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Abstract

Blood pressure (BP), as with other vital signs such as heart rate and respiratory
rate, exhibits endogenous oscillations over a period of approximately �� hours, a
phenomenon known as circadian rhythmicity. This rhythm typically reaches a nadir
during sleep, however, di�erent BP circadian rhythm phenotypes exist depending on
the magnitude and direction of the nocturnal change. Analysis of these phenotypes
has been shown to be an independent indicator for the onset of cardiovascular disease,
the leading cause of non-communicable mortality and morbidity worldwide. However,
currently the established technique for monitoring BP over �� hours in the general
population requires an in�atable cu�wrapped around the upper arm. This procedure is
highly disruptive to sleep and daily life, and therefore rarely performed in primary care.
Although commercial cu�ess BP devices do exist, their accuracy has been questioned,
and consequently, the clinical community do not recommend their use.

In this thesis, I investigated techniques to measure BP in an ambulatory environ-
ment without an in�atable cu� using two signals commonly acquired by wearable
sensors: the photoplethysmogram (PPG) and the electrocardiogram (ECG). Given the
diverse mechanisms by which the autonomic nervous system regulates BP, I developed
methodologies using data from multiple individuals with BP perturbed by various,
diverse, mechanisms.

To identify surrogate measures of BP derived from the PPG and ECG signals, I
designed a clinical study in which signi�cant BP changes were induced through a
pharmacological intervention in thirty healthy volunteers. Using data from this study,
I established that changes in the pulse arrival time (PAT, the time delay between
�ducial points on the ECG and PPG waveforms) and morphological features of the
PPG waveform could provide reliable cu�ess indicators for changes in BP. Even at
rest, however, these signals are confounded by factors such as the pre-ejection period
(PEP) and signal measurement noise. Additionally, accurate absolute measurements of
BP required calibration using a reference BP device.

Subsequently, I conducted a circadian analysis of these surrogate measures of BP
using a large cohort of �,��� patients during the ��-hour period prior to their discharge
from an intensive care unit. Through this circadian analysis I suggest that PAT and a
subset of features from the PPG waveform exhibit a phenotypically modi�ed circadian
rhythm in synchronicity with that of BP. Additionally, I designed a novel ordinal
classi�cation algorithm, which utilised circadian features of these signals, in order to
identify BP circadian rhythm pro�les in a calibration-free manner. This method may
provide a cost-e�ective initial assessment of BP phenotypes in the general population.
Notably, estimating absolute BP values using PPG and ECG signals in the ICU resulted
in clinically signi�cant mean absolute errors of �.�� (�.��) mmHg.

Finally, I designed a clinical study to extend the work towards cu�ess ambulatory
BP estimation in a cohort of �fteen healthy volunteers. Hybrid calibration strategies



(where model personalisation was handled by user demographics, commonly utilised
by commercial cu�ess devices) led to clinically signi�cant errors when estimating
absolute values of BP, mean absolute error = �.�� (��.��) mmHg. For the majority of
individuals, a more appropriate estimation of BP values was achieved through an indi-
vidual calibration strategy whereby idiosyncratic models were trained on personalised
data, mean absolute error = �.�� (�.��) mmHg. However, for a handful of individuals,
notable estimation errors (> 10 mmHg) still persisted using this strategy largely as
a result of motion artifacts, inherent intra- and inter-individual variability in PPG
features, and inadequate training data.

Overall, I suggest that while beat-by-beat measurements of BP can be obtained
using PPG and ECG signals, their accuracy is signi�cantly limited in an ambulatory
environment. This limitation, combined with the impracticality of individual calibration
(due to the low tolerance for ABPM), suggest that cu�ess ambulatory blood pressure
measurement using the PPG and ECG signals may be infeasible. Nevertheless, macro
assessments of cardiovascular health, such as an individual’s BP phenotype, may be
comparatively more accurately predicted using these signals with the potential to be
recorded without calibration. Through further research on the relationship between
the circadian rhythms of BP and the PPG and ECG waveforms, it is promising that
these signals may be able to assist in detecting deterioration in cardiovascular health
in the general population.



Acknowledgements

Four years (+ a little extra) of DPhil-ing has left me with an enormous debt to some
truly incredible people. This A� piece of paper is my attempt at paying it o� – or at
least making a dent.

Firstly, I would like to thank my supervisors. To Prof. Lionel Tarassenko (CBE,
FREng, FMedSci, DPhil ...): I’ve never met a person with so many titles, and yet they’re
still too few! Thank you for your guidance over the past four years and for putting up
with my incessant use of the word "like" when explaining anything technical. And to
Prof. Mauricio Villarroel, thank you for your hard work, high expectations, and for
always raising the bar.

To the BSP/Camera research group, thank you for creating a collaborative and
stimulating environment. Dr. Shaun Davidson, your unrelenting help and guidance
has been invaluable through all aspects of this DPhil. I will always be appreciative
of the time and energy you generously gave me. Dr. (Dr.) Mirae Harford, thanks for
bringing such positive vibes to the group – but seriously, starting your DPhil at the
same time as me, taking a year of maternity leave, and still �nishing before me? You’re
a superstar. And to my fellow DPhil students, Dineo, Alexis, Abdullah, and Marshia,
all I can say is: good luck.

I would like to express my gratitude to the participants of theMOLLIE and nABPM
clinical studies, I hope you spent your Amazon vouchers wisely.

I am truly lucky to have spent the last � years with some amazing people. Whether
you’re an Oxpal, a Basoluteo�baller, an MCK Cajoney, a Hobby hob hobsonite, a Live
laugh Londer, an AJ��W/AS��W-ite, or one of the rabbits I lived with at the vicarage
when I was homeless, thank you for being amazing friends for life and for not escaping
from your hutch at night. Special thanks to Andy, Dave, Emmanuel, Hamish, Jorgen,
Julius, Kai, Maddy, Navin, Ollie, Rachel, Sam, Sagar, Stanley, Stefan, Val and many
more besides. And of course, a huge thank you to the Harcourt Arms.

To my brothers Ciaran, Niall, and Liam, and their (incredibly out of their league)
partners, �ancés, and baby-mamas Alice, Sian, and Lucie. You all contributed abso-
lutely nothing towards the content of this thesis, if anything you were a hindrance,
but I still love you. To my wonderful God-daughter Aoife, thank you for coming into
this world - I am so excited to see the person you grow up to be! If ever you’re having
problems sleeping, I’ll get your dad to read you this thesis.

Finally, thank you from the bottom of my heart to my parents Margaret and
John. The latter stages of this DPhil were more di�cult than I could have imagined,
and I would be nowhere without your unwavering support, (unfounded) belief, and
unconditional love. Here’s to you.





Related publications

Journal papers

• Eoin Finnegan, Shaun Davidson, Mirae Harford, Peter Watkinson, Lionel Tarassenko, and
Mauricio Villarroel. "Features from the photoplethysmogram and the electrocardiogram for
estimating changes in blood pressure." Scienti�c Reports ��, no. � (����): ���.

• Eoin Finnegan, Shaun Davidson, Mirae Harford, Joao Jorge, Peter Watkinson, Duncan
Young, Lionel Tarassenko, and Mauricio Villarroel. "Pulse arrival time as a surrogate of blood
pressure." Scienti�c Reports ��, no. � (����): �����.

• Shaun Davidson, Mauricio Villarroel, Mirae Harford, Eoin Finnegan, Joao Jorge, Duncan
Young, Peter Watkinson, and Lionel Tarassenko. "Day-to-day progression of vital-sign
circadian rhythms in the intensive care unit." Critical Care ��, no. � (����): �-��.

• Shaun Davidson, Mauricio Villarroel, Mirae Harford, Eoin Finnegan, Joao Jorge, Duncan
Young, Peter Watkinson, and Lionel Tarassenko. "Vital-sign circadian rhythms in patients
prior to discharge from an ICU: a retrospective observational analysis of routinely recorded
physiological data." Critical Care ��, no. � (����): �-��.

Conference presentations

• Eoin Finnegan, Shaun Davidson, Mirae Harford, Joao Jorge, Mauricio Villarroel, and Lionel
Tarassenko. "Classifying nocturnal blood pressure patterns using photoplethysmogram
features." In ���� ��th Annual International Conference of the IEEE Engineering inMedicine
& Biology Society (EMBC), pp. ����-����. IEEE, ����.

• Eoin Finnegan, Shaun Davidson, Mirae Harford, Joao Jorge, and Mauricio Villarroel. "The
presence of a circadian rhythm in pulse arrival time and its application for classifying
blood pressure night-time dip." In ���� ��rd Annual International Conference of the IEEE
Engineering in Medicine & Biology Society (EMBC), pp. ���-���. IEEE, ����.

• Eoin Finnegan, Mauricio Villarroel, Shaun Davidson, Mirae Harford, Joao Jorge, and Lionel
Tarassenko. "Comparing Circadian Rhythms in Blood Pressure Computed From the Arterial
Line and Sphygmomanometer in the ICU." In ���� Computing in Cardiology, pp. �-�. IEEE,
����.





Contents

Page

L��� �� F������ xix

L��� �� T����� xxiii

L��� �� A������������ xxv

� I����������� �
�.� Cu�ess blood pressure measurement using the photoplethysmogram and the

electrocardiogram . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . �
�.� Clinical motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . �

�.�.� Blood pressure . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . �
�.�.� Blood pressure measurement . . . . . . . . . . . . . . . . . . . . . . . . . �
�.�.� Cu�ess blood pressure measurement . . . . . . . . . . . . . . . . . . . . �

�.� Objectives . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . �
�.� Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . �

�.�.� Contributions from other members of the research group . . . . . . . . . �
�.� Thesis structure . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . �

� B��������� �
�.� Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ��
�.� Elements of the cardiovascular system . . . . . . . . . . . . . . . . . . . . . . . . ��

�.�.� Structure of the heart . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ��
�.�.� Cardiac cycle . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ��
�.�.� Structure of blood vessels . . . . . . . . . . . . . . . . . . . . . . . . . . ��

�.� Blood pressure . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ��
�.�.� Short-term blood pressure regulation . . . . . . . . . . . . . . . . . . . . ��
�.�.� Mid-term blood pressure regulation . . . . . . . . . . . . . . . . . . . . . ��
�.�.� Long-term blood pressure regulation . . . . . . . . . . . . . . . . . . . . ��

�.� Measuring blood pressure . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ��
�.�.� Arterial line . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ��
�.�.� Sphygmomanometer cu� . . . . . . . . . . . . . . . . . . . . . . . . . . . ��
�.�.� Applanation tonometry . . . . . . . . . . . . . . . . . . . . . . . . . . . ��
�.�.� Volume clamping . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ��
�.�.� Clinical assessment of hypertension . . . . . . . . . . . . . . . . . . . . . ��
�.�.� Home and ambulatory monitoring of blood pressure . . . . . . . . . . . ��

�.� Photoplethysmography . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ��
�.�.� Modes of operation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ��
�.�.� Limitations and sources of error . . . . . . . . . . . . . . . . . . . . . . . ��

xi



xii Contents

�.� Electrocardiography . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ��
�.�.� Limitations and sources of error . . . . . . . . . . . . . . . . . . . . . . . ��

�.� Impedance cardiography . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ��
�.�.� Limitations and sources of error . . . . . . . . . . . . . . . . . . . . . . . ��

�.� Estimating blood pressure using transit times . . . . . . . . . . . . . . . . . . . . ��
�.�.� Background theory . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ��
�.�.� Review of literature . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ��
�.�.� Limitations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ��

�.� Estimating blood pressure from the photoplethysmogram . . . . . . . . . . . . . ��
�.�.� Background theory . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ��
�.�.� Review of literature . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ��
�.�.� Limitations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ��

�.�� Estimating blood pressure from the electrocardiogram . . . . . . . . . . . . . . . ��
�.��.� Background theory . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ��
�.��.� Review of literature . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ��
�.��.� Limitations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ��

�.�� Commercially-available devices . . . . . . . . . . . . . . . . . . . . . . . . . . . . ��
�.�� Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ��

� C������� �������� ��
�.� Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ��
�.� Dataset requirements . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ��

�.�.� Instrumentation requirements . . . . . . . . . . . . . . . . . . . . . . . . ��
�.�.� Population size requirements . . . . . . . . . . . . . . . . . . . . . . . . ��

�.� Mapping Of Lower Limb skIn pErfusion . . . . . . . . . . . . . . . . . . . . . . . ��
�.�.� Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ��
�.�.� Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ��
�.�.� Study design and protocol . . . . . . . . . . . . . . . . . . . . . . . . . . ��
�.�.� Research ethics and informed consent . . . . . . . . . . . . . . . . . . . ��
�.�.� Participants and eligibility criteria . . . . . . . . . . . . . . . . . . . . . ��
�.�.� Data acquisition . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ��
�.�.� Cohort description . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ��

�.� Medical Information Mart for Intensive Care - III . . . . . . . . . . . . . . . . . ��
�.�.� Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ��
�.�.� Patient selection criteria . . . . . . . . . . . . . . . . . . . . . . . . . . . ��

�.� Non-invasive ambulatory blood pressure monitoring study . . . . . . . . . . . . ��
�.�.� Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ��
�.�.� Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ��
�.�.� Study design and protocol . . . . . . . . . . . . . . . . . . . . . . . . . . ��
�.�.� Research ethics and informed consent . . . . . . . . . . . . . . . . . . . ��
�.�.� Participants and eligibility criteria . . . . . . . . . . . . . . . . . . . . . ��
�.�.� Data acquisition . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ��
�.�.� Cohort description . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ��



Contents xiii

� E�������� ����������� ��
�.� Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ��
�.� Segmentation of cardiac beats . . . . . . . . . . . . . . . . . . . . . . . . . . . . ��

�.�.� Segmentation of the electrocardiogram . . . . . . . . . . . . . . . . . . . ��
�.�.� Segmentation of the photoplethysmogram . . . . . . . . . . . . . . . . . ��

�.� Signal quality indices . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ��
�.�.� Signal quality index for the electrocardiogram . . . . . . . . . . . . . . . ��
�.�.� Signal quality index for the photoplethysmogram . . . . . . . . . . . . . ��
�.�.� Combined signal quality index for the electrocardiogram and photo-

plethysmogram . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ��
�.� Non-linear machine learning methods . . . . . . . . . . . . . . . . . . . . . . . . ��

�.�.� Decision trees . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ��
�.�.� Random forest . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ��
�.�.� Mixed e�ects random forest . . . . . . . . . . . . . . . . . . . . . . . . . ��

�.� Shapley additive explanation values . . . . . . . . . . . . . . . . . . . . . . . . . ��

� P���� ������� ���� �� � ��������� ������� �� ����� �������� ��
�.� Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ��
�.� Methods overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ��
�.� Computing reference blood pressure values . . . . . . . . . . . . . . . . . . . . . ��
�.� Estimating pulse arrival time . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���

�.�.� Pulse arrival time signal quality index . . . . . . . . . . . . . . . . . . . . ���
�.�.� Kalman �lter . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���

�.� Estimating pre-ejection period . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
�.�.� Impedance cardiogram signal quality . . . . . . . . . . . . . . . . . . . . ���
�.�.� Estimating beat-by-beat pre-ejection period . . . . . . . . . . . . . . . . ���
�.�.� Pre-ejection period signal quality . . . . . . . . . . . . . . . . . . . . . . ���

�.� Estimating blood pressure using transit times . . . . . . . . . . . . . . . . . . . . ���
�.�.� Time alignment . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
�.�.� Averaging measurements . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
�.�.� Models for the estimation of blood pressure . . . . . . . . . . . . . . . . ���
�.�.� Baseline reference . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
�.�.� Model evaluation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���

�.� Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
�.�.� Overall response . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
�.�.� Estimating blood pressure using transit times . . . . . . . . . . . . . . . ���

�.� Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
�.�.� The relationship between pulse arrival time and blood pressure . . . . . . ���
�.�.� Impact of pre-ejection period . . . . . . . . . . . . . . . . . . . . . . . . ���
�.�.� Estimating blood pressure using transit times . . . . . . . . . . . . . . . ���
�.�.� Limitations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���

�.� Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���



xiv Contents

� F������� ���� ��� ������������������ ��� ����������������� ��� �����
������ ������� �� ����� �������� ���
�.� Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
�.� Methods overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
�.� Computing features from the photoplethysmogram . . . . . . . . . . . . . . . . . ���

�.�.� Fiducial point detection . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
�.�.� Feature extraction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���

�.� Computing features from the electrocardiogram . . . . . . . . . . . . . . . . . . ���
�.�.� Feature extraction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���

�.� Reference blood pressure values . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
�.� Estimating changes in blood pressure . . . . . . . . . . . . . . . . . . . . . . . . ���

�.�.� Feature set: X . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
�.�.� Calibration . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
�.�.� Baseline reference . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
�.�.� Removing collinear features . . . . . . . . . . . . . . . . . . . . . . . . . ���
�.�.� Data augmentation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
�.�.� Regression models . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
�.�.� Shapley additive explanation values feature importance ranking coe�cient ���

�.� Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
�.�.� Removing collinear features . . . . . . . . . . . . . . . . . . . . . . . . . ���
�.�.� Model performance . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
�.�.� Feature importance . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���

�.� Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
�.�.� Observed changes in the photoplethysmogram waveform morphology . . ���
�.�.� Model performance . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
�.�.� Feature importance . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
�.�.� Limitations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���

�.� Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���

� A������� �� ��� ��������� ������ �� ����� ������� ���� ��� �������������
������ �������� ���
�.� Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
�.� Methods overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
�.� Pulse arrival time estimation in the MIMIC database . . . . . . . . . . . . . . . . ���
�.� Computing ensemble averaged photoplethysmogram features . . . . . . . . . . . ���

�.�.� Computing ensemble-averaged photoplethysmogram . . . . . . . . . . . ���
�.�.� Fiducial point detection . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
�.�.� Feature extraction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���

�.� Cohort selection . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
�.�.� Blood pressure phenotype labelling . . . . . . . . . . . . . . . . . . . . . ���

�.� Estimating circadian rhythm pro�les . . . . . . . . . . . . . . . . . . . . . . . . . ���
�.�.� Double-cosinor model . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���



Contents xv

�.�.� Goodness-of-�t F-test . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
�.�.� Population-level double-cosinor model . . . . . . . . . . . . . . . . . . . ���
�.�.� Distributions of double-cosinor parameters . . . . . . . . . . . . . . . . ���

�.� Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
�.�.� Dataset . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
�.�.� Population-level double-cosinor model . . . . . . . . . . . . . . . . . . . ���
�.�.� Distributions of double-cosinor parameters . . . . . . . . . . . . . . . . ���

�.� Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
�.�.� Limitations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���

�.� Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���

� C������������� �� ����� �������� ���������� ���
�.� Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
�.� Methods overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
�.� Cohort selection . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���

�.�.� Blood pressure phenotype labelling . . . . . . . . . . . . . . . . . . . . . ���
�.� Method �: Regularised individual calibration . . . . . . . . . . . . . . . . . . . . . ���

�.�.� Feature extraction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
�.�.� Model construction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
�.�.� Model generalisability . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���

�.� Method �: Calibration-free . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
�.�.� Feature extraction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
�.�.� Model construction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
�.�.� Model generalisability . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���

�.� Baseline reference method . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
�.� Evaluation and generalisability of methods . . . . . . . . . . . . . . . . . . . . . ���

�.�.� Evaluation metrics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
�.�.� Generalisability of methods . . . . . . . . . . . . . . . . . . . . . . . . . ���

