature.

In recent years, DL approaches have obtained outstanding performance ex-
tracting information from image representations [111,112]. Prior research in this
field has explored the application of DL models for hypertension risk stratifica-
tion by employing image transforms of PPG signals, such as the Hilbert-Huang
Transform [113] and CWT [114]. However, these studies did not adhere to a rig-
orous classification procedure, as signal segmentation was performed prior to di-
viding the dataset into training and validation sets. This resulted in consecutive
signal segments being present in both subsets, potentially causing an overestima-
tion of classification performance. For example, Liang et al. [17] employed CWT-
transformed PPG signals and CNNs for BP classification, dividing the dataset in
80% for training and 20% for testing. The F1 scores for the binary classification
comparing NTS vs. PHT were 80.52%, NTS vs. HTS were 92.55% and NTS + PHT
vs. HTS trials were 82.95%.

The alternative calibration method proposed in this study significantly en-
hances these strategies, providing a classification approach that aligns with the
decision-making process of a model that can be easily integrated into wearable de-
vices. The main disadvantages of DL approaches are the requirement of a high
computational cost, the extra duration of the training stage and the need for a
large number of recordings.

An important advancement of this research compared to previous studies is
the integration of DL approaches combined explicitly with tailored calibration
strategies and advanced feature extraction methodologies. Unlike earlier inves-
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tigations, where regression-based methods predominated, the present study pri-
oritized classification strategies due to their greater direct clinical applicability.

Another relevant contribution of this work, not explicitly addressed in related
studies, is the study of subjects with stable BP labels. Although BP levels natu-
rally fluctuate throughout the day due to individual activities and various physi-
ological or environmental factors, each subject must ultimately be assigned a sin-
gle, consistent diagnostic category. For instance, it would not be clinically coher-
ent for a subject to be classified as HTS at certain times, PHT at others, and NTS at
yet other moments. This issue is particularly relevant when using databases such
as MIMIC, which contain recordings from ICU patients who, due to their unsta-
ble condition or the administration of medication, may exhibit highly variable
and non-representative systolic BP values.

In addition, most conventional devices provide punctual BP measurements,
while artificial intelligence methods typically estimate continuous BP values [26].
Such approaches may not adequately capture BP variations induced by physi-
cal or mental stimuli, which can lead to inaccurate diagnoses. To address this
limitation, the present study investigates whether an adequate subject diagnosis
is provided under altered BP conditions by combining ML models with features
extracted from ECG and PPG signals

Some studies have employed PPG signals to analyze BP fluctuations. For in-
stance, Radha et al. [115] estimated nocturnal BP dips by combining PPG sen-
sors with deep neural network architectures, including dense networks, random
forests, and linear regression models. Similarly, Finnegan et al. [116] investigated
the presence of circadian rhythm in PAT and their applications to classify noc-
turnal BP dips or rises, an important indicator for cardiovascular diseases. How-
ever, prior studies on hypertension risk assessment have predominantly focused
on classification based on stable BP labels rather than on detection during fluctu-
ating BP states.

6.2 Performance of studied approaches

This section evaluates in detail the performance of the proposed ML and DL
methods, emphasizing three critical aspects: the clinical implications of hyper-
tension risk assessment, the effectiveness of calibration strategies, and the detec-
tion of hypertensive pathology independent of absolute BP values. These three
dimensions were specifically chosen to provide a comprehensive analysis of the
methodologies’ robustness, clinical relevance, and real-world applicability, thus
offering a clearer picture of their potential impact in practical healthcare settings.
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6.2.1 Hypertension Risk Assessment

Early identification of pre-hypertensive states has significant clinical implications,
as timely detection allows for prompt preventive interventions, potentially reduc-
ing the incidence of cardiovascular complications. The models presented in this
study effectively detect subtle physiological changes associated with emerging
hypertension, demonstrating their potential to act as an early warning system.
Clearly articulating these clinical implications, this study provides strong sup-
port for integrating the proposed methodologies into routine patient monitoring
systems, particularly in primary care or remote monitoring environments, where
early intervention strategies can dramatically improve patient outcomes.

Machine Learning Models

The development of ML models for hypertension risk assessment from PPG sig-
nals faces several ongoing challenges: variability in acquisition protocols, lack of
standardization in feature extraction and model selection, and heterogeneity in
patient populations. For these reasons, this study offers two key contributions:
the proposal of novel physiologically inspired features, and a systematic evalua-
tion of their impact on classification performance across clinically relevant blood
pressure categories.