�.� Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
�.�.� Dataset . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
�.�.� Overall performance . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
�.�.� Method �: Regularised individual calibration . . . . . . . . . . . . . . . . . ���
�.�.� Method �: Calibration-free . . . . . . . . . . . . . . . . . . . . . . . . . . ���

�.� Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
�.�.� Method �: Regularised individual calibration . . . . . . . . . . . . . . . . . ���
�.�.� Method �: Calibration free . . . . . . . . . . . . . . . . . . . . . . . . . . ���
�.�.� Limitations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���

�.�� Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���

� T������ �������� ���������� �� ���������� ����� �������� ���
�.� Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
�.� Methods overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���



xvi Contents

�.� Activity detection . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
�.� Ensemble averaged pulse arrival time and photoplethysmogram features . . . . . ���

�.�.� Ensemble averaged pulse arrival time . . . . . . . . . . . . . . . . . . . . ���
�.�.� Ensemble averaged photoplethysmogram features . . . . . . . . . . . . . ���

�.� Establishing a reference blood pressure signal . . . . . . . . . . . . . . . . . . . . ���
�.�.� Computing a reference heart rate . . . . . . . . . . . . . . . . . . . . . . ���
�.�.� Heart rate-based removal of poor-quality blood pressure values . . . . . . ���
�.�.� Double-cosinor model . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���

�.� Estimating Day7 blood pressure . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
�.�.� Individual calibration . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
�.�.� Hybrid calibration . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
�.�.� Regression models . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
�.�.� Baseline references . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���

�.� Evaluation and generalisability of models . . . . . . . . . . . . . . . . . . . . . . ���
�.�.� Shapley additive explanation values feature importance and feature stability ���
�.�.� Model complexity . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���

�.� Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
�.�.� Data recording in a free-living context . . . . . . . . . . . . . . . . . . . ���
�.�.� Model performance . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
�.�.� Participant-level results . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
�.�.� Feature importance . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���

�.� Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
�.�.� Model performance . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
�.�.� Feature importance . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
�.�.� Limitations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���

�.�� Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���

�� C���������� ��� ������ ���� ���
��.� Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
��.� Thesis review . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���

��.�.� Clinical datasets . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
��.�.� Pulse arrival time as a surrogate measure of blood pressure . . . . . . . . ���
��.�.� Features from the photoplethysmogram and electrocardiogram for esti-

mating changes in blood pressure . . . . . . . . . . . . . . . . . . . . . . ���
��.�.� Analysis of the circadian rhythm of pulse arrival time and photoplethys-

mogram features . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
��.�.� Classi�cation of blood pressure phenotypes . . . . . . . . . . . . . . . . ���
��.�.� Towards cu�ess estimation of ambulatory blood pressure . . . . . . . . . ���

��.� Future work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
��.�.� Study design and considerations . . . . . . . . . . . . . . . . . . . . . . . ���
��.�.� Predictive modelling . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
��.�.� Developing a deeper understanding of photoplethysmogram features . . ���
��.�.� Cu�ess blood pressure device considerations . . . . . . . . . . . . . . . ���

��.� Concluding remarks . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���



Contents xvii

A���������

A C��������� ������� A����� ��� ���������� ����� �������� ������� ���
A.� Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
A.� Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���

A.�.� Dataset . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
A.�.� Data processing . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���

A.� Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
A.�.� Dataset . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
A.�.� Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
A.�.� Vital sign estimation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
A.�.� DRSBP estimation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���

A.� Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
A.� Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���

B �ABPM ����� ������������� ���

C S���������� �������� ���
C.� Hypothesis testing . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���

C.�.� Selecting a statistical test . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
C.�.� Correcting for multiple hypothesis testing . . . . . . . . . . . . . . . . . ���

C.� Circular statistics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
C.�.� Circular measures of central tendency . . . . . . . . . . . . . . . . . . . . ���
C.�.� Multi-sample test for equal circular median directions . . . . . . . . . . ���

D L����� ������� �������� ������ ���
D.� Linear regression and classi�cation methods . . . . . . . . . . . . . . . . . . . . . ���

D.�.� Ordinary least squares regression . . . . . . . . . . . . . . . . . . . . . . ���
D.�.� Linear mixed e�ects modelling . . . . . . . . . . . . . . . . . . . . . . . ���
D.�.� Logistic regression . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
D.�.� Least absolute shrinkage and selection operator (LASSO) . . . . . . . . . ���
D.�.� Elastic net regularisation . . . . . . . . . . . . . . . . . . . . . . . . . . . ���

D.� Evaluation approaches and metrics . . . . . . . . . . . . . . . . . . . . . . . . . . ���
D.�.� Cross-validation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
D.�.� Regression metrics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
D.�.� Classi�cation metrics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���

E S������������ �������� P���� ������� ���� �� � ��������� ������� �� �����
�������� ���
E.� Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
E.� Detecting the B-point in the impedance cardiogram . . . . . . . . . . . . . . . . ���

E.�.� Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
E.�.� Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���



xviii Contents

E.�.� Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
E.�.� Discussion and conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . ���

E.� Estimating respiratory rate from the nasal pressure air�ow signal . . . . . . . . . ���
E.� Relationship between transit times and blood pressure . . . . . . . . . . . . . . . ���
E.� Resampling the impedance cardiogram to �KHz . . . . . . . . . . . . . . . . . . ���

F S������������ �������� F������� ���� ��� ������������������ ��� �����
������������� ��� ���������� ������� �� ����� �������� ���
F.� Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
F.� Model performance for mean arterial pressure and diastolic blood pressure estimation ���
F.� Individual results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
F.� Individual changes in cardiac output . . . . . . . . . . . . . . . . . . . . . . . . . ���

G S������������ �������� C������������� �� ����� �������� ���������� ���
G.� Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
G.� Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
G.� Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
G.� Discussion and conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���

H S������������ �������� T������ �������� ���������� �� ���������� �����
�������� ���
H.� Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
H.� Reference blood pressure double cosinor model �ts . . . . . . . . . . . . . . . . . ���
H.� Model performance for mean arterial pressure and diastolic blood pressure estimation ���

R��������� ���



List of Figures

Page

�.� Overview of the cardiovascular system and the heart. . . . . . . . . . . . . . . . . ��
�.� Pressure and volume changes during a cardiac cycle. . . . . . . . . . . . . . . . . ��
�.� Structure of blood vessel walls across the circulatory system. . . . . . . . . . . . ��
�.� Depiction of the di�erent SBP circadian rhythm phenotypes: ’dipper’ PD, ’non-

dipper’ PND, and ’reverse-dipper’ PRD . . . . . . . . . . . . . . . . . . . . . . . . ��
�.� Averaged lifetime BP changes in �,��� participants of the Framingham Heart Study. ��
�.� Arterial blood pressure (ABP) waveform. . . . . . . . . . . . . . . . . . . . . . . ��
�.� Example devices using the applanation tonometry and volume clamp methods. . ��
�.� Origin of the photoplethysmogram (PPG) waveform. . . . . . . . . . . . . . . . . ��
�.� Origin of the electrocardiogram (ECG) waveform. . . . . . . . . . . . . . . . . . ��
�.�� Annotated impedance cardiogram (ICG) waveform. . . . . . . . . . . . . . . . . ��
�.�� Computing pre-ejection period (PEP) and pulse arrival time (PAT). . . . . . . . . ��
�.�� Interactions of the incident and re�ected pressure waves on the morphology of

the PPG waveform. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ��
�.�� Example of PPG, VPG, and APG waveforms and their characteristic �ducial points. ��
�.�� Illustration of mechano-electric coupling governing the relationship between

changes in BP and changes in the ECG. . . . . . . . . . . . . . . . . . . . . . . . ��

�.� MOLLIE study experimental timeline. . . . . . . . . . . . . . . . . . . . . . . . . ��
�.� MOLLIE study equipment setup. . . . . . . . . . . . . . . . . . . . . . . . . . . . ��
�.� Distributions of the recorded reference vital signs in the MOLLIE dataset. . . . . ��
�.� MIMIC database patient selection criteria. . . . . . . . . . . . . . . . . . . . . . ��
�.� nABPM study equipment setup. . . . . . . . . . . . . . . . . . . . . . . . . . . . ��
�.� Monitoring durations and periods of sleep for the �� participants in the nABPM

dataset. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ��
�.� Distributions of the recorded reference vital signs in the nABPM dataset. . . . . ��

�.� Example of SQIECG computation for two ��-second ECG signals. . . . . . . . . . ��
�.� Example of SQIPPG computation for two ��-second PPG signals. . . . . . . . . . ��
�.� Overview of steps for computing the combined SQI for the ECG and PPGwaveforms. ��
�.� Depiction of a random forest model constructed from a large ensemble of ’weak’

decision trees. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ��

�.� Schematic overview of the methodology to estimate blood pressure using transit
times. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ��

�.� Computing reference BP measurements for one participant using cubic smoothing
splines. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���

�.� Overview of steps for computing the beat-by-beat PAT time series. . . . . . . . . ���

xix



xx List of Figures

�.� Overview of steps for computing the beat-by-beat PEP time series. . . . . . . . . ���
�.� ECG phase delay between Stowood and Cardioscreen recording devices. . . . . . ���
�.� Overview of PAT and PTT time alignment. . . . . . . . . . . . . . . . . . . . . . ���
�.� Histograms of ·PAT and ·PTT across the dataset. . . . . . . . . . . . . . . . . . . . ���
�.� Sensitivity analysis of the impact of “SQI on the proportion of good-quality windows. ���
�.� Average deviations of BP and TT metrics from calibration across the cohort. . . . ���
�.�� Distributions of PAT, PTT, and PEP computed in the MOLLIE dataset. . . . . . ���
�.�� Frequency content of the PAT signal for a typical participant in the dataset. . . . ���
�.�� Relationship between SBP and PAT for all participants in the MOLLIE study. . . ���
�.�� Relationship between SBP and PTT for all participants in the MOLLIE study. . . ���
�.�� Distributions of �BP/�TT across the dataset. . . . . . . . . . . . . . . . . . . . ���
�.�� The hysteresis e�ect in both PAT and PTT. . . . . . . . . . . . . . . . . . . . . . ���

�.� Overview of the �ducial points detected from the PPG waveform. . . . . . . . . ���
�.� Gaussian decomposition of the PPG waveform. . . . . . . . . . . . . . . . . . . . ���
�.� Visualisation of the three principal components of the PPG, VPG, and APG

waveforms. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
�.� Schematic of the �BP estimation pipeline for each of the proposed models. . . . ���
�.� Results of removing collinear features in PPG + ECG feature set. . . . . . . . . . ���
�.� Individual results of �SBP estimation using the RFPPG + ECG model across all

participants in the study. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
�.� Agreement between the reference �SBP values and the estimated �SBP across

the cohort using RFPPG + ECG. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
�.� Median SBP, MAP, and DBP SHAP values feature ranking coe�cients for RF and

LASSO+OLS both with PPG + ECG feature set. . . . . . . . . . . . . . . . . . . . ���
�.� Relationship between the top � ranking, non-demographic, features from the

RFPPG+ECG model and �SBP. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���

�.� Schematic of the methodology implemented to estimate the circadian rhythm
pro�les of all signals of interest. . . . . . . . . . . . . . . . . . . . . . . . . . . . ���

�.� Sensor delays between the ECG and PPG waveforms recorded in the MIMIC dataset. ���
�.� Overview of the four stages used to compute PPGEA and SQIEA. . . . . . . . . . . ���
�.� Fiducial point detection of PPGEA in the MIMIC database. . . . . . . . . . . . . ���
�.� Visual comparison of PPG features (PPGfts) extracted on a beat-by-beat basis to

those extracted from PPGEA. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
�.� Typical patient pro�le showing HR, SBP, RR, PAT, and three PPGfts recorded

during the �nal ��-hour period of a patient’s stay in the ICU. . . . . . . . . . . . ���
�.� Sensitivity analysis of the impact of “SQI on the number of patients for whom �

valid measurements of PAT or PPGfts were available with at least one measurement
during the day and one at night. . . . . . . . . . . . . . . . . . . . . . . . . . . . ���

�.� Visual comparison of the population-level double-cosinor circadian deviation models. ���
�.� Visual comparison of the population-level double-cosinor circadian deviation

models for all signals grouped by BP phenotypes. . . . . . . . . . . . . . . . . . . ���



List of Figures xxi

�.� Schematic of the ’regularised individual calibration’ phenotype classi�cation pipeline. ���
�.� Schematic of the ’calibration-free’ phenotype classi�cation pipeline. . . . . . . . ���
�.� Overview of the seven features extracted from each signal to parameterise its

��-hour pro�le. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
�.� Median BP phenotype classi�cation results using the two methods and four models. ���
�.� Median, upper, and lower quartile phenotype classi�cation recall confusionmatrices. ���
�.� Regularised individual calibration, regression analysis for estimating SBPNight and

subsequent DRSBP using Method �. . . . . . . . . . . . . . . . . . . . . . . . . . . ���
�.� Visualising the �xed and random e�ects of the LMEMPPG+PAT model. . . . . . . . ���
�.� Median LASSO+LRPPG+PAT and RFPPG+PAT calibration free phenotype classi�cation

ranking coe�cients for all signals implemented. . . . . . . . . . . . . . . . . . . ���

�.� Schematic of the methodology implemented to estimate ambulatory BP. . . . . . ���
�.� Example of detecting periods of activity in the dataset. . . . . . . . . . . . . . . . ���
�.� Determining “acc as an activity threshold. . . . . . . . . . . . . . . . . . . . . . . ���
�.� Overview of the three stages used to compute PATEA and SQIEAPAT. . . . . . . . . . ���
�.� Examples of two PPGR-R where the number of previously detected PPG onsets

was not one. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
�.� Visual comparison of pulse arrival time (PAT) computed on a beat-by-beat basis

to PATEA. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
�.� Agreement between HRECG and HRPPG computed across all Day0 recordings. . . ���
�.� Sensitivity analysis of wHR and “HR

SQI
to determine their optimum values. . . . . . ���

�.� HR-based detection of poor-quality BP values for a typical participant in the
nABPM study. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���

�.�� Double-cosinor model smoothing for Day0 ABPM data for all participants to
compute the reference BP time series. . . . . . . . . . . . . . . . . . . . . . . . . ���

�.�� ��-hour availability of data performed as a sensitivity analysis of “SQI . . . . . . . ���
�.�� Participant-wise median validation performance curves as PPG+PAT features were

sequentially added to each model. . . . . . . . . . . . . . . . . . . . . . . . . . . ���
�.�� Comparison of reference and estimated Day7 SBP values for each participant. . . ���
�.�� Model RMSE as a function of the range (max-min) of BP values in Day0 and Day7. ���
�.�� Top �� median (across participants) SHAP („j) values feature ranking coe�cient

for Individual calibration RFPPG and Hybrid calibration ELAS+OLSPAT+PPG. . . . . . ���
�.�� SHAP values feature rankings stability from the Day0 training set to the ’optimum’

features determined when training equivalent models on Day7 data. . . . . . . . . ���
�.�� Participant ID: ����, individual calibration, RFPPG model. Analysis of „j in both

training and test sets. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
�.�� Participant ID: ����, individual calibration, RFPPG model. Analysis of „j in both

training and test sets. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
�.�� Participant ID: ����, hybrid calibration, ELAS+OLSPPG+PAT model. Analysis of „j

in both training and test sets. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���



xxii List of Figures

�.�� Participant ID: ����, hybrid calibration, ELAS+OLSPPG+PAT model. Analysis of „j

in both training and test sets. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���

A.� Aktiia bracelet and ABPM deivce. . . . . . . . . . . . . . . . . . . . . . . . . . . ���
A.� ��-hour pro�le of vital signs recorded by the ABPM and Aktiia device. . . . . . . ���
A.� Results of estimating SBP using the Aktiia bracelet. . . . . . . . . . . . . . . . . ���
A.� Results of estimating DBP using the Aktiia bracelet. . . . . . . . . . . . . . . . . ���
A.� Results of estimating HR using the Aktiia bracelet. . . . . . . . . . . . . . . . . . ���
A.� DRSBP estimated values using the Aktiia bracelet and the reference ABPM. . . . . ���

B.� nABPM sleep questionnaire. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���

C.� Example of circular data – existing on the unit circle. . . . . . . . . . . . . . . . ���

D.� Example binary classi�cation confusion matrix. . . . . . . . . . . . . . . . . . . . ���

E.� The PEP time series computed by the three methods across three participants. . . ���
E.� The nasal pressure waveform. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
E.� Relationship between MAP and PAT for all participants in the MOLLIE study. . ���
E.� Relationship between MAP and PTT for all participants in the MOLLIE study. . ���
E.� Relationship between DBP and PAT for all participants in the MOLLIE study. . ���
E.� Relationship between DBP and PTT for all participants in the MOLLIE study. . ���
E.� PEP estimates from the original ��� Hz ICG signal compared to PEP estimates

from the � kHz upsampled ICG signal. . . . . . . . . . . . . . . . . . . . . . . . . ���
E.� Comparison of PEP estimates from the two ICG signals (original ���Hz ICG and

upsampled � kHz ICG). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���

F.� Agreement between the reference �MAP values and the estimated �MAP across
the cohort using RFPPG + ECG. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���

F.� Agreement between the reference �DBP values and the estimated �DBP across
the cohort using RFPPG + ECG. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���

F.� Individual results of �MAP estimation using the RFPPG + ECG model across all
participants in the study. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���

F.� Individual results of �DBP estimation using the RFPPG + ECG model across all
participants in the study. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���

F.� Changes in CO observed in all participants. . . . . . . . . . . . . . . . . . . . . . ���

G.� Comparison of di�erent linear models produced by the three approaches for a
subset of �� patients in the overall cohort. . . . . . . . . . . . . . . . . . . . . . . ���

G.� Distribution of PAT-BP calibration slopes (�SBP/�PAT) modelled by the three
approaches across all patients in the cohort. . . . . . . . . . . . . . . . . . . . . . ���

G.� RMSE nocturnal SBP estimation as a function of the number of observations a
patient had between �am and midnight. . . . . . . . . . . . . . . . . . . . . . . . ���

H.� Double-cosinor model smoothing for all participant’s Day7 ABPMdata to compute
the reference BP time series. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���



List of Tables

Page

�.� Sympathetic and parasympathetic mechanisms controlled by the ANS. . . . . . . ��
�.� BP circadian rhythm phenotypes classi�cation used in this thesis based on an

individual’s SBP day-to-night dip ratio (DRSBP). . . . . . . . . . . . . . . . . . . . ��
�.� Summary of main BP measuring techniques and their associated advantages and

disadvantages. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ��
�.� Standard clinical thresholds for assigning an individual into a BP category based

on their SBP or DBP values recorded in the clinic. . . . . . . . . . . . . . . . . . ��
�.� Summary of key studies of BP estimation using PTT or PAT. . . . . . . . . . . . ��
�.� Summary of key studies of BP estimation using the PPG. . . . . . . . . . . . . . . ��
�.� Overview of the three main available devices that make commercial claims of

cu�ess blood pressure monitoring. . . . . . . . . . . . . . . . . . . . . . . . . . ��

�.� Physiological parameters and sampling rates recorded by the three devices used in
the MOLLIE study. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ��

�.� Demographics of the participants in the MOLLIE study. . . . . . . . . . . . . . ��
�.� Physiological parameters and sampling rates recorded by the two devices used in

the nABPM study. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ��
�.� Demographics of the participants in the nABPM study. . . . . . . . . . . . . . . ��

�.� Performance statistics of SBP estimation using the models proposed. . . . . . . . ���

�.� Criteria for identifying �ducial points on PPG waveform. . . . . . . . . . . . . . ���
�.� Summary of PPGfts extracted, separated into PPG morphology, VPG morphology,

APG morphology, Gaussian decomposition, and PCA. . . . . . . . . . . . . . . . ���
�.� First set of initial conditions for Gaussian decomposition optimisation. . . . . . ���
�.� Summary of ECGfts extracted. . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
�.� Resulting PPGfts and ECGfts included in the feature set post removing collinearity. ���
�.� Performance statistics of �SBP estimation using the models proposed. . . . . . . ���
�.� Spearman’s correlation coe�cient agreement between the feature ranking coe�-

cients for pairs of �SBP, �MAP, and �DBP. . . . . . . . . . . . . . . . . . . . . ���

�.� Summary of the �� PPGfts extracted from each ensemble averaged PPG beat. . . . ���
�.� BP phenotypes classi�cation based on an individual’s SBP day-to-night dip ratio

(DRSBP). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���
�.� Demographics of the subset of patients selected from the MIMIC database. . . . ���
�.� Results of double-cosinor analysis for all signals. . . . . . . . . . . . . . . . . . . ���

�.� Demographics of the subset of patients selected from the MIMIC database. . . . ���
�.� Regularised individual calibration SBP regression performance statistics of SBPNight

and subsequent DRSBP estimation using the models proposed in method �. . . . . ���

xxiii



xxiv List of Tables

�.� Recording durations and data availability for the nABPM study. . . . . . . . . . ���
�.� Performance statistics of Day7 SBP estimation using the models proposed. . . . . ���

A.� Demographics of the participants in the study. . . . . . . . . . . . . . . . . . . . ���
A.� Performance statistics of vital sign (SBP, DBP, andHR) estimation using the Aktiia

device compared to an AND ���� ABPM device. . . . . . . . . . . . . . . . . . . ���

E.� Comparison of the three B-point detection algorithms. . . . . . . . . . . . . . . ���
E.� Performance statistics of MAP estimation using the models proposed. . . . . . . ���
E.� Performance statistics of DBP estimation using the models proposed. . . . . . . . ���

F.� Performance statistics of �MAP estimation using the models proposed. . . . . . ���
F.� Performance statistics of �DBP estimation using the models proposed. . . . . . . ���

G.� Performance statistics of nocturnal SBP estimation using PAT and the three
approaches. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ���

H.� Performance statistics of Day7 MAP estimation using the models proposed. . . . ���
H.� Performance statistics of Day7 DBP estimation using the models proposed. . . . . ���



List of Abbreviations

ABPM Ambulatory blood pressure monitoring.
Acc Classi�cation accuracy.
ANS Autonomic nervous system.
APG Acceleration plethysmogram, second derivative of the PPG waveform.

BMI Body mass index.
BP Blood pressure.

CO Cardiac output.
CV Cross-validation.
CVD Cardiovascular disease.

DBP Diastolic blood pressure.
DR Day-to-night dip ratio.

ECG Electrocardiogram, measures the electrical activity of the heart.
ECGfts Morphological features derived from the ECG.

FFT Fast Fourier transform.

HBPM Home blood pressure monitoring.
HR Heart rate.
HRV Heart rate variability.

ICG Impedance cardiogram.
ICU Intensive care unit.
IQR Inter-quartile range.

Ÿ Cohen’s kappa.

LMEM Linear mixed-e�ects model.

MAE Mean absolute error.
MAP Mean arterial blood pressure.
MEC Mechano-electric coupling.
MERF Mixed-e�ects random forest.
MIMIC Medical Information Mart for Intensive Care.
ML Machine learning.
MOLLIE Mapping Of Lower Limb skIn pErfusion healthy volunteer study.

nABPM Non-invasive ambulatory blood pressure monitoring healthy volunteer study.

PD ’dipper’ blood pressure phenotype.

xxv



xxvi List of Abbreviations

PND ’non-dipper’ blood pressure phenotype.
PRD ’reverse dipper’ blood pressure phenotype.
PAT Pulse arrival time.
PEP Pre-ejection period.
flp Pearson’s correlation coe�cient.
PPG Photoplethysmogram, monitors changing blood volume in an artery.
PPGfts Morphological features derived from the PPG.
fls Spearman’s correlation coe�cient.
PTT Pulse transit time.
PWV Pulse wave velocity.

RF Random forest.
RMSE Root mean squared error.
RR Respiratory rate.

SBP Systolic blood pressure.
SHAP Shapley additive explanation values.
SMR Severe-misclassification rate, the proportion of patients in the ’dipper’ (PD) cohort

that were incorrectly classi�ed as ’reverse dipper’ (PRD), and vice versa.
SpO2 Peripheral oxygen saturation as computed by a pulse oximeter.
SQI Signal quality index.
SV Stroke volume.

TPR Total peripheral resistance.
TT Transit time, a collective term for pulse transit time and pulse arrival time.

VPG Velocity plethysmogram, �rst derivative of the PPG waveform.

wF� Weighted F� score.

.



1
Introduction

�.� Cu�ess blood pressure measurement using the photoplethys-
mogram and the electrocardiogram

Blood pressure (BP), as one of the �ve essential physiological vital signs, serves as a crucial indicator

of cardiovascular health. Excessively elevated BP (hypertension) is the leading cause of non-

communicable disease and mortality worldwide [�]. Similar to other vital signs, such as heart rate

and respiratory rate, BP exhibits endogenous oscillations with a period of approximately �� hours,

a phenomenon known as circadian rhythmicity [�, �, �]. Analysis of this rhythm independently

predicts all-cause mortality and cardiovascular events, including coronary heart disease, atrial

�brillation, and stroke [�, �, �].

Currently, the established technique for monitoring ��-hour variations of BP is known as

ambulatory blood pressure monitoring (ABPM). However, as this technique requires an in�atable

cu� to be wrapped around the arm, it is highly disruptive to sleep and daily life and is therefore

rarely performed in primary care settings [�, �].

Advances in computational capabilities have enabled research into the estimation of BP using

other physiological signals [�]. For instance, variations in the cardiovascular system and autonomic

nervous system (ANS) induces changes in the photoplethysmogram (PPG) and electrocardiogram

(ECG), which are ubiquitous in a clinical setting and are increasingly available in an out-of-clinic

setting where they can be unobtrusively recorded using wearables such as smartwatches. These

signals, therefore, o�er great promise for cu�ess BP monitoring.

The ability to continuously monitor BP without the need for an in�atable cu� would o�er

substantial bene�ts over, or in addition to, traditional BP measurements. In primary care settings,

more frequent monitoring of BP could raise awareness and facilitate earlier detection of hyper-

tension. Additionally, by eliminating the requirement for cu� in�ation, cu�ess devices have the

potential to monitor BP during sleep, enabling the assessment of BP circadian rhythm patterns

in the general population. In pursuit of these bene�ts, this thesis investigates, in-depth, cu�ess

ambulatory blood pressure measurement using the PPG and ECG signals.

�
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�.� Clinical motivation

�.�.� Blood pressure

As the heart pumps blood around the body, it transports oxygen and vital nutrients to cells and

tissues. BP re�ects the force the heart generates to maintain this essential blood �ow [��]. The ANS

closely regulates BP to remain within ’normal’ limits in response to varying physiological demands.

If BP drops too low (hypotension), blood �ow to vital organs may become inadequate, potentially

leading to cellular and organ dysfunction, and even shock due to reduced tissue perfusion [��].

Conversely, if BP rises too high (hypertension), blood vessels can be damaged, increasing the

risk of clots and ruptures. Sustained hypertension has been shown to be one of the highest risk

factors for the majority of cardiovascular diseases (CVDs) [��]. The global prevalence of sustained

hypertension is currently estimated to be ��.�% with sharp increases in low-income countries

where access to anti-hypertensive medication is limited [��].

BP additionally exhibits an endogenous rhythm, regulated by neurohormonal variations. This

rhythm typically includes a ��%-��% decrease [��] during sleep, a phenomenon known as ’dipping’

[�]. However, di�erent BP circadian rhythm phenotypes exist depending on the magnitude and

direction of the nocturnal change in BP. For example, there exists a cohort of individuals (thought

to be approximately ��.�% of the general population [�]) for whom their highest BP occurs during

the night, a pattern known as ‘reverse-dipping’. ‘Reverse-dipping’ patterns are predictors of both

fatal and nonfatal cardiovascular events that are independent of daytime BP values [��, �].

Poor regulation of BP is often referred to as the ‘silent killer’ as it is largely asymptomatic [��];

however, it is highly treatable [��]. Accurate measurement of BP is, therefore, of signi�cant impor-

tance.

�.�.� Blood pressure measurement

Continuous measurement of BP can be obtained using an arterial line, a small thin catheter inserted

into a large artery (typically the radial artery). Cannulation of an artery, however, is invasive,

time-consuming, and has associated risks (such as infection [��]). As a result, inserting an arterial

line requires an appropriately skilled practitioner with the procedure primarily performed in clinic

or hospital settings for individuals requiring intensive care [��, ��]. As such, it is not a feasible

option for widespread, continuous BP monitoring in primary care.

The current "gold standard" in non-invasive BP measurement uses a sphygmomanometer, an

in�atable cu� wrapped around an individual’s upper arm and in�ated until the blood �ow is

temporarily occluded [��]. This provides a single reading of systolic blood pressure (highest blood
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pressure when the heart contracts) and diastolic blood pressure (lowest blood pressure when the

heart relaxes). To diagnose hypotension or hypertension, two BP measurements are typically taken

by a trained clinician within a �-� minute interval, with the individual in a sitting position.

These clinical spot measurements, however, do not take into account the circadian nature

of BP. For this assessment, ABPM is typically performed over a period of �� or �� hours with

automatic cu� in�ations every thirty minutes during the day and every hour during the night [��].

Studies have indicated that the cu� in�ation process can result in disturbances to sleep, reduce

daytime activity, and may even induce ’reverse-dipping’ [��]. As a result, tolerance for ABPM in

the general population is very low [��] and it is rarely performed in primary care settings [�, �].

There is a need, therefore, for the development of an unobtrusive, cu�ess ambulatory BP

monitoring device that can accurately assess an individual’s ��-hour BP pro�le without inducing

sleep arousal or signi�cant user discomfort.

�.�.� Cu�ess blood pressure measurement

Within the last �ve years, a number of companies have launched cu�ess BP measurement devices

[��, ��]. However, the accuracy of these devices has been debated and called into question in

several independent studies [��, ��]. As accurate measurements are crucial for addressing the

global burden of CVD, none of these devices have been accepted by the clinical community [��].

Therefore, additional research is required to investigate cu�ess BP measurement options.

In this thesis, we investigate the utility of the PPG and ECG signals for deriving surrogate

measures of BP. The PPG signal measures changes in the light absorption characteristics of blood

[��] and is typically recorded by a pulse oximeter attached to the ear, �nger, or toe. The ECG signal

measures the electrical activity of the heart during a cardiac cycle through electrodes attached

to the skin surface of the chest [��], or arms [��].

Multiple, cardiovascular-related, metrics may be derived from analysis of the PPG or ECG

waveforms. One such example is the pulse arrival time (PAT) which indicates the velocity of the

pulse wave produced as the heart pumps blood around the body [��]. More recent research has

increasingly focused on relating morphological features of the PPG and ECG waveforms to BP

using data-driven modelling [�]. However, the use of these metrics for continuous monitoring

of ambulatory BP has not yet been fully established.
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�.� Objectives

The main objective of this thesis is "To investigate PPG- and ECG-derived surrogate measures

of ambulatory BP". The more speci�c goals are:

• To design clinical studies and collect novel datasets for the development of ambulatory BP

estimation algorithms in healthy individuals.

• To identify relevant surrogate BP measures derived from the PPG and ECG waveforms and

examine their relationship with BP.

• To develop robust methods for analysing PPG and ECG derived BP surrogates in an

ambulatory setting, handling periods of poor signal quality caused by movement.

• To study ��-hour variations of these surrogate measures and develop cu�ess solutions to

estimate an individual’s BP phenotype, as an alternative to ABPM.

• To compare di�erent calibration strategies on the basis of BP estimation accuracy. Addi-

tionally, to investigate the stability of these strategies, � days after initial calibration.

• To compare BP estimation using only surrogate measures derived from the PPG waveform

(as a single-source estimator), to then including the ECG waveform.

�.� Contributions

Following the objectives outlined above, there are three major contributions of this thesis:

Surrogate blood pressure measures derived from the PPG and ECG waveforms The �rst major

contribution of this work is a comprehensive assessment of surrogate BP measures derived from the

PPG and ECG waveforms and their relationship with BP. We introduce robust signal-processing

techniques to compute estimates of PAT as well as morphological features of the PPG and ECG

waveforms. Deriving reliable features from continuous waveforms in an ambulatory environment

is a non-trivial challenge. We, therefore further developed our methodology to compute these

surrogate measures when in the presence of motion artefacts. The relationships between these

surrogate measures and BP is assessed using data frommultiple individuals in three distinct settings

with BP perturbed by a variety of mechanisms. Our research provides a thorough evaluation of

the signi�cance of each surrogate measure in estimating BP within each speci�c setting.
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Circadian rhythm analysis The second major contribution is a circadian rhythm analysis of PPG

and ECG-derived surrogate BPmeasures in a large heterogeneous patient cohort. To our knowledge,

no previous research has investigated whether any surrogate measure for BP exhibits an endogenous

��-hour rhythm in synchronywith reference BPmeasurements. This analysis additionally facilitated

the development of a novel calibration-free ordinal BP phenotype classi�cation model that may

o�er a cost-e�ective and unobtrusive means of assessing BP phenotypes in the general population.

Ambulatory blood pressure estimation seven days after initial calibration The third major

contribution is the application of the algorithms developed throughout this thesis to the ambulatory

domain. Due to the di�culties of recording data in an at-home environment, very few publications

have explored cu�ess ambulatory BP estimation. We conducted a unique clinical study and

analysed appropriate calibration procedures for accurate ��-hour BP estimation, seven days

after initial calibration.

�.�.� Contributions from other members of the research group

This thesis incorporates collaborative contributions from members of our research group, speci�c

occurrences of this are outlined below. While the thesis is presented in the �rst person plural,

the author conducted all other work independently.

Design of the Mapping Of Lower Limb skIn pErfusion The clinical study titled ’Mapping of

Lower Limb Skin Perfusion’ (introduced in section �.�), was originally conceived by Dr. Mirae

Harford as part of her own PhD research. Dr. Harford, who is medically quali�ed, oversaw

the study’s organisation and ensured compliance with medical research ethics as mandated by

University regulations [��]. My involvement in the study included active participation in the

planning process through regular meetings, as well as data collection.

Patient selection criteria of the Medical Information Mart for Intensive Care dataset The

patient selection criteria of the Medical Information Mart for Intensive Care dataset (introduced

in section �.�) were adapted from previously published work by Dr. Shaun Davidson [�].

�.� Thesis structure

This thesis is composed of �� chapters. Below is an overview of the thesis structure:
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Chapter � provides the relevant background regarding BP as a vital sign, circadian rhythms,

and the PPG and ECG signals. This chapter explores the limitations of current in-clinic and

at-home BP measurements. Existing methodologies, and their associated limitations, for cu�ess

estimation of BP are also discussed.

Chapter � introduces the three datasets employed in this thesis, with a description of the study

populations, data collection processes, and an overview of the reference data.

Chapter � provides a technical background of the general methodologies implemented in this

thesis. Chapter-speci�c methodology is introduced in each relevant chapter.

Chapter � investigates PAT as a surrogate measure of BP in a study involving thirty healthy

volunteers, in which BP changes were induced by pharmacological intervention. In particular,

we analyse the impact of the pre-ejection period (PEP) as an additional component of PAT. We

establish a robust signal analysis pipeline for computing PAT and PEP estimates while handling

periods of low signal quality, a step that has been largely overlooked in the literature. Finally, we

highlight that population-based models are insu�cient to model the PAT-BP relationship.

Chapter � extends the work of the previous chapter to investigate strategies for BP estimation

using morphological features of the PPG and ECG waveforms. We extract a large and diverse

set of features established from the relevant literature and develop linear (ordinary least squares)

and non-linear (random forest) regression models to estimate changes in BP. Through a robust

assessment of feature importance, we discuss the mechanisms behind the PPG-BP relationship and

suggest that the ECG on its own is insu�cient for a reliable estimation of changes in BP.

Chapter � provides a circadian rhythm analysis of vital signs (BP, heart rate, and respiratory

rate), PAT, and the previously established PPG waveform features. This analysis is conducted on a

large, heterogeneous, cohort of patient data available in an open-source intensive care database.

Through statistical modelling, we establish that PAT and a subset of PPGwaveform features exhibit

a circadian rhythm in synchronicity with that of BP. We additionally demonstrate statistically

signi�cant di�erences in these circadian rhythm pro�les between patients grouped according

to BP circadian rhythm phenotypes.

Chapter � utilises the results of the previous chapters and introduces two new methods for

classifying an individual’s BP phenotype without a reliance on ABPM. Our �rst approach makes

use of BP measurements taken while an individual is awake for a regularised individual calibration.

Our second approach eliminates the need for BP calibration measurements altogether and utilises

circadian features of PAT and PPG waveform features for calibration-free phenotype classi�cation.
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Chapter � further develops the methodology implemented throughout this thesis towards cu�ess

estimation of ambulatory BP, � days after initial calibration. We compare the performance of

leave-one-subject-out regression, a technique commonly used by commercial cu�ess devices, to

personalised regression, which involves training individual regression models using only data

from that speci�c individual. Our results suggest that leave-one-subject-out regression models

may lead to clinically signi�cant errors in BP measurements, highlighting the importance of

individualised calibration.

Chapter �� summarises the research carried out in this thesis, leading to a discussion of proposals

for the future work needed to further advance the �eld of cu�ess BP monitoring.
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�.� Introduction

In this chapter, we provide an overview of the relevant background to cu�ess blood pressure

measurement. We �rst outline key elements of the cardiovascular system and discuss the need

for accurate blood pressure monitoring. We detail why this thesis has a speci�c focus on ��-hour,

circadian, changes in blood pressure. We then review the currently established techniques to

measure blood pressure and outline their inadequacies for circadian rhythm analysis. We introduce

key signals that are used throughout this thesis: the electrocardiogram and photoplethysmogram,

as well as the impedance cardiogram. Finally, we review the state-of-the-art approaches and recent

developments in the �eld of cu�ess blood pressure measurement.

�.� Elements of the cardiovascular system

The cardiovascular system is part of the circulatory system that pumps blood throughout the body. It

consists of the heart, blood vessels, and blood (see �gure �.�(a)). Its primary function is to transport

oxygen-rich blood and nutrients to all parts of the body and to carry deoxygenated blood back to

the lungs. Secondary functions of the cardiovascular system include: removing carbon dioxide and

metabolic waste from tissues and depositing them in the excretory organs (skin, lungs, and kidneys);

distributing water, electrolytes, and hormones through the body; and regulating body temperature.