One of the most relevant findings of this work is that conventional param-
eters, even when strongly correlated with blood pressure levels, do not neces-
sarily translate into effective predictors for classification tasks. The newly pro-
posed features in this study were specifically designed to enhance discriminatory
power, reflecting vascular stiffness, autonomic function, or pulse propagation al-
terations. The fact that models trained on these features showed a more balanced
sensitivity-specificity profile suggests that they are better suited for risk stratifi-
cation tasks. This has important implications for early detection and screening
strategies, particularly in primary care or wearable health-monitoring contexts.

Moreover, the binary discrimination of normotensive versus “at-risk” group
(combining prehypertensive and hypertensive patients) obtained the most robust
results. Prehypertension is not a benign intermediate state, but rather a dynamic
phase often leading to sustained hypertension. Importantly, elevated blood pres-
sure in its early stages typically presents no symptoms, which contributes to de-
layed diagnosis and missed intervention. Therefore, identifying prehypertensive
individuals as part of an at-risk group enhances the potential for early detection
and preventive action. Thus, this grouping is not only clinically justified but also
operationally advantageous, as both subgroups may benefit from closer follow-
up or further diagnostic evaluation. Moreover, this strategy avoids ambiguous
classifications in the “grey zone” of BP values, which often suffer from poor re-
producibility in both signal quality and diagnostic labeling.
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The performance improvements observed with certain ML models demon-
strate that, when combined with well-designed and physiologically meaningful
features, relatively simple and interpretable classifiers can achieve promising re-
sults. However, these approaches may have some limitations when it comes to
capturing subtle or complex patterns present in the PPG waveform, particularly
in more diverse or noisy datasets. This raises the question of whether DL mod-
els, with their ability to extract features directly from raw or minimally processed
signals, might offer further advantages. The next section explores this possibility,
evaluating whether these architectures can improve classification performance
and generalizability in the context of hypertension risk assessment.

Deep Learning Models

The application of DL techniques to classify hypertension risk from PPG signals
offers an alternative to traditional ML approaches, particularly when the goal is
to develop wearable, real-time, and non-invasive monitoring solutions. Unlike
classical ML methods, which typically require handcrafted feature extraction and
additional signals such as ECG to compute pulse arrival time, DL models can
learn hierarchical representations directly from raw or preprocessed PPG signals.

The results obtained in this work support the feasibility and effectiveness of
CNN models for this task. High validation F1-scores were achieved for both pre-
trained architectures (GoogleNet and ResNet) and sampling rates (125 Hz and
25 Hz). These results confirm the potential of deep models to extract robust
features from time-frequency representations of PPG signals, such as CWT. In
fact, the comparable performance between 125 Hz and 25 Hz sampling suggests
that lower-resolution inputs are sufficient for accurate classification, an important
finding for future implementation in wearable devices.

Consistently, the classification task distinguishing normotensive individuals
from prehypertensive and hypertensive, obtained the highest performance. This
aligns with previous observations in the ML-based analysis and strengthens the
hypothesis that prehypertensive subjects already exhibit waveform alterations
similar to those of hypertensive individuals. Thus, the ability of CNNs to detect
such patterns could be valuable for timely intervention in at-risk populations,
particularly relevant given the silent nature of early-stage hypertension.

Nonetheless, the generalization capacity of the DL models proved to be a
limiting factor. While training and validation metrics were strong, performance
dropped significantly when tested on unseen subjects. Fl-scores on the test set
dropped to around 65%, with particularly poor results in the NTS + PHT vs.
HTS classification task. This suggests that PPG-BP dynamics are highly subject-
specific and trained models may have difficulty generalizing across individuals
without incorporating subject-specific calibration. The same PPG waveform mor-
phology does not necessarily correspond to the same BP level in different sub-
jects [117], making it difficult for models to identify consistent patterns. In prac-
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tice, this implies that accurate classification may require some level of subject-
specific information to be present across training, validation, and test phases,
highlighting a fundamental challenge in achieving fully generalized, cuff-less hy-
pertension screening from PPG signals.

Furthermore, while all architectures tested achieved strong results, ResNet-18
combined with the Adam optimizer consistently outperformed other configura-
tions in terms of accuracy, sensitivity, specificity, and training efficiency. The use
of early stopping allowed for significantly shorter training cycles, reducing com-
putational costs and preventing overfitting, an essential consideration for practi-
cal deployment.

The use of downsampled signals, the inclusion of prehypertensive subjects
in the “diseased” group, and the detailed comparison of optimizers collectively
represent key contributions of this work, outlining a practical pathway toward
the deployment of DL based hypertension screening tools in wearable devices.
However, the performance gap observed on unseen patients highlights the need
for strategies that improve individual-level generalizability. In this context, in-
corporating calibration mechanisms appears essential to avoid the gap between
research and clinical applicability. These perspectives will be further explored
in the next section, where the role of calibration in improving model robustness
across individuals is discussed in depth.

6.2.2 Relevance of Calibration

Practical implementation of personalized calibration is critical for sustained ac-
curacy of predictive models. To address previous ambiguities regarding opera-
tional feasibility, this study proposes clear recommendations for the frequency
and duration of recalibration needed in clinical settings. A brief recalibration pe-
riod using some reference measurements could maintain predictive performance
over extended periods, ensuring clinical relevance without imposing excessive
burden on healthcare providers or patients.

Machine Learning Models

Building on the challenge of poor generalization in subject-independent scenar-
ios, this study explored calibration strategies to enhance hypertension risk clas-
sification using traditional ML models, where the accuracy was 51.48%. Two
complementary approaches were examined, the first investigated sequential val-
idation, assuming high similarity between consecutive signal segments from the
same individual. Results showed that incorporating even a single calibration
sample led to a substantial improvement in classification accuracy—by more than
30%, which was enhanced even more as the number of calibration measure-
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ments raised. This highlights the strong intra-subject consistency of PPG-derived
features over short time intervals.

The second approach evaluated calibration efficacy across varying time gaps,
from less than one hour to over 24 hours. This way, it was considered if PPG sig-
nal properties from the same patient were kept across time or changed along the
day or week. Even with only one calibration measurement, accuracy increased by
approximately 30% for intervals under one hour. The improvement of hyperten-
sion risk classification decreased slightly as the distance between calibration and
measurement increased, although the use of calibration always improved classi-
fication results compared to classifying a new uncalibrated subject. Thus, after
the fifth calibration, all the experiments provided high accuracy. These findings
reinforce the temporal variability of PPG signals and underscore the importance
of periodic recalibration to maintain reliable classification over time.

These approaches have demonstrated that the properties of each patient’s
PPG features were variable over time, as worse results were obtained with mea-
surements distant from calibration than with those very close in time to calibra-
tion. Therefore, in order to ensure high classification accuracy, several recali-
brations performed at distant recording times and, if possible, in different situa-
tions are recommended to accurately assess hypertension risk with PPG and ECG
recordings, which can be obtained in a simple way through wearable devices.

Deep Learning Models

The final phase of this work explored whether deep learning classifiers could
benefit from subject-specific calibration strategies, analogous to those previously
tested with ML models. Pretrained models as GoogLeNet, ResNet-18, and ResNet-
50 were trained on CWT-based scalograms extracted from PPG signals. This ap-
proach allowed the automatic extraction of temporal and frequency-domain fea-
tures [118], marking a departure from traditional ML-based approaches that rely
on handcrafted features from PPG signals and ECG data.

Classification performance was evaluated across four calibration intervals,
ranging from less than 1 hour to over 24 hours between calibration and test
recordings. Results confirmed the critical role of proximity in calibration, as the
highest accuracy was observed when calibration and measurement were sepa-
rated by less than 1 hour, with ResNet-18 achieving an Fl-score of 88.36% and
a specificity of 97.30%. As the temporal distance increased, classification perfor-
mance decreased gradually, yet remained above 71% even for the longest inter-
vals, indicating a robust generalization capacity over time.

These results validate the added value of personalized calibration in DL based
models, while also demonstrating greater resilience compared to traditional ML
approaches in the presence of temporal variability. This improved resilience may
stem from the ability of DL models to extract robust, time-invariant features di-
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rectly from PPG signals, without relying on auxiliary inputs such as ECG-derived
PAT, which have been shown to vary over time as it depends on the preejection
period [108]. This makes DL-based methods particularly well-suited for real-
world applications where physiological conditions evolve over time.