�.�.� Structure of the heart

The heart pumps blood around the body in order to deliver oxygen-rich blood to the body’s tissues

and organs. Figure �.�(b) depicts the heart’s structure and its four compartments. Deoxygenated

blood �ows into the right atrium via the superior venae cavae (from the head) and inferior venae

cavae (from the body). From the right atrium, blood is pumped into the right ventricle through

the tricuspid valve. From the right ventricle, a small force is exerted on the blood to pump blood

towards the lungs via the pulmonary valve and the pulmonary artery. Newly oxygenated blood is

returned from the lungs to the heart’s left atrium via the pulmonary veins. Blood is then pumped

into the left ventricle via the mitral valve. Finally, a larger force is exerted by the left ventricle

to pump blood to the rest of the body tissues via the aortic valve and the aorta. The pumping

mechanism of the four chambers of the heart is highly coordinated and synchronised so that their

actions are e�ective. On the exit of each chamber, blood passes through either an atrioventricular

(between atrium and ventricles) or semiluminar (between ventricles and arteries) valve. Each

valve has �aps that open and close once per heartbeat to control the timing of blood �ow and

only allow blood to �ow in one direction.
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(a)

(b)

Figure �.�: Overview of the cardiovascular system and the heart. Black arrows indicate the direction of
blood �ow. (a) Schematic representation of the cardiovascular system. The heart receives oxygenated
blood (shown in red) from the lungs and distributes it through the arteries. Oxygenated blood travels
through a series of capillaries to capillaries which are then supplied with oxygen and other nutrients.
Deoxygenated blood (shown in blue) leaves the tissue cells and �ows through the veins back to the
heart and lungs. (b) Structure of the heart. The heart is divided into four chambers. The right atrium
of the heart takes in deoxygenated blood and pumps it to the lungs through the right ventricle. The
left atrium of the heart takes in oxygenated blood from the lungs and pumps it to the rest of the body
through the left ventricle. Both �gures were adapted from [��] with permission.

To summarise, the right side of the heart pumps oxygen-poor blood to the lungs, and the left side

pumps oxygen-rich blood towards the body tissues. As the atria contract (atrial systole), the ventri-

cles relax (ventricular diastole). Likewise, as the ventricles contract (ventricular systole), the atria

relax (atrial diastole). This complete series of events make up a heartbeat, also called a cardiac cycle.

The wall of the heart is comprised of three layers: the outer pericardium, middle myocardium,

and inner endocardium. The pericardium surrounds the outside of the heart and consists of

connective tissue that protects the heart from infection. The myocardium is the thickest layer of

the heart and consists of muscles responsible for the pumping force generated during a cardiac

cycle. The right ventricle’s muscular wall is thinner than that of the left ventricle, as it only pumps

blood to the lungs with a comparatively lower resistance to blood �ow. The endocardium is the

inner layer and is made up of epithelium and connective tissue with many elastic and collagenous

�bres. It also contains blood vessels and specialised cardiac muscle �bres known as Purkinje �bres

that distribute electrical impulses to ventricular muscles.
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�.�.� Cardiac cycle

The cardiac cycle is the sequence of events that occurs during a heartbeat. A single cycle of cardiac

activity can be divided into two phases: diastole and systole. Diastole, known as the �lling phase,

represents the period of time when the ventricles are relaxed. Throughout most of this time, blood

is �owing passively from the left atrium and right atrium into the left ventricle and right ventricle

respectively. Systole, known as the contraction phase, represents the time during which the left

and right ventricles contract and eject blood into the aorta and pulmonary artery respectively.

Figure �.�(a) shows the changes in pressure in key chambers of the heart during a single cardiac

cycle, speci�cally in aortic pressure (AP), left ventricular pressure (LVP), and left atrial pressure

(LAP). The onset of systole results in a sharp increase in LVP. Once LVP is greater than AP, blood

is ejected from the left ventricle into the aorta. The pressure at which this occurs is known as

afterload, the pressure required for blood to �ow. Systole ends when LVP is less than AP and

diastole begins. Figure �.�(a) also shows changes in left ventricular volume (LV Vol) during a single

cardiac cycle, clearly showing blood ejection during systole and blood �lling during diastole.

Figure �.�(b) shows the pressure-volume (P-V) relationship for the left ventricle during a single

cardiac cycle. The shape of the loop is a�ected by the contractility and compliance of the left

ventricle, and factors that alter re�lling or ejection of blood. The cycle can be divided into four

main phases, labelled a-d. Phase "a" consists of ventricular �lling. When LVP falls below LAP

during diastole, the mitral valve opens and the left ventricle begins to �ll with oxygen-rich blood

from the left atrium. Initially, LVP continues to fall as the ventricle �lls because it is still relaxing

(from phase "d" of the previous cardiac cycle). However, once the ventricle is fully relaxed, LVP

gradually increases as the LV Vol increases. Left ventricular volume after �lling, known as left

ventricular end-diastolic volume (LVEDV), is typically around ���-��� mL [��]. The equivalent

pressure, end-diastolic pressure (EDP), is typically < ��mmHg [��].

Phase "b" consists of isovolumetric contraction. It is triggered by the mitral valve closing,

resulting in a swift increase in LVP but no changes in volume. Phase "c" is the start of systole and

consists of blood ejection. Once LVP exceeds AP, the aortic valve opens and rapid ejection of

blood begins. During this phase, LV Vol decreases as LVP increases to a peak value (peak systolic

pressure) and subsequently decreases as the ventricles begin to relax. LVP towards the end of the

ejection phase is slightly less than AP in the aorta (see �gure �.�(a)), but blood continues to �ow

out due to momentum. Eventually, the �ow brie�y reverses, causing the closure of the aortic valve

and a small increase in AP, giving rise to a characteristic feature in the pressure waveform known

as the dicrotic notch. Left ventricular volume after ejection, typically around ��-�� mL, is known
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(a)

(b)

Figure �.�: Pressure and volume changes during a cardiac cycle. (a) Changes in left ventricular pressure
(LVP) and left ventricular volume (LV Vol) during cardiac contraction (systole) and relaxation
(diastole). (b) Pressure-Volume relationship for the left ventricle. Acronyms: AP - aortic pressure;
LVP - left ventricular pressure; LAP - left atrial pressure; LV Vol - left ventricular volume; LVESV -
left ventricle end-systolic volume; LVEDV - left ventricle end-diastolic volume; EDP - end-diastolic
pressure; ESPVR - end-systolic pressure-volume relationship; SV - stroke volume. Both �gures were
adapted from [��] with permission.

as left ventricular end-systolic volume (LVESV) [��]. Phase "d" marks the start of diastole and

consists of isovolumetric relaxation, triggered by the closing of the aortic valve.

The width of the P-V loop represents the di�erence between LVEDV and LVESV. This is known

as the stroke volume (SV) and equates to the volume of blood pumped out of the left ventricle

during each cardiac cycle. Typically, SV is around ��mL in healthy adults [��]. The proportion

of LVEDV that is ejected (SV/LVEDV) is known as the ejection fraction. The area within the

P-V loop is the ventricular stroke work and is a measure of the work done during a heartbeat, an

indicator of cardiac function. Cardiac output (CO) is the volume of blood ejected per minute and

is equal to the product of heart rate (HR) (the rate at which the heart beats) and SV.

�.�.�.� Frank-Starling law

The Frank-Starling law of the heart describes the relationship between SV and LVEDV (also known

as preload, initial stretching of cardiac muscles). The law states that, when all other factors remain

constant, an increase in LVEDV leads to a corresponding increase in SV due to stronger ventricular

contractions caused by an increased initial length of the myocardial �bres. The most important

consequence of the Frank-Starling law is that output is matched between the right and left
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ventricles. Other factors that increase the force and rate ofmyocardial contraction include increased

sympathetic nerve activity and circulating hormones such as adrenaline and noradrenaline.

�.�.� Structure of blood vessels

The circulatory system (see �gure �.�(a)) is a closed loop consisting of two major circuits: the

pulmonary circuit, which transports blood to and from the lungs; and the systemic circuit,

which transports blood to and from the remaining tissues in the body. The systemic circuit

is much longer than the pulmonary circuit and therefore requires more energy to complete.

Within the circulatory system, there are �ve general classes of blood vessels: arteries, arterioles,

capillaries, venules, and veins.

Oxygenated blood �ows out of the aorta at high pressure and high velocity into the major

arteries, each of which supplies oxygen to a major organ or body region. These arteries subdivide

into arterioles (arteries with a diameter < 100µm). The arterioles lead to the smallest vessels, the

capillaries, which form a dense network of blood supply within all body tissues. In the capillaries,

the pressure and velocity of blood decrease as the total surface area of blood vessels increases.

Cells receive oxygen and nutrient supply through the systemic capillaries in exchange for carbon

dioxide and other waste products [��]. Deoxygenated blood is then transported from capillaries

to the veins via microscopic vessels known as venules. Blood is returned to the heart using veins

via the superior and inferior venae cavae.

The structure of each blood vessel varies due to their distinct functions and the varying demands

placed upon them. The walls of these vessels typically consist of three distinct layers, as depicted

in �gure �.�(a) [��]. The innermost layer, tunica interna, forms the inner lining of a blood vessel

and is in direct contact with blood. Its smooth luminal surface is lined by endothelial cells which

facilitate e�cient blood �ow by reducing surface friction. The basement membrane of the tunica

interna is made up of elastic, collagenous �bres which provide tensile strength to the vessel. The

middle layer, tunica media, is primarily made up of smooth muscle and is usually the thickest

layer. It provides both structural support for the vessel and actively changes vessel diameter to

regulate blood �ow and BP. An increase in sympathetic stimulation typically stimulates the smooth

muscle to contract, squeezing the vessel wall and narrowing the vessel diameter, this is known

as vasoconstriction. Conversely, the widening of a blood vessel is known as vasodilation. The

outermost layer, tunica externa, is composed of connective tissue that attaches the vessel to the

surrounding tissue. This layer is made up of elastic and collagen �bres and also contains numerous

sympathetic nerves in order to regulate vasoconstriction and dilation.
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(a)
(b)

Figure �.�: Structure of blood vessels. (a) Blood vessels are composed of three distinct layers: tunica
interna (inner layer for smooth blood �ow), tunica media (middle layer, provides strength to the
vessel), and tunica externa (outer layer to attach the vessel to surrounding tissue). (b) Varying blood
vessel structure across the circulatory system from main elastic arteries (with a large smooth muscle
component), to capillaries (which have a large surface area), to veins (which have a small smooth
muscle component and valves). Both �gures were adapted from [��] with permission.

Because of the energy required to transport blood around the circulatory system, the heart

exerts a strong force during left ventricular contraction. As a result, the pressure that blood exerts

on the arterial walls is strongest when blood leaves the heart through the arteries, weaker in the

arterioles, and lowest in the capillaries. Figure �.�(b) depicts changes in the overall structure of

the blood vessels across the circulatory system. In order to withstand high pressure, the arteries

are the largest vessels in the body with the thickest smooth muscle layer. This gives the arteries

large compliance, allowing them to swell without tearing at times of high pressure. Vessel swelling

acts as a pressure reservoir, momentarily storing the mechanical energy which is then converted

into kinetic energy of the blood as the elastic �bres recoil. As a result, elastic arteries are able to

propel blood forwards while the ventricles are relaxing. Capillaries are designed for e�cient gas

exchange between blood and cells. They are, therefore, microscopically small (�-�� µm in diameter

[��]) in order to increase the surface area to volume ratio. Capillaries contain a one-cell thick

endothelium layer to allow for easy exchange of substances across the vessel walls.

The main function of veins is to transport deoxygenated blood back to the heart. Veins

have a larger diameter than arteries and thus o�er relatively little resistance to �ow. Relative to

their size, veins have thin walls that do not readily maintain their shape as the pressure of the

blood is low and with little pulsation. Many veins, especially those in the lower limbs, contain

valves to prevent the back�ow of blood.

�.� Blood pressure

BP is a measure of the force the blood exerts per unit area of blood vessel wall [��]. BP values are

typically given in units of millimetres of mercury (mmHg) since the �rst gauges to measure BP
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used mercury [��]. Regulating BP to be within ’normal’ limits is vital to maintaining the essential

�ow of blood to the body’s organs and tissues. If BP drops too low (hypotension), blood �ow

to vital organs may be inadequate, potentially resulting in shock (reduction in tissue perfusion)

leading to cellular and organ dysfunction [��]. Conversely, if BP rises too high (hypertension),

blood vessels can be damaged, increasing the risk of clots and possible ruptures. Additionally,

sustained hypertension has been shown to be one of the highest risk factors for the majority of

CVDs such as coronary disease, left ventricular hypertrophy, atrial �brillation, cerebral stroke, and

renal failure [��]. BP is, therefore, closely regulated by the ANS which consists of the sympathetic

and parasympathetic nervous systems [��].

BP varies over a cardiac cycle. When the left ventricle contracts and pushes blood into the

aorta, the pressure produced is called the systolic blood pressure (SBP), the maximum pressure

over a cardiac cycle. When the heart is resting following the ejection of blood, the pressure within

the arteries is much lower; it is called the diastolic blood pressure (DBP), the minimum pressure

over a cardiac cycle. The di�erence between the two is known as the pulse pressure (PP). Mean

arterial blood pressure (MAP) is the mean BP over a cardiac cycle. Based on the relative times

spent in systole and diastole, MAP can be approximated as:

MAP = DBP + (SBP ≠ DBP)
3 (�.�)

where 1/3 is the systole ratio of the cardiac cycle [��]. MAP can also be de�ned in terms of the

properties of the cardiac cycle and vasculature of the blood vessels in the body [��]:

MAP = CO · TPR (�.�)

where TPR is the total peripheral resistance.

BP is thus maintained by constantly adjusting CO, the total amount of blood in the vascu-

lature, and the degree of vasodilation and vasoconstriction in blood vessels. Vasodilation and

vasoconstriction occur mainly in the arterioles, which have a tunica media composed almost entirely

of smooth muscle. Di�erent regulatory mechanisms are employed to control BP in the short

(within seconds), medium (within days), and long-term (within years) intervals. We provide a

brief overview of these in the following section.

�.�.� Short-term blood pressure regulation

Short-term BP variation refers to beat-by-beat �uctuations in BP due to the interplay of multiple

cardiovascular control mechanisms, such as baroreceptors, chemoreceptors, and Mayer wayes.
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�.�.�.� Baroreceptor re�ex

Baroreceptors are pressure receptors located in the walls of the aortic arch and carotid sinuses

(at the bifurcation of the internal carotid artery at the level of the neck). When BP increases in

these arteries, the baroreceptors are activated, increasing their input to the ANS. In response, the

ANS increases parasympathetic nerve activity transmitted to the heart, slowing HR down. At

the same time, sympathetic stimulation to the blood vessels is inhibited, inducing vasodilation

and a decrease in TPR. The net result is a fall in BP. Conversely, if the pressure falls, the rate of

baroreceptor discharge also falls. The ANS then increases the sympathetic drive to the heart to

speed it up. Sympathetic activity in blood vessels is also increased leading to vasoconstriction, and

consequentially an increase in TPR. The physiological e�ect of sympathetic and parasympathetic

stimulation is summarised in table �.�. This mechanism is called the baroreceptor re�ex and acts

as a negative feedback control system to reduce �uctuations in arterial pressure. However, the

barore�ex cannot regulate BP over the medium and long-term because the mechanism that triggers

baroreceptors resets itself once a more adequate BP is restored [��].

Table �.�: Sympathetic and parasympathetic mechanisms controlled by the ANS. These mechanisms
have opposing actions where one system activates a physiological response and the other inhibits it.

Sympathetic stimulation Parasympathetic stimulation
(fight or flight) (rest and digest)

Heart HR ø HR ¿
Force of contraction ø Force of contraction ¿

Blood vessels Smooth arteries and arterioles
constrict

Blood vessels do not have a
parasympathetic supply

Net e�ect on BP BP ø BP ¿

�.�.�.� Chemoreceptors

Chemoreceptors are nerve endings spread over the arterial system that are sensitive to changes in

carbon dioxide, oxygen and blood pH. Activation of these peripheral chemoreceptors is triggered

by factors indicating failing tissue perfusion, such as rising CO�, falling O�, or falling blood

pH. This increases the sympathetic nervous stimulation in the heart and causes a corresponding

increase in HR and BP.

�.�.�.� Mayer waves

Mayer waves are cyclical waves in BP thought to be driven by natural oscillations of the baroreceptor

and chemoreceptor re�ex control mechanisms [��]. These oscillations induce changes in the

sympathetic vasomotor tone of arterial blood vessels. They occur at a relatively stable characteristic
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frequency of around �.� Hz that is independent of sex, age and posture. The amplitude of the

Mayer waves has been shown to be an indicator of sympathetic nervous activity.

�.�.� Mid-term blood pressure regulation

Mid-term BP variation refers to changes in BP that occur over the course of �� hours, otherwise

known as circadian rhythms. It is important to distinguish a circadian rhythm from a diurnal

rhythm. Circadian rhythms are endogenous oscillations in physiological functions driven by a

combination of extrinsic factors (such as cycles in daily activity, stress and feeding), and intrinsic

internal circadian clocks with a period of approximately �� hours [�, �]. Diurnal rhythms are

processes that recur every �� hours and are often linked to the natural light-dark cycles [�]. BP

follows an endogenous circadian rhythm in order to appropriately meet the metabolic demands of

tissues and cells over ��-hours [�]. The internal circadian clocks evolved in order for organisms to

better adapt to the ��-hour day-night cycles on our planet. Circadian clocks are present in most

major tissues such as the heart, vasculature, kidneys, and the neuroendocrine system. The pacemaker

for these peripheral clocks resides in the suprachiasmatic nucleus (SCN) of the hypothalamus

in the brain [�]. The SCN synchronises with the light/dark cycle via direct retinal input and

communicates with peripheral clocks through hormonal and neuronal signals [��].

Long-term disruptions of the circadian system have been shown to be risk factors for metabolic

disorders, obesity, diabetes, cardiovascular disease, and cancer [��, ��, ��, ��]. A large body of

evidence also now shows a strong link between long-term disruption of circadian rhythms and

the development of neurodegenerative diseases, such as Alzheimer’s disease [��].

Circadian variations in BP have been extensively investigated in the literature. The underlying

mechanisms of these variations are complex and multi-factorial, involving the circadian timing

system, autonomic nervous system, and water and sodium regulation [��]. The typical pro�le

for a healthy individual consists of a dip in BP when falling asleep (a phenomenon known as

dipping), reaching its lowest value during slow-wave sleep and the highest variability during

rapid eye movement (REM) sleep. The typical pattern while awake includes two peaks, a large

peak upon waking (known as the ’morning BP surge’) and a smaller peak at around �pm [��].

The dip in BP during sleep is a phenomenon known as the ’day-to-night dip’ and the degree

to which an individual dips may be characterised by the day-to-night dip ratio in SBP (DRSBP)

[��]. DRSBP is de�ned as the percentage di�erence between the mean night-time SBP and the

mean daytime SBP, normalised by the latter:

DRSBP = SBPNight ≠ SBPDay

SBPDay
· 100% (�.�)
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Figure �.�: Depiction of the di�erent SBP circadian rhythm phenotypes: ’dipper’ PD, ’non-dipper’
PND, and ’reverse-dipper’ PRD . Data was gathered from the ��� patients in the BP-Eth study,
Armitage et al. [�]. Patients were grouped into PD, PND, and PRD phenotypes, and their hourly
average and standard deviation of recorded BP values are shown. The DRSBP criteria de�ning these
phenotypes are outlined in table �.�.