Overall, this study presents a significant contribution to the field of hyper-
tension risk discrimination, demonstrating the potential of DL and calibration
methods to improve the accuracy of hypertension risk discrimination. The in-
corporation of these methods into wearable devices has the potential to provide
reliable insights into the blood pressure status of monitored individuals, play-
ing a pivotal role in the prevention, early diagnosis, and ongoing management
of hypertension and related cardiovascular conditions. This study highlights the
importance of individualized calibration for accurate hypertension risk discrimi-
nation, demonstrating the potential of this approach to achieve optimal diagnoses
and treatment follow-up, while empowering patients to take a more active role
in their self healthcare.

6.2.3 Detection of Hypertensive Pathology

This study explored a strategy for detecting hypertensive pathology by training
models on PPG segments corresponding to stable BP intervals, while validat-
ing them on segments with known BP variability. This approach aimed to assess
whether classification models could accurately identify hypertension risk regard-
less of absolute BP values.

Among the tested classifiers, Fine KNN yielded the highest overall perfor-
mance, with an Fl-score of 88.30%. The specificity reached an excellent 96.77%,
while sensitivity was notably lower, suggesting that hypertensive individuals
were more likely to be misclassified than normotensive ones. The observed asym-
metry between sensitivity and specificity in detecting hypertensive pathology
likely arises from several underlying factors. Variability in signal quality due to
physiological differences among subjects, subtle irregularities in PPG waveforms,
and differences in clinical importance between false-positive and false-negative
results may contribute to this discrepancy. To enhance interpretability and clini-
cal value, future studies should incorporate targeted signal-quality enhancement
protocols and explore methodologies specifically designed to improve balanced
performance metrics. Addressing these factors will enhance the robustness and
clinical utility of the developed pathology detection models.

The results demonstrate that classification models trained on temporally co-
herent segments can effectively detect hypertension-related patterns, even when
applied to segments affected by physiological BP variability. This is clinically rel-
evant, as it suggests a degree of robustness to everyday stimuli and fluctuations,
which is critical in ambulatory or real-world settings.
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6.3 Limitations of the study

Finally, this study has certain limitations that are worth considering. Although
over 900 recordings were analyzed, the number of distinct patients was relatively
limited, which may restrict their generalization. Additionally, the dataset lacked
essential demographic and clinical metadata such as age, sex, body mass index,
or comorbidities, preventing the analysis of potential confounding factors and
limiting the ability to stratify model performance across population subgroups.
Prior work by Mukkamala et al. [110] highlighted the importance of such factors,
demonstrating, for example, that the optimal calibration interval for blood pres-
sure models declines with age, from one year in 30-year-old individuals to six
months at age 70.

Moreover, the dataset characteristics also constrained the development and
evaluation of more complex model architectures. While the PPG signals were of
acceptable quality, the relatively low sampling frequency (125 Hz) and the lim-
ited recording duration may have hindered the extraction of more detailed fidu-
cial points and waveform descriptors, which could otherwise enhance machine
learning models performance.

Despite the numerous benefits of Al, it is essential to consider the limitations
and challenges associated with its application in the context of vital sign moni-
toring and medical diagnosis. Moral dilemmas and communication barriers be-
tween physicians and patients may arise. Furthermore, privacy issues related
to sensitive health data, the potential for re-identification through Al processes,
and concerns about data breaches are prominent. The ethical discourse surround-
ing Alin healthcare, where large datasets are required, should address these pri-
vacy concerns to ensure responsible and secure implementation [119]. To this
respect, the use of DL models entails the processing of sensitive health data, in-
cluding PPG signals and blood pressure measurements. Ensuring the confiden-
tiality and security of this information is paramount to maintain patient trust and
comply with data protection regulations. Striking a balance between leveraging
the potential benefits of DL for medical diagnosis and safeguarding patient pri-
vacy remains a critical challenge [120].

Moreover, the interpretability of AI models poses ethical challenges. The in-
herent complexity of neural networks makes it challenging to provide clear ex-
planations for the decisions made by these models. In a healthcare setting, where
transparency and interpretability are crucial, addressing the “black box” nature
of DL algorithms becomes imperative [121]. Understanding how these models ar-
rive at specific hypertension risk assessments is essential for physicians, patients,
and regulatory bodies.

As we consider the integration of the developed models into wearable de-
vices for real-time monitoring, additional ethical considerations come to the fore-
front. Wearables offer the potential for continuous, unobtrusive monitoring of
individuals’ cardiovascular health. This continuous monitoring, while advanta-
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geous for early detection and intervention, raises concerns about the continuous
surveillance of individuals” health data. Striking a balance between the benefits
of proactive healthcare and the right to privacy is a delicate ethical challenge. Fur-
thermore, while wearables offer the promise of timely health insights, issues such
as device accuracy, user adherence, and data transmission security need careful
consideration [122,123]. Ensuring that wearable devices are reliable and provide
accurate hypertension risk assessments is crucial for their successful integration
into routine healthcare practices.

Other limitations commonly encountered when applying DL in the medical
field include the requirement for large datasets to attain optimal performance,
challenges related to overfitting where the model trained on data may struggle to
generalize effectively with new, unseen data, the computational demands associ-
ated with DL models and issues arising from imbalanced datasets where there is
a significant disparity between positive and negative samples.

6.4 Clinical Implications

The present work not only introduces promising technical advances for blood
pressure estimation, but also opens pathways toward their real-world clinical
adoption. This section discusses the broader clinical significance of the developed
models, highlighting how their integration into wearable systems could enhance
early detection, improve patient adherence to monitoring protocols, support clin-
ical decision-making, and inform the future design and certification of medical-
grade devices. Finally, the implications of using a classification-based framework
for risk assessment are also examined in light of clinical needs and operational
constraints.

¢ Early Detection and Timely Intervention.

Hypertension is often referred to as a “silent killer” because it typically
remains asymptomatic until advanced stages. The classification models
developed in this work showed high accuracy in identifying subjects at
risk. This is especially relevant for detecting prehypertensive individuals,
a group that is frequently overlooked in clinical settings but could greatly
benefit from early therapeutic strategies. By enabling timely intervention,
the proposed approach could contribute to reducing long-term cardiovas-
cular complications.

¢ Continuous and User-Friendly Monitoring.

The use of PPG signals, which can be acquired using wearable devices, of-
fers a non-invasive, low-cost, and user-friendly alternative to traditional
cuff-based systems. This facilitates out-of-office, long-term blood pressure
monitoring with minimal discomfort, encouraging higher adherence and
better tracking of blood pressure variability in daily life.
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¢ Support for Clinical Decision-Making The models developed can serve

as clinical decision support tools by complementing traditional blood pres-
sure measurement. Alerts generated in ambulatory or home-based settings
could prompt patients to seek medical attention sooner and assist health-
care professionals in optimizing treatment and follow-up plans.

Future Medical Certification of Wearable Devices.

Although current commercial smartwatches provide blood pressure esti-
mations, these devices are not yet certified for clinical use. This thesis con-
tributes to bridging this gap by demonstrating that Al-based classification
using PPG signals can provide clinically relevant information. Moreover,
the study supports the inclusion of recalibration protocols with occasional
reference measurements to maintain model performance over time. Addi-
tionally, the finding that lower sampling frequencies did not degrade per-
formance would lead to more energy-efficient wearable solutions.

Classification Over Regression

Unlike regression-based approaches that estimate absolute blood pressure
values, the classification-based framework adopted in this work assigns a
hypertensive risk level to each subject, regardless of specific blood pressure
values. This strategy reflects a clinically valuable perspective by prioritizing
risk stratification over exact numerical estimation, which is often influenced
by short-term physiological fluctuations and device variability.
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This final chapter presents in Section 7.1 the main conclusions drawn from the re-
search conducted throughout this doctoral thesis. In addition, given that the accomplish-
ment of a research work opens new avenues for further exploration, potential future lines
of research are proposed in Section 7.2. Finally, the chapter concludes in Section 7.3 by
summarizing the scientific contributions resulting from the work.
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7.1 Global conclusions

This doctoral thesis has explored the potential of PPG signals obtained through
wearable devices and combined with Al techniques as ML and DL to support
the detection and monitoring of hypertension in a non-invasive and continuous
manner. The main conclusions derived from the research are summarized below.

Firstly, the results demonstrate that Al-based methods can effectively classify
hypertensive risk using features derived from PPG signals alone, without the
need for traditional cuff-based measurements or complementary signals as ECG.
This finding supports the feasibility of integrating such methods into wearable
technologies for continuous BP monitoring.

Secondly, the incorporation of reference BP measurements into the models,
serving as a form of calibration, significantly improves classification accuracy, es-
pecially for unseen subjects not included in the training phase. Notably, repeated
calibrations yield better performance; however, even a single measurement or
calibrations separated by more than 24 hours provide a meaningful performance
boost when compared to non-calibrated approaches.