Healthy individuals typically experience a DRSBP between -��% and -��%, driven by a reduction

in sympathetic tone and an increase in vagal activity, both regulated by the SCN [��]. However,

multiple BP phenotypes exist depending on the magnitude and direction of the change in nocturnal

BP. Previous works have demonstrated the presence of ’non-dipping’ (PND, no nocturnal change

in BP) and ’reverse dipping’ (PRD, increase in BP during sleep) patterns [��]. Additionally, some of

the literature further describes subcategories of ’dippers’ (’extreme dippers’, PED [��]) and ’reverse

dippers’ (’extreme reverse dippers’, PERD [�]). The criteria for de�ning di�erent BP circadian

rhythm phenotypes are outlined in table �.�.

To depict these phenotypes, we utilised data gathered from the ’BP in di�erent ethnic groups’

(BP-Eth) study from Armitage et al. [�]. BP-Eth was an observational study conducted between

June ���� and December ����, with ��� patients registered at one of �� general practices in the

UK. All patients underwent ��-hour ABPM with BP measured every �� minutes during the day

and hourly during the night. Figure �.� depicts the averaged BP values for patients grouped into

’dipper’ (PD), ’non-dipper’ (PND), and ’reverse dipper’ (PRD) phenotypes. The width of each

pro�le is proportional to the variance of the data for that data point, the wider width of the PRD

pro�le results from its relatively lower prevalence in the community.

In a systematic literature review, Cuspidi et al. [��] reported that the prevalence of the PRD

phenotype ranges from �% to ��% depending on the study and the population in question. Armitage

et al. [�] performed a retrospective analysis of PRD prevalence in two patient populations. The

�rst population consisted of ��,��� patients admitted to four acute hospitals in Oxford University
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Table �.�: BP circadian rhythm phenotypes classi�cation used in this thesis based on an individual’s
SBP day-to-night dip ratio (DRSBP). Note that PED and PERD are subcategories of PD and PRD

respectively and are not commonly analysed in the literature.

Phenoptype SBP Dip ratio (DRSBP) range
’Extreme dipper’ (PED) DRSBP < ≠20%
’Dipper’ (PD) DRSBP Æ ≠10%
’Non-dipper’ (PND) ≠10% < DRSBP < 0%
’Reverse dipper’ (PRD) 0% Æ DRSBP

’Extreme reverse dipper’ (PERD) 10% < DRSBP

Hospitals NHS Foundation Trust, UK. Among this cohort, the prevalence of the PRD phenotype

was found to be ��.�%. The second population consisted of ��� primary care patients undergoing

ambulatory BP monitoring. Among this cohort, the prevalence of the PRD phenotype was found

to be ��.�%. Overall, individuals in the PRD cohort tended to be older, more frequently male,

and with a higher prevalence of history of CVD than individuals in the PD and PND cohorts.

Indeed, substantial evidence over the past couple of decades has pointed to a signi�cant link

between disrupted dipping patterns in BP, such as PND or PRD phenotypes, and development

of CVD, such as myocardial infarction, stroke, angina, and heart failure [�]. In addition, an

increased nocturnal BP has been associated with endothelial dysfunction [��], sleeping disorders

[��], and reduced renal sodium excretion [��].

Obrien et al. [��] were the �rst to report a relationship between dipping status and car-

diovascular events in their cohort of ��� patients. Those classi�ed into the PND cohort had a

signi�cantly (p < 0.01) higher frequency of stroke than those in the PD cohort. Iqbal et al. [�]

examined ��-hour BP pro�les in ��� patients from Chester�eld hospital, UK. Over half (��.�%) of

the patients monitored were found to have a diminished nocturnal dip. Cardiovascular outcomes

were then examined in all patients over a follow-up period of �,��� days ± ��� days. A signi�cant

(p < 0.05) relationship was found between patients with a diminished nocturnal dip and future

fatal and non-fatal cerebrovascular events. Ohkubo et al. [��] examined DRSBP as a continuous

variable as opposed to classifying individuals into phenotypes. Their study of �,��� individuals

from Japan showed that on average each �% increase in DR was associated with a ��% greater

mortality risk from cardiovascular disease.

Aside from the risk of cardiovascular disease, disruption to the BP circadian pro�le has been

shown to be associated with neurodegenerative diseases [��]. For example, a study of ��� patients

with Parkinsion’s disease (mean age ��.� years) from Spain reported that ��% of patients did

not experience a dip in BP [��].
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The association between the absence of a nocturnal dip and adverse cardiovascular and

neurogenerative outcomes has prompted suggestions that BP-lowering medication should be

administered at night-time in order to induce BP dipping. Hermida et al. [��] conducted a study

in which they randomly assigned �,��� patients with untreated hypertension into two groups, one

taking medication in the morning and the other taking medication at bedtime. After a median

follow-up period of �.� years, the patients in the bedtime cohort exhibited a signi�cantly lower

prevalence of total CVD events (cardiovascular death, myocardial infarction, ischaemic stroke,

and hemorrhagic stroke) than the morning cohort (p < 0.001). However, it should be noted that

several concerns surrounding these results have been raised [��, ��]. The Treatment in Morning

versus Evening (TIME) study attempted to reproduce Hermida’s results in a cohort of ��,��� adults

with hypertension [��]. Following a similar protocol, after a median follow-up period of �.� years,

Mackenzie found no di�erences in cardiovascular outcomes between either group. Neither of

these studies, however, reported the prevalence of the di�erent BP phenotypes, and thus cannot

support or refute the hypothesis that individuals with di�erent circadian BP phenotypes may

respond di�erently to morning or evening antihypertensive dosing. In particular, those in the

PRD cohort may bene�t from evening dosing.

Importantly, in multiple studies, the association between night-time dipping status and car-

diovascular / neuro-degenerative diseases appears to be independent of baseline daytime BP values

[��, ��, ��], highlighting the importance of appropriate tracking of an individual’s nocturnal BP.

�.�.� Long-term blood pressure regulation

Long-term BP variation refers to changes in BP that occur over multiple days, stretching onto

the lifetime of an individual. These variations are typically a result of intrinsic, physiological

changes as opposed to reactions from external excitation.

Seasonal �uctuations in temperature impact BP levels. In the colder winter months, daytime

BP is typically higher than in the summer. This relationship is induced by vasoconstriction as a

result of exposure to colder temperatures. In the summer, night-time BP levels tend to be elevated.

This relationship is thought to be related to physical discomfort, dehydration, and poor sleep

quality due to warm weather [��]. Kollias et al. [��] performed a meta-analysis of seasonal variation

in BP across multiple studies. On average, daytime SBP was �.� (CI95: �.� - �.�) mmHg higher and

night-time SBP was �.� (CI95: �.�-�.�) mmHg lower in the winter than in the summer.

Figure �.� depicts averaged lifetime variations in SBP and DBP observed in the Framingham

Heart Study [��, ��]. The study followed a large cohort of �,��� individuals over � years in

Framingham, Massachusetts, USA. As ageing occurs, there are notable changes in the vasculature
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(a) (b)

Figure �.�: Averaged lifetime BP changes in �,��� participants of the Framingham Heart Study. (a)
SBP, (b) DBP. Results are split by sex. Figures from Chen et al. [��] with permission.

that cumulatively result in a consistent increase in SBP. Over time, the elastic structure of central

arteries changes, resulting in arterial walls thickening, hardening, and losing their elasticity (a

phenomenon known as arteriosclerosis). Additionally, the buildup of fatty plaques on the inner

surface of the wall (known as both atherosclerosis and calci�cation) narrows the diameter of the

artery. Arteriosclerosis and atherosclerosis both increase large artery sti�ness (LAS) and afterload

(resistance to �ow), resulting in the heart needing to reach a higher LVP in order to eject blood.

Driven by an increase in peripheral vascular resistance (PVR) DBP initially follows a pattern

similar to that of SBP but reaches an apex around the �fth decade whereafter it decreases with

the increase in LAS [��]. Men and women follow similar patterns with women generally having

a lower BP than males at a young age. Females additionally experience hormonal changes linked

to menopause that result in a steeper increase in SBP after their fourth decade [��]. The age and

sex-related patterns in BP shown in �gure �.� have been observed in virtually all developed and

developing countries [��, ��]. Although genetics play a signi�cant role in this long-term variation

in BP [��], evidence suggests that lifestyle factors such as diet and physical exercise levels are the

major causes of the changes in global BP trajectories [��].

Persistently high BP is known as hypertension. Based on an analysis of data from ��� population-

based studies that included ���,��� adults from �� countries, Mills et al. [��] concluded that the

prevalence of hypertension across the globe was ��.�% (CI95: ��.�%-��.�%). This prevalence is

increasing, especially in low- andmiddle-income countries [��, ��] where access to anti-hypertensive

medication is more limited than in high-income countries. Elevated BP increases the load on the

heart and stress on the arteries, which can lead to a weakening of the heartmuscles (cardiomyopathy)

and a thickening of the left ventricle walls (left ventricular hypertrophy). Hypertension is the
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Table �.�: Summary of main BP measuring techniques and their associated advantages and disadvan-
tages. Abbreviations: Sphyg. cu� - Sphygmomanometer cu�

Name Use Advantages Disadvantages
Arterial line Intensive care unit Gold standard for continu-

ous BP measurement.
Invasive. Risk of infection. Re-
quires a skilled practitioner to
appropriately place the catheter.
Limits movement of the individ-
ual.

Ausculation
Sphyg. cu�

Routinely used in clin-
ical practice.

Non-invasive. Requires training to recognise Ko-
rotko� sounds. Irregularly sam-
pled and manual.

Oscillometric
Sphyg. cu�

Routinely used in both
clinical practice and in
a home setting

Non-invasive, easy to oper-
ate and automatic.

Irregularly sampled and uncom-
fortable.

Applanation
tonometry

Limited practical use Non-invasive, continuous
measurement of BP.

Requires calibration in practice.
Limits free movement. Reportedly
low accuracy.

Volume-
clamp
method

Mostly restricted to re-
search

Non-invasive, continuous
measurement of BP.

Large. Expensive. Reported user
discomfort and disruptive (�nger
numbness).

strongest risk factor for the majority of CVD, including coronary heart disease, atrial �brillation

and stroke. CVD is the largest cause of non-infectious mortality in the world [��, ��, ��]. In

addition, chronic hypertension has been shown to be an important modi�able risk factor for

neurodegenerative diseases such as Alzheimer’s disease, Parkinson’s disease and related dementias

[��, ��]. In a cross-sectional study of ���,��� adults spanning urban and rural areas across ��

countries, Chow et al. [��] found that despite the high risks of CVD, hypertension had a diagnosis

rate of only ��%. Additionally, only a third of the individuals diagnosed with hypertension were

able to keep their BP levels under control.

In summary, accurate diagnosis of hypertension is vitally important to minimise all-cause

mortality. However, current diagnosis rates are especially low, leading to hypertension often

being referred to as the "silent killer" [��].

�.� Measuring blood pressure

Many di�erent techniques and devices have been developed to measure BP. A summary of these,

as well as their advantages and disadvantages, is provided in table �.�.

�.�.� Arterial line

The gold standard for BP measurement is an invasive technique using an intra-arterial catheter

("arterial line") [��, ��]. This measures instantaneous BP by placing a pressure transducer in contact
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Figure �.�: Example of an arterial blood pressure (ABP) waveform recorded in the brachial artery.
SBP and DBP correspond to the peak and nadir of each beat respectively. MAP is the mean blood
pressure over a cardiac cycle. The dicrotic notch and diastolic peaks are in�ections in the descending
limb of the ABP waveform as a result of the closure of the aortic valve.

with blood �ow in an artery. Common sites for the insertion of the catheter are peripheral arteries

such as the radial, brachial or femoral arteries [��]. The arterial pressure waveform is the result of

a shock wave emitted from the left ventricle during left ventricular contraction. This shock wave

travels much faster than the velocity of the blood being ejected. An example of the arterial BP

(ABP) waveform recorded by an arterial line is shown in �gure �.�. The peaks and troughs indicate

SBP and DBP respectively. Another distinctive feature of the ABP waveform is the in�ection point

(dicrotic notch) followed by a local maximum (diastolic peak) usually seen around one-third of

the way down the descending limb. These points are the result of an increase in pressure due to

the closure of the aortic valve [��] (see �gure �.�) and therefore marks the end of systole and the

beginning of diastole [��]. The dicrotic notch is not present in all individuals, factors such as the

sti�ness of the peripheral arteries have been shown to have an important role in its appearance

[��]. Typically, it is present in subjects with healthy, compliant arteries [��], whereas it has been

reported to be diminished in elderly individuals due to the progression of atherosclerosis [��, ��].

Measuring BP using an arterial line is an invasive technique that has a number of disadvantages.

The process of inserting a catheter is invasive, can be painful, cause discomfort, and carry the risk

of complications such as infection and bleeding [��]. In severe cases, cannulation of an artery may

lead to embolism, nerve damage, or ischaemia [��]. Given these risks, cannulation is typically only

performed in intensive care settings using an appropriately trained clinician.
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�.�.� Sphygmomanometer cu�

Non-invasive BP measurements are typically performed using a sphygmomanometer cu�, which

consists of an in�atable arm cu�, a pressure gauge, and a pump [��]. The cu� is typically wrapped

around the upper left arm, as the left brachial artery carries blood directly from the aorta and thus

provides the closest assessment of aortic pressure. If the upper arm is inaccessible, for example

during surgery, there are cu�s that wrap around the forearm or the leg [��]. The cu� is in�ated

using the pump to a pressure above the physiological limit of SBP (known as suprasystolic pressure).

At this point blood �ow in the arteries within the upper arm is completely occluded. The cu� is

then gradually de�ated to below the physiological limit of DBP (subdiastolic pressure) allowing

blood �ow to gradually resume. The pressure gauge measures the air pressure inside the cu�

during this process. There are two main methods for estimating SBP, MAP and DBP during

cu� de�ation: auscultation and oscillometry.

�.�.�.� Auscultation

In the auscultatory method, a trained clinician uses a stethoscope to listen for characteristic

Korotko� sounds during cu� de�ation. There are �ve characteristic phases of the Korotko� sounds

(snapping, murmurs, thumping, mu�ed, silent) that occur sequentially as blood �ow in the artery

is gradually resumed. SBP is typically associated with the cu� pressure at the �rst Korotko� sound,

whereas DBP is typically associated with the �fth Korotko� sound [��, ��]. This technique, however,

requires an appropriately trained professional to record an accurate measurement. Operator

variability due to di�ering interpretations of DBP can also be signi�cant [��].

�.�.�.� Oscillometry

In the oscillometric method, the process of computing BP is automated, thus removing the need for

a trained professional. The sphygmomanometer includes two, overlapping cu�s. One cu� in�ates

to occlude the artery (occluding cu�) and the other cu� (sensing cu�) senses the oscillations in

the arterial wall as the occluding cu� is de�ating. When the occluding cu� pressure is above the

suprasystolic pressure, no oscillations are present as blood �ow is completely occluded. During

gradual de�ation, oscillations in pressure are detected by the sensing cu�, re�ecting the pulsatile

arterial blood volume. The amplitude of these oscillations reaches a maximum at MAP. Values

of SBP and DBP are then estimated from analysis of the relationship between the occluding cu�

pressure and the amplitude of the sensing cu� oscillations. The algorithms used for estimating SBP

and DBP are proprietary and speci�c to the device being used. They are typically not disclosed

by the manufacturers [��, ��].
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Many oscillometric devices have been validated against auscultation using theANSI/AAMI/ISO

(American National Standards Institute, Association of the Advancement of Medical Instrumen-

tation, and International Organisation for Standardisation) protocol, which is accepted by the

US Federal Drug Administration (FDA). This protocol involves a comparison of three pairs of

BP measurements using both an auscultatory device as the gold standard and an oscillometric

device as the test device. More than �� subjects of diverse BP levels are required. The di�erence

between the test and reference devices must yield mean and standard deviation of errors < �

mmHg and < � mmHg respectively [��].

The oscillometric method has replaced the auscultatory method as the most widely used BP

measuring technique in clinical practice [��, ��, ��]. Despite being considered the standard method,

sphygmomanometers come with signi�cant limitations [��]. Most signi�cantly, they only provide

intermittent BP values, removing the ability to assess high-frequency BP variations [��]. The size of

the cu� is also a critical factor in obtaining accurate readings, with cu�s that are too small or too

large leading to overestimations or underestimations of BP, respectively [��, ��]. The measurements

can be easily disrupted by movement, and so the user is required to remain still for the duration of

the recording, which can take up to a minute [��]. Finally, users often report signi�cant discomfort

from the pressure generated during cu� in�ation. This can lead to cu�-in�ation hypertension

where users experience a short increase in BP due to the stress associated with the measurement [��].

�.�.� Applanation tonometry

Applanation tonometry is a non-invasive method for recording a BP waveform from large, super�-

cial arteries. The method involves measurement of the physical motion of major arteries as pulsatile

blood �ows [��]. A miniature transducer is attached to the skin above a pulsating artery with strong

bone support (typically the radial artery is used). The pressure of the sensor �attens (’applanates’)

the artery. Under optimal conditions (complete applanation of the artery, and the transducer

completely encompassing the �attened artery), the pressure gradient between the arterial wall

and the sensor is zero and, therefore, the arterial pressure waveform can be recorded by the sensor

[��]. However, satisfying the optimum conditions mentioned above has proved di�cult, requiring

the non-linear relationship between vessel volume and pressure in the elastic vessel walls to be

accounted for. This is typically performed by routinely calibrating with cu� BP values [��, ��].

Cheng et al. [��] reported the accuracy of applanation tonometry devices, such as the T-

line device shown in �gure �.�(a), using a meta-analysis across �� studies (��� subjects and

���� measurements). Errors in BP measurements were reported as high as -�.� ± ��.� mmHg

for SBP and �.� ± �.� mmHg for DBP. The poor performance of BP measurement and the
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(a) (b)

Figure �.�: Example devices using the applanation tonometry and volume clamp methods. (a) T-line
using the applanation tonometry method (T-Line, Tensys Medical). (b) Finapres using the volume
clamp method (Finapres, Finapres).

cumbersome equipment set-up (see �gure �.�(a)) result in applanation tonometry not being

used in clinical practice.

�.�.� Volume clamping

Volume clamping is a non-invasive method for recording a continuous BP waveform at the �nger.

As the pressure wave propagates through the arterial tree, compliant arteries swell and shrink in

order to carry the load. The volume clamp method estimates a surrogate of BP as the pressure

that needs to be applied to an artery to keep the diameter of the artery constant (to ’clamp’ it)

[��]. The system uses an in�atable �nger cu� combined with a photodiode. The photodiode

continuously measures the diameter of the artery. A feedback control system adjusts the �nger

cu� pressure in response to the arterial diameter measurement [��].