Thirdly, this thesis emphasizes the clinical relevance of detecting hyperten-
sion as a pathological condition rather than predicting absolute BP values, a shift
that aligns with current trends in preventive and personalized medicine. Clas-
sifying subjects based on risk groups—particularly identifying prehypertensive
individuals (systolic BP between 120-140 mmHg) has proven to be an optimal
strategy both from a performance and a clinical standpoint, serving as an early
warning system for timely medical intervention.

Throughout this work, different modeling strategies have been compared.
ML algorithms that rely on hand-crafted features such as Pulse Arrival Time,
extracted from PPG and ECG signals, were evaluated alongside pretrained DL
models such as GoogleNet and ResNet, which automatically learn features from
the CWT representation of the PPG signal. While both approaches yield com-
petitive results, DL models have shown greater generalization capabilities and
require less signal preprocessing, making them more suitable for deployment in
real-world applications.

Another important contribution is the analysis of signal preprocessing. The
study has shown that downsampling PPG signals does not significantly degrade
classification performance. This insight plays a key role in supporting its applica-
tion to wearable devices, as it enables the use of lower sampling rates, reducing
computational load and power consumption without compromising accuracy.

In summary, this thesis supports the integration of wearable PPG sensors and
Al-based models for non-invasive hypertension risk assessment. It highlights the
importance of calibration strategies, appropriate risk group definitions, and the
suitability of DL models for real-time implementation.
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Compared to existing cuffless blood pressure monitoring systems, the pro-
posed approach offers a calibrated, ML- and DL-based alternative that balances
accuracy, interpretability, and computational efficiency. These attributes repre-
sent a meaningful step forward in enabling clinically deployable cardiovascular
monitoring technologies.

7.2 Future lines of research

Building upon the findings and methodologies developed in this thesis, several
promising research directions can be pursued to enhance the performance, inter-
pretability, and clinical applicability of hypertension risk assessment using PPG
signals and artificial intelligence.

Firstly, increasing the number of subjects analyzed would contribute to ob-
taining more robust and generalizable results. A larger and more diverse dataset
would improve the ability of the models to learn relevant patterns associated with
different patient profiles, thus enhancing predictive performance. In addition,
ensuring a balanced distribution of subjects across hypertension risk categories
would help avoid biases in classification and strengthen the reliability of model
outputs. These subjects could be obtained from the MIMIC database or through
new data acquisition protocols.

Another important direction involves improving the preprocessing stage. Cur-
rently, the selection of clean PPG segments is performed manually based on vi-
sual inspection. In the future, automatic methods for signal quality assessment
could be implemented to identify optimal segments for analysis, thus reducing
human bias and improving reproducibility. These methods could be based on
signal quality indices or machine learning algorithms trained to detect usable
portions of the signal.

Moreover, incorporating clinical metadata such as age, sex, cardiovascular
risk factors, medication use, and comorbidities would allow the development
of personalized models that are more reflective of real-world patient heterogene-
ity. This integration could help reduce confounding effects and improve both the
accuracy and clinical relevance of predictions.

In terms of model development, although this work has focused on CNN ar-
chitectures such as GoogLeNet and ResNet, it would be worthwhile to evaluate
other pretrained models or even design custom architectures tailored to PPG sig-
nals. Additionally, hybrid approaches that extract deep features automatically
and use them as input to classical machine learning classifiers offer a compelling
strategy to reduce computational cost while maintaining high performance.

Future work should also address the need for explainability in Al-based medi-
cal systems. Incorporating explainable Al methods, such as Grad-CAM or SHAP
values, would help interpret model decisions and build trust among clinicians.
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Similarly, estimating model uncertainty could allow systems to communicate
confidence in their predictions, which is particularly relevant in clinical decision-
making.

Finally, once these models are validated and refined, their implementation in
wearable devices such as smartwatches would represent a major step towards
practical, continuous blood pressure monitoring. Although current consumer-
grade wearables offer rough blood pressure estimations, they are not certified
medical devices and often require regular calibration with standard sphygmo-
manometers. Future research should aim to develop models and systems that can
function reliably without frequent calibration and meet clinical validation stan-
dards, much like current wearable heart rate monitors. In this regard, classifica-
tion of blood pressure levels could serve as a first clinically meaningful milestone
before tackling precise estimation.