However, the volume clamp method is highly susceptible to movement. In cases of severe

vasoconstriction, peripheral vascular disease, or distorted �ngers due to arthritis, clinical experience

has shown that it may be di�cult to obtain a valid BP measurement using �nger cu�s. This limits

its use in a hospital setting [��]. Additionally, some users report discomfort from the congestion

in venous return from the �ngertip where the cu� is placed [��]. For this reason, manufacturers

recommend changing the cu� to another �nger after a certain period of monitoring. Furthermore,

compared to conventional intermittent BP measurement devices, the volume clamp method is

relatively expensive and large (see �gure �.�(b)).

Finapres is a commercial device that uses the volume clamp method [��] (see �gure �.�(b)).

Silke et al. [��] reported the accuracy of the Finapres, against the gold-standard arterial line, using a

meta-analysis across �� publications (��� patients, number of measurements not reported). Errors

in BP measurements were �.� ± ��.�mmHg for SBP and -�.� ± �.�mmHg for DBP, suggesting that

the Finapres has a good average performance but with large variance. Chin et al. [��] additionally



�� �.�. Measuring blood pressure

Table �.�: Standard clinical thresholds for assigning an individual into a BP category based on their
SBP or DBP values recorded in the clinic. Values are given in units of mmHg.

Blood pressure category SBP DBP
Hypotensive Æ �� OR < ��
Normotensive �� - ��� OR �� - ��
Pre-hypertensive ��� - ��� OR �� - ��
Hypertensive > ��� OR > ��

examined the reproducibility of the Finapres by simultaneous measurements of BP with two

independent devices. Signi�cant (p < 0.05) di�erences were observed between the two devices
for both SBP and DBP estimation, demonstrating the unreliability of the device.

�.�.� Clinical assessment of hypertension

To assess if an individual has hypertension, the ���� guidelines from the American Heart As-

sociation Task Force on Clinical Practice Guidelines recommend that sphygmomanometer BP

measurements are recorded in the clinic [��]. Typically, two BP readings are taken by a trained

clinician �-�minutes apart while the individual is in the sitting position. Using the average of these

measurements, the clinician will then decide on a treatment plan using the categories outlined in

table �.�. These thresholds are general guidelines on the state of the cardiovascular system for an

individual and clinicians may make adjustments based on the individual (for example their sex

and age) when determining treatment plans. For individuals that are classi�ed as hypertensive,

a clinician will �rst recommend lifestyle changes (such as exercise and diet). An additional

clinical measurement of BP is taken three months later. If the patient is persistently hypertensive

home monitoring is recommended.

�.�.� Home and ambulatory monitoring of blood pressure

Persistent hypertension when in an ambulatory, or at-home, setting has been shown to be a

better predictor of CVD morbidity and mortality than clinical BP measurements [��, ��, ���, ��].

Home monitoring also increases an individual’s awareness of how their BP responds to medication

or dietary changes. There is evidence to suggest that individuals whose care incorporates self-

monitoring of BP are much more likely to achieve adequate BP control compared to those using

the current systems of care [���]. Two types of devices have been developed for out-of-clinic

monitoring of BP: Home and ambulatory BP monitors.

Home blood pressure monitoring (HBPM) is typically performed over a time span of � to

� days [���, ���]. The user is provided with an oscillometric cu� monitor and instructed to

take a number of BP measurements at certain times of the day, including one reading in the
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morning just before breakfast, and one reading at night one hour before sleep [���]. HBPM is

typically recommended when there is a suspicion of the white coat e�ect (higher BP values in

the presence of a clinician) or masked hypertension (lower BP values in the clinic), or to study

a patient’s response to anti-hypertensive treatment.

ABPM is typically performed over �� or �� hours with readings taken using an automated

oscillometric cu� monitor. The monitor is typically programmed to automatically in�ate every

�� minutes during the day and every hour during the night [��]. The user is required to wear the

cu� at all times. ABPM is typically recommended when a patient has an apparent drug resistance,

suspected autonomic dysfunction or for the assessment of their dipping status [���]. At the end

of the recording procedure, the BP values are downloaded onto a computer for a clinician to

analyse and decide on an adequate treatment plan.

The comparison between clinic-based and out-of-clinic BP measurements has revealed several

discrepancies. The �rst is the "white coat e�ect" whereby a patient’s BP increases in the presence of

a clinician due to stress. This can lead to normotensive patients being categorised as hypertensive

in a clinical setting. This e�ect is prevalent in up to ��% of patients, with even higher rates in the

elderly population [���, ��]. The second form is "masked hypertension", whereby a hypertensive

patient appears normotensive in a clinical setting. Causes of masked hypertension have been linked

with a number of factors such as regular alcohol consumption, smoking, and obesity [���]. The

prevalence of masked hypertension is between �% and ��% among adults [���]. The third form is

"nocturnal hypertension" whereby a patient’s BP is in the hypertensive range at night-time but

not during the day. These individuals can be further categorised into the PRD phenotype. For

these individuals, their cumulative BP load (de�ned as the percentage of abnormally elevated BP

readings over a period of time [��]) cannot be determined without the use of ABPM.

While ABPM provides valuable insights into cardiovascular health, it also has several signi�cant

limitations. ABPM relies on a sphygmomanometer cu�, which assumes that BP does not change

signi�cantly during cu� in�ation and de�ation (which can often take up to a minute [��]). This

assumption holds when considering clinical measurements, as the clinician instructs the individual

to sit completely still with their arms by their side. However, when used for ambulatory monitoring,

the individual can be moving, eating or changing posture during this time, all of which a�ect the

recorded BP measurement. In addition, frequent cu� in�ations can cause signi�cant discomfort

to users, particularly during sleep. Viera et al. [��] assessed the tolerability of ABPM among ��

participants and found that ��.�% reported the device woke them from their sleep at least once, ��%

reported pain from the device, and ��.�% reported that it stopped them from sleeping altogether.

Elliot et al. [���] assessed the tolerability of ABPM across ��� individuals, with ��% reporting
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that they found the procedure unpleasant. A survey comparing the attitudes of ��� individuals

with hypertension towards di�erent BP measurement techniques found that ABPM was the least

accepted method [���]. Furthermore, it has been suggested that cu� in�ations cause sleep arousal,

which transiently increases BP so that the levels detected by the ABPM are higher than during

undisturbed sleep [��]. Davies et al. [���] studied sleep arousal via electroencephalography (EEG) in

six subjects undergoing ABPM. Beat-by-beat BP was also obtained via the volume clamp method.

It was found that sleep arousal from cu� in�ation lasted on average �� seconds. During this time,

the SBP was shown to rise by a mean value of �.�mmHg. No signi�cant rise in DBP was found.

A study by Sherwood et al. [���] showed that ’non-dippers’ had worse sleep quality compared to

’dippers’. This indicates a link between sleep arousal and an increase in BP. There is evidence to

suggest, therefore, that ABPM can overestimate true SBP during sleep.

As measurements are taken manually and not at night-time, HBPM is often the preferred

method of measuring BP in an out-of-clinic setting [���]. Nasothimiou et al. [���] reported that a

signi�cantly (p < 0.05) higher preference for �-day HBPM over ��-hour ABPM existed among

��� patients from a hypertension clinic in Athens, Greece. Indeed, ABPM is largely unavailable

to primary care practitioners in the United States [���]. In the United Kingdom, NHS England

and NHS Improvement have initiated the distribution of HBPM monitors to individuals with

suspected hypertension as part of the Blood Pressure @home program [���].

However, the drawback of HBPM is that it is unable to provide data on nocturnal BP values,

thus rendering an assessment of the individual’s circadian rhythm infeasible. There is a need,

therefore, for an unobtrusive, cu�ess ambulatory BP monitoring device which will accurately

assess an individual’s ��-hour BP pro�le without causing sleep arousal or signi�cant user discomfort.

�.� Photoplethysmography

Photoplethysmography is a non-invasive optical technique that monitors pulsations in blood

volume within a peripheral vascular bed [��]. By measuring the attenuation of the light after

passing through tissue, changes in the tissue’s composition can be recorded over time [���]. The

resulting PPG signal is a valuable source of physiological information since it is in�uenced by

the cardiac, vascular, and autonomic nervous systems [��]. As a result, the PPG can be used

to estimate important physiological parameters such as peripheral oxygen saturation (SpO2),

HR, and respiratory rate (RR).

A PPG signal is typically obtained using a pulse oximeter probe, which shines light into the skin

using a light-emitting diode (LED). A photodiode then measures the amount of light transmitted
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through the tissue (transmission PPG) or, the amount re�ected from it (re�ectance PPG). This

measurement is converted into a voltage which is then sampled to produce a PPG time-series. The

units of the PPG signal are therefore analogue-to-digital units (a.d.u).

Light travelling through biological tissue is absorbed by di�erent substances that give rise to

a quasi-static (DC) component as well as a pulsatile (AC) component (see �gure �.�). The AC

component accounts for approximately �% of the total absorption [���]. The static component

consists of light absorbed by (for example) skin, bone, melanin, and venous blood. This component

varies slowly due to respiration, vasomotor activity and the Traube Hering Mayer (THM) waves

(see section �.�.�.�) [��]. The AC component is driven by the pulsatile nature of blood �ow and

consists of changes in blood volume, blood vessel wall movement, and the orientation of the red

blood cells [��]. The fundamental frequency of this AC component is dependent on HR.

The Bouguer-Beer-Lambert law characterises the attenuation of light travelling through a light-

absorbing medium [���]. The intensity, I of light of wavelength ⁄ passing through the medium,

decreases exponentially with respect to the path length,L, and the medium’s absorption characteris-

tics:

I(⁄) = I0(⁄)e≠–(⁄)L (�.�)

where I0 is the transmitted intensity, and –(⁄) is the absorption coe�cient of the medium at wave-

length ⁄.

�.�.� Modes of operation

The PPG signal can be recorded using devices operating in either transmission or re�ectance

mode. Figure �.� shows the origin of the PPG waveform, including the impact of the mode of

operation on the observed PPG waveform.

In transmission mode, the light emitted from the LED is transmitted through the medium

and detected by a photodiode positioned on the opposite side of the tissue. During systole, there

is an increase in the absorption coe�cient, –, and path length, L, leading to a decrease in the

intensity of light recorded by the photodiode. For e�ective operation, the device must be located

at a site where transmitted light can be easily detected, such as the �ngertip or earlobe [���]. In

order to restrict any environmental light interfering with the signal, these sensors will typically

have a casing �tted around the LED and photodiode.

In re�ectance mode, the photodiode is positioned adjacent to the LED and detects light

that is re�ected from the tissue. There are a number of possible locations for re�ectance mode

PPG devices, including the wrist (which is commonly used in smartwatches), forehead, and ring

�nger. These devices are generally more convenient for daily use than transmission mode devices
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(a)

(b)

Figure �.�: Origin of the PPG waveform. (a) Transmission mode PPG (blue) recorded by a �nger
pulse oximeter; re�ectance mode PPG (green) recorded by a wearable smartwatch. (b) The PPG signal
is composed of a quasi-static DC component, and an AC pulsatile component. During systole, the
path length and – increase (–S(⁄)), leading to a nadir in the transmission mode PPG and a peak in
the re�ectance mode PPG. In practice, the transmission mode PPG is often inverted when displayed.

(which have to enclose the whole �nger). However, the quality of the PPG signal obtained with a

device in re�ectance mode is typically inferior to that obtained with a device using transmission

mode [���]. This is due to the smaller fraction of the emitted light reaching the photodiode.

Furthermore, a re�ectance mode PPG is often more susceptible to movement artefacts. For

instance, a smartwatch can move in relation to the wrist, which can distort the path length of the

re�ected light. Additionally, controlling the amount of ambient light detected by the photodiode

becomes more di�cult, and sudden increases in the amount of ambient light can saturate the signal.

�.�.� Limitations and sources of error

In the past decade, PPG waveforms have become one of the most useful signals for monitoring

the physiology of an individual [���]. Nevertheless, there are several factors that can a�ect the

accuracy of the readings provided by a pulse oximeter. Some of the potential sources of errors

are summarised below.
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Low arterial perfusion The PPG waveform morphology is highly dependent on the presence of

su�cient arterial perfusion in the measurement site (typically the �ngertip or earlobe). In cases of

low arterial perfusion, such as in individuals with compromised circulation due to cardiovascular

diseases, hypotension, or peripheral vascular disorders, PPG signals may exhibit reduced amplitude

and distorted waveforms [��].

Motion artefacts PPG signal recordings are susceptible to motion artefacts caused by patient

movement, muscle contractions, or even minor sensor displacement in wearable devices. These

motion artefacts can disrupt the PPG waveform, introducing noise and making it di�cult to

extract meaningful information from the signal. An accurate assessment of signal morphology and

time-based parameters becomes compromised in the presence of motion artefacts.

Skin colour Skin pigmentation can in�uence the accuracy of PPG measurements, as di�erent

skin tones absorb and re�ect light di�erently [��, ���]. Darker skin tones tend to absorb more

light, making it more challenging for the PPG sensor to capture a reliable signal. Calibration

and signal processing techniques that account for variations in skin colour can help improve

accuracy for diverse patient populations.

�.� Electrocardiography

The cardiac cycle is governed by electrical impulses transmitted throughout the heart [��]. A

diagram of the electrical system of the heart is shown in �gure �.�(a). The sinoatrial (SA) node is

the heart’s natural pacemaker which governs the timings of the cardiac cycle. An impulse from

the SA node causes atrial depolarisation forcing arterial contraction, and pushing blood into the

ventricles. The impulse then moves to the atrioventricular (AV) node where it is delayed for a

few milliseconds to allow for the ventricles to �ll with blood. The signal travels from the AV

node and divides into the left and right bundle branches, one for each ventricle. These two main

branches divide further into a system of conducting Purkinje �bres that spread the signal through

the ventricles, causing ventricular depolarisation and contraction. After atrial and ventricular

contraction, the atrium and ventricles relax by repolarization to accept an in�ow of blood.

As the heart goes through depolarization and repolarization, the electrical currents that are

generated spread not only within the heart but also throughout the body tissues. This electrical

activity can be measured by an array of electrodes placed on the body surface. The pattern of

the electrical impulses in the heart is known as the ECG.
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(a)

(b)

Figure �.�: Origin of the ECG waveform. (a) The electrical system of the heart. The SA node is
the heart’s natural pacemaker. Electrical impulses from this node spread eventually to the Purkinje
�bres and control the cardiac cycle. Figure from [��] with permission. (b) Annotated ECG waveform
over a cardiac cycle. The P-wave indicates depolarisation of the atria. The QRS complex indicates
ventricular depolarisation. The T-wave indicates ventricular repolarisation.

An ECG monitoring system typically uses electrodes in good electrical contact with the skin

through a conductive gel. These electrodes detect the electrical activity of the heart as it beats,

producing a periodic signal which can be displayed to clinicians for analysis. The potential

di�erence across two electrodes is known as a lead. Common-mode interference (for example

from electrical power lines) is commonly eliminated through a driven right leg circuit [���]. For

basic monitoring, a single-lead ECG is recorded using three electrodes placed in Eithoven’s triangle

[��]. A diagnostic-quality ECG uses �� electrodes and provides a more complete picture of heart

rhythm recording �� leads. There are four electrodes placed on each limb forming six leads (I, II,

III, AVR, AVL, AVF) and six electrodes placed on the chest forming six leads (V�-V�).

The ECG waveform has a characteristic morphology, which varies depending on the exact

placement of the electrodes. The waveform has three main features per heartbeat (see �gure �.�(b)):

the P-wave, which is produced by the depolarisation of the atria; the QRS complex, which is

due to ventricular depolarisation, indicating the start of ventricular contraction; and the T-wave,

which is caused by the repolarisation of the ventricles. Atrial repolarisation occurs during the

QRS complex, however, it is negligible when compared to ventricular depolarisation. Ventricular

depolarisation is sudden and strong, therefore the QRS complex is the most prominent feature

in the ECG. The QRS complex is used as a salient point when computing HR from the ECG.

QRS detection algorithms such as the Pan-Tompkins [���] detector may be used to identify

QRS complexes in an ECG waveform.
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Abnormalities in the morphology of the ECGwaveform can be interpreted by trained clinicians

and are used in the diagnosis of multiple cardiovascular conditions. By analysing the shape of the

ECG, a clinician may be able to determine the presence of arrhythmias, cardiac ischaemia, atrial

�brillation, myocardial infarction and other cardiovascular conditions [��].

�.�.� Limitations and sources of error

ECG signals are widely used for diagnosing cardiac abnormalities and monitoring heart health.

However, several factors can introduce errors in ECG signal recordings. Some of the potential

sources of errors are summarised below.

Electrode placement The accuracy of ECG signal acquisition depends on precise electrode

placement and consistent skin-electrode contact. Variations in electrode positioning and skin

impedance, in�uenced by factors such as perspiration, hair, or skin conditions, can lead to

distortions in ECG waveforms. These variations introduce considerable variability, potentially

complicating ECG interpretation. Minimising this limitation necessitates adherence to standard-

ised electrode placement protocols and skin preparation techniques to reduce electrode-skin

interface-related errors.

Muscle and motion artefacts ECG recordings can be susceptible to artefacts originating from

muscle electrical activity, posing a challenge in accurate signal interpretation. Muscle contractions

andmovement generate electrical signals that can overlap with cardiac signals, potentially leading to

confusion and misinterpretation [���]. These artefacts can be especially prominent during patient

movement or activities that engage skeletal muscles. To mitigate this issue, techniques such as

patient relaxation and the use of specialised adhesive electrodes designed to reduce motion-related

noise are employed. Additionally, advanced signal processing methods, such as adaptive �ltering,

may be applied to disentangle muscle-related electrical activity from genuine cardiac signals.

Electromagnetic interference ECG signals are sensitive to electromagnetic interference (EMI)

from neighbouring electronic devices, power sources, and electrical equipment within clinical

environments [���]. EMI can introduce noise, making accurate ECG interpretation di�cult.

Additionally, ambient noise within clinical settings exacerbates this issue. E�ective strategies,

including robust shielding, meticulous grounding, and signal �ltering, are essential to mitigate

EMI and noise e�ects.
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�.� Impedance cardiography

As blood is an electrical conductor, each heartbeat produces a change in the body’s electrical

impedance [���]. Impedance cardiogram is a non-invasive method of monitoring these changes

in electrical impedance in order to derive estimates of haemodynamic parameters related to

blood �ow such as SV and PEP [���]. Typically, devices recording the impedance cardiogram

(ICG) signal induce a constant low amplitude (¥ �mA [���]), alternating current (¥ ��-��� kHz

[���]) along the thorax and measure bioimpedance (Z) changes with each heartbeat. The ICG

signal is then computed as the �rst derivative of the bioimpedance signal (dZ

dt
). A typical ICG

pulse and its characteristic points are shown in �gure �.��. The A-point presents the beginning of

electromechanical systole and is associated with volume changes occurring due to atrial contraction.

The B-point indicates the opening of the aortic valve and therefore denotes the beginning of left

ventricular ejection. The C-point is the maximum of the ICG pulse and indicates the point of

maximum mechanical contraction. The X-point indicates the closure of the aortic valve and marks

the end of systole. The O-point indicates the opening of the mitral valve.

Figure �.��: Annotated ICG waveform over a cardiac cycle. The A-point indicates the beginning
of electromechanical systole. The B-point indicates the opening of the aortic valve. The C-point
indicates the point of maximum contraction. The X-point indicates the closure of the aortic valve.
The O-point indicates the opening of the mitral valve.

�.�.� Limitations and sources of error

ICG is a valuable technique for assessing cardiac function. However, ICG signal recordings are

subject to speci�c limitations and potential sources of error. Some of the potential sources

of errors are summarised below.
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Susceptibility to motion artefacts Patient movement during ICG measurements, including

respiration-induced changes in thoracic impedance and variations in electrode-skin contact

impedance, can compromise signal quality. These motion artefacts pose a signi�cant challenge

in clinical applications of ICG, necessitating the development and implementation of robust

motion artefact detection and correction methods to ensure the accuracy of cardiac parameter

assessments [���, ���].

Limitations in ambulatory monitoring Accurate ICG signal recordings typically require patients

to remain at rest due to the limited portability of the equipment setup and the signal’s susceptibility

to motion artefacts. Accurate ICG measurement in an ambulatory environment remains a

signi�cant research challenge [���].

Frequency and blood velocity dependency The impedance of biological tissue exhibits a de-

pendence on the frequency of the injected AC current. This is because the reactive component

of the cell membrane behaves as a capacitor and reacts di�erently to variations in electrical

current frequency [���, ���]. Moreover, the resistivity of blood has also been shown to be velocity

dependent due to changes in the orientation of red blood cells induced by changing shear forces

during blood �ow [���]. Understanding the intricate relationship between frequency, blood

velocity, and impedance signals is crucial for accurate interpretations of hemodynamic changes

and underscores the complexity of ICG data analysis in various physiological contexts.

�.� Estimating blood pressure using transit times

�.�.� Background theory
�.�.�.� Arterial sti�ness

As blood �ows through an artery, the arterial walls swell and stretch to accommodate the increase

in pressure (known as the Windkessel e�ect [���]). This deformation transiently increases arterial

wall sti�ness (also called arterial tone) in accordance with the Young-Laplace law [���]. Sti�er

arteries also increase cardiac afterload (the pressure against which the heart must work to eject

blood) and thereby elevate BP. Hence, monitoring arterial sti�ness can provide an indication

of BP. Moreover, arterial sti�ness has been shown to be an independent predictor of mortality

in hypertensive patients [���]. The guidelines on the management of hypertension from the

European Society of Hypertension acknowledge the potential role of arterial sti�ness measurement

in clinical management [���].
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The main load-bearing components in large conduit arteries are elastin and collagen [���].

These components are located in the tunica media and tunica externa, respectively, of the arterial

wall (see �gure �.�(a)). Collagen is about ��� times sti�er than elastin and only exerts tension

when the arterial wall is stretched [���]. As a result, elastin predominantly determines arterial

elasticity at low BP, whereas collagen signi�cantly contributes to the elasticity at high BP [���].

Consequently, there theoretically exists a non-linear, monotonic, relationship between arterial

sti�ness and BP. In ����, Geddes [���] derived the following relationship between the elastic

modulus (sti�ness) and BP in large conduit arteries:

E = E0 · exp(a · BP) (�.�)

where E is the elastic modulus, E0 is the elasticity at zero pressure, and a is a coe�cient depending

on the vessel, ranging from �.��� to �.��� mmHg≠1 [���].

It is well known that age-related arteriosclerosis progressively increases arterial wall sti�-

ness, largely owing to the depletion of elastin, which is gradually replaced by sti�er collagen

[���]. This increase in arterial sti�ness is the main driving factor for the long-term BP rela-

tionship seen in �gure �.�.

In addition to the passive components of elastin and collagen, smooth muscle (located in the

tunica media of the arterial wall) represents an active component of arterial sti�ness [���]. Smooth

muscle activation is controlled by the ANS to vary arterial sti�ness in order to regulate the �ow

of blood. The smooth muscle component is strongest in the peripheral arteries and considered

a negligible component in central arteries [��].

Aside from invasive pressure catheter recordings that are only occasionally used in technical

validation studies, directly measuring arterial sti�ness in humans is di�cult [���]. To combat this,

arterial sti�ness is often indirectly approximated using pulse wave velocity.

�.�.�.� Pulse wave velocity

Pulse wave velocity (PWV) is the group velocity of the pulse wave (also known as a pressure wave)

produced by left ventricular contraction. It is important to make the distinction that the pulse

wave is a transverse wave, whose oscillations are perpendicular to the �ow of blood. Therefore,

PWV should not be confused with the phase velocity of blood itself which is often �� times slower

[���]. In ����, Moens and Korteweg [���] modelled the theoretical relationship between the pulse

wave velocity of an incompressible �uid (such as blood) in an elastic, isotropic, tube (artery) and

the elastic modulus (arterial sti�ness) of the tube’s wall. The resulting Moens-Korteweg equation is:

PWV =
Û

Eh

flD
(�.�)
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where E is the elastic modulus, fl is the density of blood, h is the wall thickness, and D is the tube

diameter. The Moens-Korteweg equation relies upon two assumptions: the arterial wall is thin

such that it can be modelled as a thin shell; the thickness and radius of the artery remain �xed

both elastically (in relation to changes in BP) and geometrically (along the arterial tree). As such,

the Moens-Korteweg equation holds only for large conduit arteries [���].

Thus, across equations (�.�) and (�.�) changes in PWV, theoretically relate with changes in

BP and could therefore be used to monitor changes in cardiovascular health [���]. There are

multiple di�erent methods to estimate PWV such as echocardiography, ultra-fast imaging, and

ultrasonic shear waves [���]. In this thesis, we will focus on transit times such as the pulse transit

time (PTT) and pulse arrival time (PAT).

�.�.�.� Pulse transit time

Pulse transit time (PTT) is the time delay for the pressure wave to travel between proximal (close

to the heart) and distal (away from the heart) arterial sites. PTT is related to PWV by:

PWV = La

PTT
(�.�)

where La is the distance along the arterial path between the proximal and distal points.

Combining equations (�.�) to (�.�) results in the following relationship between PTT and BP:

BP = 1
a

(≠2 ln (PTT) + ln (flL2
a
D

hE0
)) (�.�)

Assuming that the values of a, fl, and the ratio of h to D remain constant, and considering

small variations in PTT within the physiological range of BP, it has been demonstrated in previous

studies [���, ��] that a Taylor series expansion of equation (�.�), which considers only the linear

component, is suitable for estimating BP. This results in two alternative models for estimating

BP (BP̂) that have been extensively employed in the literature, both of which are reported to

have similar levels of accuracy [��]:

BP̂ = K≠
1 · PTT + K2 (�.�)

BP̂ = K+
1 · 1

PTT
+ K2 (�.��)

where Ki i = {1, 2} are subject-speci�c parameters with K≠
1 being negative and K+

1 being

positive. Equation (�.�) is largely utilised throughout this thesis. In general, when BP rises the

arteries become distended and their sti�ness increases, causing the pulse wave to travel faster and

consequently reducing the PTT. Similarly, a fall in BP should lead to an increase in PTT.
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�.�.�.� Proximal and distal waveforms

The measurement of PTT requires proximal and distal waveforms to indicate the timings of

the pulse wave. Various signals have been explored in the literature, for example: arterial blood

pressure (ABP) [���], balistocardiogram (BCG) [���], ultrasound [��], impedance cardiogram (ICG)

[���] and video plethysmograpy (iPPG) [���].

Typically, the PPG is employed as the distal waveform. The timing of the arrival of the PPG

pulse is often recorded using the waveform foot as the characteristic �ducial point. This can

be detected using the intersecting tangents method [��]. The PPG waveform is often recorded

using a pulse oximeter located on the index �nger, or more recently, using a PPG sensor in a

smartwatch located on the wrist [���]. However, PTT measured with this distal waveform can

be confounded by smooth muscle contraction.

The most commonly used proximal waveform for PTT estimation is the ECG [��]. The

ECG waveform is easy to measure and relatively robust to movement artefacts. The ECG also

contains several high-frequency �ducial points, notably the R-wave [���] (see �gure �.�(b)),

which is easily detected.

Most researchers, when they measure the time di�erence between the peak of the R-wave in the

ECG signal and a �ducial point in the photoplethysmogram (PPG) waveform (see �gure �.��(b)),

describe this erroneously as the PTT. That is in fact the PAT.

�.�.�.� Pulse arrival time and pre-ejection period

PAT includes not only the PTT, but also the time delay between electrical depolarisation of

the heart’s left ventricle and the subsequent ejection of blood through the aorta [���], a time

period known as the PEP:

PAT = PTT + PEP (�.��)

PEP comprises two key components: the temporal delay between electrical depolarisation and

the onset of ventricular compression (a period known as ventricular electro-mechanical delay);

and the duration of ventricular isovolumic contraction [���]. Notably, PEP can exhibit signi�cant

variations, which depend on multiple factors, including myocardial contractility, sympathetic

nervous system activity, preload, and afterload [���]. Moreover, several external factors, such

as exercise, medication, and alterations in posture, have been shown to play a signi�cant role

in altering PEP [���, ���, ���, ���].

To measure PEP, the time of aortic valve opening can be determined via an invasive arterial

line [���], the echocardiogram [���], ballistocardiogram [���], or impedance cardiogram [���] (see
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(a)

(b)

Figure �.��: Computing PEP and PAT. (a) Computing PEP as the time delay between the R-peak of
the ECG and the B-point on the ICG. (b) Computing PAT as the time delay between the R-peak of
the ECG and the foot of the PPG.

section �.�). An example of PEP estimation from the ECG and ICG waveforms and an example

of PAT estimation from the ECG and PPG waveforms are shown in �gure �.��.

In this thesis, we will collectively refer to PTT and PAT as transit time (TT).

�.�.�.� Calibrating TT measurements to BP

Estimating BP (in units of mmHg) using TT (in units of seconds) requires parameterising an

estimation model through calibration. In the literature, calibration strategies are categorised into

three groups: individual, hybrid, and population [�]. In individual calibration, all model parameters are

determined by multiple paired recordings of BP and TT from a single individual. Techniques such

as cold pressor test, medication, or exercise are used to perturb BP and model TT through a range

of BP values. In hybrid calibration (also called single-point calibration), only one calibration BP

datapoint is required for a single individual. The remaining model parameters are estimated using

the individual’s demographics and a training set comprised of multiple BP-TT pairs from a cohort

of other individuals. Previous studies have reported demographic-related dependencies on the cali-

bration parameters [���, ��]. The gradient of the TT to BP relationship re�ects arterial properties

such as compliance and resistance [��], where shallow gradients are associated with young, healthy

individuals and steeper gradients with more elderly individuals [���]. In population calibration, no

calibration recordings are required, and BP is estimated using the TT estimate combined with the

individual’s demographics and a training set acquired from a large population cohort. Individual,

hybrid, and population calibration strategies o�er increasing convenience with decreasing accuracy.
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Population-based models Various hybrid calibration models have been developed based on popu-

lation averages that do not require an additional dataset of BP and TT pairs. These models use a

single-point calibration value, typically obtained at rest, for both BP and TT (BPcalib and TTcalib

respectively). Three highly cited models that follow this approach are outlined below.

Poon et al. [���] derived the following model from a combination of the Moens-Korteweg

equation [���] and a model relating the elastic modulus of a vessel to the mean pressure of

the �uid inside it [���].

DBPˆ = SBPcalib

3 + 2DBP
calib

3 + 2
“
ln(TT calib

TT
) ≠ SBPcalib ≠ DBPcalib

3 (TT calib2

TT 2 ) (�.��)

SBPˆ = DBPˆ + (SBPcalib ≠ DBPcalib)(TT calib2

TT 2 ) (�.��)

MAPˆ = 2
3DBP

ˆ + 1
3SBP

ˆ (�.��)

where “ = �.��� mmHg≠1 and represents a vascular parameter relating the distending pressure

in an artery to the elasticity of the arterial wall [���].

The Gesche et al. [���] model parameters were estimated by least squares regression on a

group of �� volunteers who underwent a bicycle test. The model was then evaluated on a group

of �� volunteers and reported a mean Pearson’s correlation coe�cient (flp) between reference

and estimated BP of �.��.

PWV = 0.5 · h

TT
, PWVcalib = 0.5 · h

TT calib (�.��)

BPref = 700 · PWVcalib · exp(≠PWVcalib) + 766, 000 · PWVcalib9 (�.��)

BP̂ = 700 · PWV · exp(≠PWV) + 766, 000 · PWV9 ≠ (BPref ≠ BPcalib) (�.��)

where h is the volunteer’s height in meters.

The Fung et al. [���] model was derived from a model of laminar blood �ow through a rigid pipe.

BP̂ = (0.6 · h)2 · fl

1.4 · TT 2 + (BPcalib ≠ (0.6 · h)2 · fl

1.4 · TTcalib2 ) (�.��)

where fl = ���� kg/m3 and represents the average density of blood.

Recalibration Over time, various changes in the arterial geometric properties such as the

progression of arteriosclerosis, atherosclerosis, vessel thickness, arterial diameter, and blood

density, can a�ect the arterial wall structure. Consequently, an individual’s calibration parameters

become increasingly more obsolete, leading to the accuracy of BP estimation through TT estimates

degrading over time [���]. The severity of this degradation remains to be established, however,
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it is mitigated by frequent recalibrations. Theoretical predictions suggest that the maximum

recalibration period to keep the BP error within � mmHg is no more than one year for a ��-year-

old. This period theoretically declines linearly to � months for a ��-year-old [���], due to the

faster recruitment of collagen �bres in the elderly.

Several studies have investigated the need for recalibration in vivo. For instance, Wong et al.

[���] and Yavarimanesh et al. [���] examined the requirement for recalibration after six months

and one year, respectively. Wong et al. recorded PAT and BP measurements during an exercise test

in �� normotensive subjects and repeated the study six months later. The di�erences in calibration

parameters (slope and intercept) computed six months apart were found to be non-signi�cant.

However, notable increases in estimation errors were recorded, highlighting the sensitivity to

slight changes in calibration parameters. Yavarimanesh et al. on the other hand recorded PAT and

BP measurements during a multiple perturbation study (slow breathing, mental arithmetic, cold

pressor test, and nitroglycerin) in �� subjects, three of whom were hypertensive. The study was

repeated one year later, and using the same calibration coe�cients as the initial test increased

the root mean squared error (RMSE) value by more than � mmHg.

�.�.� Review of literature

In ����, Jernstedt and Newcomer [���] developed the �rst device for measuring PAT. They recorded

the time between the R-wave of the ECG and the foot of the PPG recorded using a pulse oximeter

on the �nger. Together with a measured distance from the heart to the �nger, PAT was then used

to estimate PWV (equation (�.�)). BP changes, measured using a sphygmomanometer cu� with

the auscultatory method, were induced in two healthy volunteers by exercise (running). The two

subjects recorded �� and � data points of paired SBP and PWV values with corresponding flp

of �.�� and �.�� respectively.

Following from this work, many experimental studies have been conducted to assess the accuracy

of BP monitoring via TT. A summary of key studies in this �eld is provided in table �.�. These

studies are diverse in terms of the methods and signals used for estimating TT, calibration strategies,

and procedures for evaluation. Therefore, it is di�cult to aggregate the studies to compare the

overall accuracy of the approaches as metrics such as RMSE and flp depend on the investigated BP

range. For example, DBP has a lower natural variability than SBP [���], which might contribute

to DBP having both a lower correlation and error. Additionally, di�erent researchers employed

di�erent calibration strategies such as individual or hybrid calibration in order to convert TT to

BP. Appropriate individual calibration should always yield better performance metrics than hybrid

calibration. Mukkamala et al. [��] reviewed a large number of studies using TT to estimate BP. They
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report that the unweighted average (across all reviewed studies) flp between BP estimates using

TT and reference BP was 0.79 ± 0.05 for SBP and 0.58 ± 0.09 for DBP.

There are only a handful of papers that have compared BP estimates via both PTT and PAT.

Payne et al. [���] studied changes in PAT and PEP across �� healthy volunteers under an infusion

of various medications, including: glyceryl trinitrate (GTN), angiotensin, norepinephrine, and

salbutamol. Full details of PAT and PEP computation were not provided. However, the authors

concluded that changes in PEP contributed a signi�cant factor (��% - ��%) to changes in PAT.

These changes were independent of changes in BP suggesting that PAT may not be an appropriate

surrogate for PTT. In ����, Zhang et al. [���] measured both PAT and PTT in � anaesthetised

dogs who were given an infusion of di�erent vasoactive medications including (but not limited to)

phenylephrine, nitroglycerin, and norepinephrine. PTT was measured using two invasive arterial

lines located in the aorta and femoral artery respectively. PAT was measured using the ECG and

the BP waveform from a femoral arterial line. PEP was estimated as the di�erence between PAT

and PTT. Vasoconstriction caused PTT to decrease due to BP increase and PEP to increase due to

the afterload increase. These variations occurred in opposite directions and blunted the change in

PAT. Thus the RMSE value for PAT was approximately twice as large as for PTT. However, the

extent to which this e�ect can translate to humans was unclear. Kim et al. [���] recorded PAT

and PTT estimates in �� healthy individuals during three haemodynamic interventions (Mental

arithmetic, cold pressor test, and stair climbing) lasting � mins with � BP measurements recorded

using an oscillometric sphygmomanometer. The time of pulse wave ejection from the aorta was

estimated via the ballistocardiogram (BCG), which records the ballistic forces on the heart caused

by the sudden ejection of blood. Similar to Zhang et al. Kim et al. found that BP estimation using

PAT resulted in RMSE values approximately twice those obtained when using PTT. Conversely,

Block et al. [���] reported stronger performances using PAT estimated with a pulse oximeter on

the toe as opposed to PTT estimates. However, in this work PTT was computed as the time delay

between two PPG sensors located on the ear and the toe respectively. This should not be considered

a reliable measurement of PTT as blood does not �ow directly from ear to toe.

A large proportion of the papers listed in table �.� used data recorded in the hospital, including

the ICU. These databases bene�t from the high-frequency and high-quality vital-sign monitoring

recorded from patients in those settings. The hospital, additionally, is one of the few environments

in which a patient will have their BP measured using an arterial line (the gold standard in BP

monitoring). This also allows for the assessment of TT as a beat-by-beat predictor of BP. However,

the data is often analysed in a post-hoc manner, with a lack of understanding of the patient’s

physiological status at the time of measurement. Hence, studies based on the analysis of these
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datasets often report comparatively poor performance. Zhang et al. [���] extracted � hours of data

from �� patients in the MIMIC-II intensive care unit (ICU) dataset [���]. The authors developed a

signal quality index (SQI) for PAT estimation in order to automatically detect periods of poor signal

quality caused by, for example, motion artefacts. A Kalman �lter [���] was then implemented to

provide reliable estimates of PAT values during periods of poor signal quality. Individual calibration

models were estimated using the �rst �� beats. BP was estimated for the remaining � hours of

data. Including the signal quality and Kalman �lter steps signi�cantly improved performance

compared to previous work. The mean absolute error (MAE) was 7.45 ± 9.79 mmHg for SBP and

4.41±5.85 mmHg for DBP. Lee et al. [���] analysed the PAT-BP relationship across a large number

(N = 2, 309) of patients who underwent surgery. ECG, PPG, and arterial line BP were recorded for
over ��minutes for each patient. Using hybrid calibration to predict BP resulted in poor performance

metrics for SBP prediction (mean error = 0.00±11.04 mmHg, flp = 0.37±0.37). The authors used
the mean of the BP and PAT values across the entire recording as the single-point calibration value

for each individual, hence a mean error of zero. Performance metrics (speci�cally flp) improved

for individuals who experienced larger changes in BP, showing that accurate calibration required

large changes in BP. Studies for which BP was not su�ciently perturbed invariably reported poor

performance [���]. Lee [���] was also able to demonstrate signi�cant (p < 0.001) di�erences in
calibration gradients as an individual ages, with no reduction in performance. These results suggest

that frequent re-calibration, over time, may be su�cient for long-term tracking of BP. Yoon et al.

used �� patients in an ICU database to show that including HR as an additional term in the BP

estimation model can signi�cantly improve results. This is most likely driven by the barore�ex

response and the relationship between short-term changes in HR and BP.