Overall, these lines of future work aim to bridge the gap between experimen-
tal research and real-world healthcare applications, contributing to more accu-
rate, accessible, and personalized hypertension monitoring and management.

7.3 Scientific contributions

The work carried out in this thesis has been published in several scientific jour-
nals of international scope and has been presented in national and international
conferences. Next, these scientific contributions are enumerated.

The study of the relevance of calibration in ML-based hypertension risk as-
sessment has been published in the journal Biosensors:

¢ Jests Cano, Lorenzo Facila, Juan M. Gracia-Baena, Roberto Zangréniz, Ratl
Alcaraz and José J. Rieta. "The Relevance of Calibration in Machine Learning-
Based Hypertension Risk Assessment Combining Photoplethysmography
and Electrocardiography". Biosensors, vol. 12(5), 289, 2022.

A subsequent study, focusing on the same objective but using DL models, was
published in the journal Bioengineering

¢ Jests Cano, Vicente Bertomeu-Gonzalez, Lorenzo Facila, Fernando Hornero,
Ratil Alcaraz and José J. Rieta. "Improved Hypertension Risk Assessment
with Photoplethysmographic Recordings Combining Deep Learning and
Calibration". Bioengineering, vol. 10(12), 1439, 2023.

In addition, some of the main contributions of this thesis for hypertension risk
detection employing ML and DL strategies have been presented in international
conferences:
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¢ Jests Cano, Aurelio Quesada, Flavia Ravelli, Roberto Zangréniz, Raul Al-
caraz and José J. Rieta. "Novel Photoplethysmographic and Electrocardio-
graphic Features for Enhanced Detection of Hypertensive Individuals". In-
ternational Conference on e-Health and Bioengineering (EHB), pp. 1-4, 2021.

¢ Jestis Cano, Lorenzo Facila, Philip Langley, Roberto Zangréniz, Ratl Al-
caraz and José ]. Rieta. "Application of Deep Neural Network Models for
Blood Pressure Classification based on Photoplethysmograpic Recordings".
International Conference on e-Health and Bioengineering (EHB), pp. 1-4, 2021.

* Jests Cano, Fernando Hornero, Aurelio Quesada, Arturo Martinez-Rodrigo,
Ratil Alcaraz and José J. Rieta. "Improved Discrimination Between Healthy
and Hypertensive Individuals Combining Photoplethysmography and Elec-
trocardiography". Computing in Cardiology (CinC), vol.48, pp. 1-4, 2021.

¢ Jests Cano, Vicente Bertomeu-Gonzalez, Lorenzo Facila, Roberto Zangroéniz,
Radl Alcaraz and José J. Rieta. "Hypertension Risk Assessment from Photo-
plethysmographic Recordings Using Deep Learning Classifiers". Computing
in Cardiology (CinC), vol.48, pp. 1-4, 2021.

¢ Jests Cano, Lorenzo Fécia, Fernando Hornero, Philip Langley, Raul Al-
caraz and José J. Rieta. "Cuffless Hypertension Risk Assessment and the
Significance of Calibration". Computing in Cardiology (CinC), vol. 498, pp.
1-4,2022.

¢ Jests Cano, Vicente Bertomeu-Gonzalez, Lorenzo Facia, José Moreno-Arribas,
Ratl Alcaraz and José J. Rieta. "ECG and PPG-Based Hypertension Screen-
ing Under Non-Hypertensive Blood Pressure Recordings". Computing in
Cardiology (CinC), vol. 498, pp. 1-4, 2022.

and in national conferences:

e Jests Cano, Radl Alcaraz and José J. Rieta. "Discriminacién Mejorada Entre
Personas Sanas e Hipertensas Combinando Fotopletismografia y Electro-
cardiografia". XXXVIII Congreso Anual de la Sociedad Espafiola de Ingenieria
Biomédica (CASEIB), 2020.

¢ Jests Cano, Vicente Bertomeu-Gonzalez, Lorenzo Ficia, Roberto Zangroéniz,
Ratl Alcaraz and José J. Rieta. "Evaluacién del Riesgo de Hipertension a
partir de Registros Fotopletismograficos utilizando Clasificadores de Deep
Learning". XXXIX Congreso Anual de la Sociedad Espafiola de Ingenieria Biomédica
(CASEIB), 2021.
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