Circadian variations in TT have not been explored in great detail in the literature, mostly due

to the complications involved in simultaneous recordings of ��-hour BP, ECG, and PPG. Zheng

et al. [���] developed an armband wearable capable of recording simultaneous ECG and PPG on

the same internal clock for �� hours. ECG was measured by two e-textile electrodes sewn into

the armband and another electrode placed on the right side of the subject’s thorax. A PPG signal

was recorded in re�ectance mode by a near-infrared LED emitter and photodiode on the inside of

the armband. While this set-up prioritises convenience for the user, it was reported to result in

reduced performance metrics over conventional PPG measured by a pulse oximeter on the �nger

[���]. The armband was wrapped around the upper left arm and was set to record ECG and PPG

signals for �-minute intervals every �� minutes. BP was recorded by an ABPM wrapped around the

upper right arm and was set to measure BP every ��minutes during both the day and night. BP was

estimated from PAT using a hybrid calibration strategy [���] with the single point calibration value
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being the �rst BP value recorded. The study involved �� individuals who were asked to go about

their normal life for �� hours and thus natural, ��-hour variations in BP were recorded. However,

the authors did not compute circadian metrics such as night-time dip. It was reported that PAT

correlated signi�cantly more strongly with SBP during the night (median flp = -�.��) as opposed

to during the day (median flp = -�.��). This is most likely a combined e�ect of the largest natural

change of BP occurring during the night as well as it being a period of limited motion artefacts.

Ganti et al. [���] developed a wearable device, similar to HBPM, in which the user manually

records PTT measured between the BCG signal and the re�ectance-mode PPG waveform recorded

on the wrist. However, the BCG in particular was very susceptible to motion artefacts [���],

making the device’s ability to estimate ambulatory BP limited.

More comprehensive literature reviews of BP estimation using TT can be found in [��, ���, ���].
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Table �.�: Summary of key studies of BP estimation using PTT or PAT. ’BP ref’ indicates the reference BP device used. ’# calib points’ indicates the number of calibration
datapoints used to estimate the model parameters for each subject. In cases where multiple results are reported, the best-performing one is listed.

Results*
SBP DBPReference

# of subjects
and type

BP intervention
BP
ref

Waveforms Model
# calib
points

Error flp Error flp

Sharwood-
Smith et al.
(����) [���]

�� NTs Spinal anesthesia
(variable length)

Cu� ECG æ toe PPG NA NA - ≠0.74 - -

�� HTs - ≠0.67 - -

Zhang et al.
(����) [���]

� dogs under
anesthetic

Vasoactive medication ABP Aortic ABP æ femoral ABP BP = K1/PTT + K2 All 7.5 ± 2.2† - 5.3 ± 1.2† -

ECG æ ABP BP = K1/PAT + K2 All 11.9 ± 6.1† - 9.8 ± 5.2† -

Zheng et al.
(����) [���]

�� HVs Natural / environmental
changes (�� hours)

ABPM ECG æ PPG (armband wear-
able)

Poon et al. [���] � 2.4 ± 5.7 ≠0.8 ± 0.1 - -

Zhang et al.
(����) [���]

�� ICU pa-
tients

Clinical (� hours) ABP ECG æ �nger PPG BP = K1ln(PAT)+K2 �� 0.092 ± 5.05 - ≠0.15 ± 3.5 -

Yoon et al.
(����) [���]

�� ICU pa-
tients

Clinical (> �� hours) ABP ECG æ �nger PPG BP = K1PAT +
K2HR + K3

�� hours
of data

9.8 ± 2.8 0.64 ± 0.18 5.2 ± 2.1 -

Kim et al.
(����) [���]

�� HVs Mental arithmetic, cold
pressor, stair climbing (� mins)

Volume
clamp

BCG æ toe PPG BP = K1/PTT + K2 All - - 5.7 ± 0.4† -

ECG æ �nger PPG BP = K1/PAT + K2 All - - 10 ± 0.4† -

Rajala et al.
(����) [���]

�� HVs No perturbation. � BP
taken over �� mins

Cu� ECG æ �nger PPG BP = K1/PAT + K2 All - 0.44 - -
ECG æ wrist PPG BP = K1/PAT + K2 All - 0.37 - -

Liang et al.
(����) [���]

��� ICUpa-
tients

Clinical (variable length) ABP ECG æ �nger PPG NA NA - ≠0.30 ± 0.25 - -

Lee et al.
(����) [���]

�,���
surgery
patients

Surgery (variable length, > ��
mins)

ABP ECG æ �nger PPG BP = K1PAT + K2 � 0 ± 11.04 0.37 ± 0.37 0 ± 6.25 0.30 ± 0.38

Block et al.
(����) [���]

�� HVs Slow breathing, mental
arithmetic, cold pressor,
vasoactive medication
(�� mins)

Cu� Ear PPG æ �nger PPG NA NA - ≠0.29 - ≠0.22

ECG æ �nger PPG - ≠0.42 - ≠0.28
ECG æ toe PPG - ≠0.63 - ≠0.31

Ganti et al.
(����) [���]

�� HVs Natural / environmental
changes (�� hours)

HBPM BCG æ wrist PPG BP = K1/PTT + K2 All 4.75 ± 2.29† 0.33 2.72 ± 0.75† 0.69
� - - 3.86 ± 1.53† -

Acronyms: NTs - Normotensives; HTs - Hypertensives; ICU - Intensive care unit; HVs - Healthy volunteers. Cu� - BP recorded by an oscillometric sphygmomanometer cu�.
Poon refers to the hybrid calibration model detailed in [���] * Error values were reported di�erently in each study, † indicates errors given as RMSE, otherwise, error values are
given as mean ± standard deviation, all in units of mmHg.
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�.�.� Limitations

Continuous estimation of BP via transit times (both PTT and PAT) has several limitations. Since TT

measurements are derived from two independently recorded signals, they are especially vulnerable

to various forms of noise, such as motion artefacts. For instance, Foo et al. [���] showed that motion

artefacts caused by hand movements can impact TT measurements by as much as �� ms. While

appropriate signal quality indicies (SQIs) can help mitigate the impact of motion artefacts, these

steps are often overlooked in the literature. Moreover, changes in the contact pressure of the PPG

sensor, which refers to the external pressure applied by the PPG sensor to the skin surface [���],

can also a�ect the accuracy of proximal and distal timing computation. Indeed, Chandrasekhar

et al. [���] reported that variations in the contact pressure of the sensor that records the PPG

signal may result in TT measurement errors of up to �� ms.

Even small distortions in TT values can cause signi�cant errors in BP estimation. For example,

a typical linear calibration gradient relating TT to BP, as reported in the literature, is about ���

mmHg s≠1 in magnitude [���, ���, ���, ���]. Based on this calibration gradient, a �� ms error in

TT estimation would lead to a BP estimation error of ��.� mmHg. This error would be greater in

the elderly population, for whom steeper calibration slopes are often observed [��]. Such an error

could result in normotensive individuals being misclassi�ed as hypertensive (see table �.�).

It is important to also note that changes in TT re�ect changes in arterial sti�ness as opposed

to BP. While there is a strong relationship between arterial sti�ness and BP [���], TT can also

re�ect changes in arterial structure, sympathetic activity and disease state [���] which can act

independently of BP. Furthermore, PPG signals are typically recorded on peripheral arteries and

therefore are signi�cantly impacted by smooth muscle contraction. Smooth muscle contraction

signi�cantly alters the pressure-volume relationship by introducing a viscous delay element

[��]. This can cause variations in arterial sti�ness which are not re�ected in BP [���]. PAT,

additionally, includes the PEP term which has been previously suggested as a signi�cant limitation

to cu�ess BP estimation.

Another challenge is the independent estimation of both SBP and DBP at the same time. This

challenge is important, as isolated systolic hypertension often occurs in the elderly (see �gure �.�).

One potential solution is to include additional covariates, such as HR, heart rate variability (HRV),

or a marker of neural control, in the calibration model. Another approach is to estimate multiple

PTT values per beat via arterial modelling [���].

Finally, the requirement to record two signals, from di�erent locations on the body, makes

for cumbersome wearable equipment and can bring time synchronicity issues. As a result, the

research landscape has shifted in the last few years towards estimating BP using either the PPG

or the ECG on their own.
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�.� Estimating blood pressure from the photoplethysmogram

�.�.� Background theory

As discussed previously, changes in the cardiovascular and autonomic nervous systems are re�ected

in changes in PPG waveform morphology. Therefore, it may be possible to predict BP using only

the PPG signal. This is additionally validated by the noticeable similarity between the ABP and

PPG waveforms (see �gures �.� and �.��). Martinez et al. [���] highlighted the strong morphological

similarity between ABP and PPG, suggesting that the PPG holds key information related to BP.

More recently, Tang et al. [���] developed a deep learning model to reconstruct ABP signals

from simultaneously recorded PPG signals.

The PPG o�ers signi�cant bene�ts for BP monitoring over both conventional cu�-based

measurements and TT estimates. Most notably, the PPG can be recorded by a single, unobtrusive

optical sensor on a wearable device such as a smartwatch [��, ���].

The PPG-BP relationship is driven, in part, by the theoretical relationship between changes in

pressure and volume of blood in a localised region of an artery [�], as well as the impact of re�ected

waves [���]. The Kelvin-Voigt model of visco-elastic vessels suggests that the AC components of

the PPG (�V ) can be considered a low-pass �ltered version of the AC components of the BP

(�P ) waveform [�, ���] with the following transfer function:

�V (Ê) = 1
jÊ÷ + E

�P (Ê) (�.��)

where E and ÷ are the elastic modulus and coe�cient of viscosity of the arterial wall respectively

[���, �] and Ê is the angular frequency in radians. The viscous element is introduced by the presence

of smooth muscle in arteries, particularly in peripheral arteries where a pulse oximeter is often

placed. The model transfer function is a low-pass �lter with �/E gain and E/÷ cut-o� frequency.

This low-pass �lter impacts the phase delay and amplitude attenuation of the volume of blood

in response to the pressure wave produced by left ventricular contraction. The magnitudes of

the amplitude attenuation and phase delay are determined by the mechanical properties of the

arterial wall, as well as the transmural pressure on the walls.

An additional explanation relating changes in PPG to changes in BP is the impact of re�ected

wave interference. The PPG waveform is the summation of a forward pressure wave and re�ected

pressure wave(s) [���]. The forward pressure wave is the result of left ventricular contraction

and travels from the aorta to the distal point of PPG measurement in peripheral sites such as the

�ngertip. Re�ected pressure wave(s) result at points of impedance mismatch (such as reduction

in vessel diameter or bifurcations) further down the arterial tree and travel back to the point of
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PPG measurement. Changes in arterial sti�ness have a signi�cant impact on the timing, amplitude

and morphology of the re�ected pressure waves [���].

There currently is no consensus in the literature on the number of re�ected pressure waves

that a�ect the PPG waveform. Millaseu et al. [���, ��] concluded that the shape of the PPG

waveform results from the interference of one backwards travelling re�ected wave, occurring

during diastole and is caused by impedance mismatch at the bifurcation of the iliac arteries

(located in the pelvic region providing blood supply to the legs, see �gure �.��). Increases in

arterial sti�ness results in an earlier return of the re�ected wave (and vice versa) which signi�cantly

impacts the morphology of the PPG. Rubins et al. [���] used Gaussian decomposition of the

PPG to propose that there are three re�ected waves, all occurring during diastole, although the

authors provided no physiological explanation for these.

Baruch et al. [���] proposed that there are two main re�ected waves from two distinct points

of signi�cant impedance mismatch, with the addition of minor re�ected waves that do not have a

notable impact on the PPG waveform. These two re�ected waves make up a late systole component

(also known as the tidal wave [���]) caused by re�ections at the renal arteries, and a diastole

component (also known as the dicrotic wave) caused by re�ection at the bifurcation of the iliac

arteries. A visualisation of the interactions between the incident and re�ected pressure waves, and

their impact on the PPG waveform, is provided in �gure �.��. The tidal wave and dicrotic wave

follow the incident wave at a delay of between ��-���ms and ���-���ms respectively [���]. Speci�c

arterial properties of these two sites of re�ection result in a strong relationship between changes

in arterial sti�ness with the amplitude and timing of the re�ected pressure waves. Therefore,

analysis of the morphology of the PPG waveform, with a speci�c focus on the e�ect of re�ected

pressure waves, might provide insight into changes in arterial sti�ness.

Typically, BP estimation using the PPG is performed by mapping characteristic morphological

features from the PPG to BP values using data-driven machine-learning models. We refer to

these features as PPG features (PPGfts) and they are often derived from the PPG morphology

using key �ducial points. In the literature, the nomenclature used for these �ducial points varies

considerably. In this thesis, we follow the nomenclature of Elgendi et al. [���]. The �rst and

second derivatives of the PPG are known as the velocity plethysmogram (VPG) and acceleration

plethysmogram (APG) respectively. Figure �.�� provides an example of the �ducial points located

on the PPG (onset O, systolic peak S, dicrotic notch N and diastolic peak D), VPG (maximum

W ), and APG (a, b, c, d, e, and f waves). The projection of a point onto a nth higher or lower

derivative is given a subscript +n or -n. For example, the projection of W onto the PPG is labelled

W-�, and the projection of S onto the APG is labelled S+�.
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Figure �.��: The morphology of the PPG waveform, measured at the wrist or �ngertip along the
brachial artery, is in�uenced by the interactions of the incident and re�ected pressure waves. The
incident wave is generated by left ventricular contraction and travels along the brachial and thoracic
arteries. As the wave reaches the junction of the renal or iliac arteries, a portion of it is re�ected back
up the thoracic artery, eventually travelling along the brachial artery to interact with the incident
wave at the measurement site. Although there are additional minor re�ected waves, their impact on
the waveform shape is negligible. Figure from [���] with permission.

Figure �.��: Example of PPG, VPG, and APG �ducial points. The following �ducial points are present
on the PPG: onset O, systolic peak S, dicrotic notch N and diastolic peak D. The maximum of the
VPG is labelled W . The APG is characterised by the a, b, c, d, e, and f waves.

A wide range of PPGfts have been reported in the literature. Examples include: amplitude vari-

ations [���, ���, ���], time delays [���, ���, ���], area under the PPG contour [���, ���], Gaussian

decomposition [���, ���], derivatives [���, ��], and features in the frequency domain [���, ���].

PPGfts values are mapped to BP in the same manner as TT. A data-driven model is �rst de�ned

to relate the feature values to BP and then an appropriate calibration strategy is implemented to �t
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these models to the individual. Much like TT, features of the PPG are thought to be subject-speci�c

with di�erent relationships to BP for di�erent individuals. As a result, these models require

calibration. As the parametric models used to relate PPGfts to BP are often multidimensional,

individual calibration is often not feasible without long-term, longitudinal, individual tracking of

both BP and PPG. Population calibration uses an individual’s demographics to calibrate the model.

Demographic-related dependencies on the morphology of the PPG waveform have been previously

reported for age [���], sex [���] and body mass index (BMI) [���]. However, these are often not

strong enough to allow for good accuracy of population calibration strategies. As a result, the majority

of studies proposing PPG-based BP estimation opt for a hybrid calibration strategy.

Miao [���] used support vector regression on �� PPGfts from �� subjects to track BP changes

induced by physical exercise (rope skipping for � minutes). The stability of the developed models

was evaluated in a follow-up study for � day, �� days and � months after the initial test. The results

suggested that, similar to that found for TT [���, ���], the estimation models lose their accuracy

over time and may, therefore, require frequent recalibration.

�.�.� Review of literature

A summary of key studies in this �eld is provided in table �.�. As was the case with transit times,

the heterogeneous nature of publications in this �eld makes the comparison of results between

studies di�cult. A signi�cant proportion of studies use large open-source datasets that are typically

obtained from an ICU [���, ���, ���, ���]. These large databases allow for improved accuracy of

machine learning models via increased dataset sizes, which may further assist in the development

of new hybrid calibration strategies. However, these models have poor interpretability, driven by a

lack of understanding of the patient’s physiological status at the time of measurement. Additionally,

hospital patients are often under a high level of stress, which signi�cantly alters their physiology

compared to healthy individuals. Clinical studies which are able to o�er high interpretability

despite the expense of poor model performance are still sparse in this �eld [���, ���, ���].

Ruiz-Rodriguez et al. [���] in ���� was the �rst to estimate continuous changes in BP using the

PPG. The authors conducted a study using data from ��� patients in an intensive care setting, with

an invasive arterial line as the reference signal. A deep neural network was trained on the data

from ��� patients and tested on the data from the remaining �� patients. Personalisation of the

model was handled only by demographics as opposed to calibration. The PPGfts used to train the

model were undisclosed. Estimated SBP values achieved an error of -�.�� ± ��.��mmHg. The large

variance of error highlights the importance of appropriate model calibration to the individual.
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Sun et al. [���] evaluated the use of a linear regression model for estimating SBP measured by a

commercial Finapres (see section �.�.�), in �� subjects undergoing an exercise test. ��morphological

PPGfts were extracted from each PPG pulse. PPG signal quality was assessed by a combination of

visual inspection and an algorithm that highlighted sharp changes in peaks and the width of the

PPG pulses. An RMSE of ��.�� mmHg was reported when estimating SBP. Normalised weights of

the linear model were used to highlight features that had the most predictive power. However,

the study was only conducted on �� volunteers and BP changes were induced by exercise, which

would introduce a signi�cant amount of motion artefacts.

Hasanzadeh et al. [���] extracted PPGfts in a subset of �,��� individuals from the MIMIC-

III dataset. The arterial line blood pressure waveform was used as a reference. The authors

implemented a linear regression model as well as a non-linear tree-based model, AdaBoost.

AdaBoost signi�cantly outperformed the linear model for their dataset. Additionally, the authors

highlighted the sensitivity of PPGfts extraction in the presence of random noise.

Xing et al. performed two studies [���]. The �rst study estimated continuous BP for patients

in an ICU with ABP and PPG signals. �� patients were used in total. The amplitudes and phases

from the FFT of each PPG beat were fed into a multi-layer perceptron with �� hidden units to

estimate SBP and DBP. The second study evaluated the trained network on an additional set of ��

volunteers outside of a hospital setting. In this study, the PPG sensor was located on the �nger

and a BP reading was taken using a sphygmomanometer. An �-second segment of the PPG signal,

centred on the BP reading, was extracted. The FFT features for the average beat were used as inputs

to the neural network to be compared with the cu� measurements. The �rst study achieved an

error of �.�� ± �.�� mmHg for SBP and �.�� ± �.�� mmHg for DBP. The second study achieved

an error of -�.�� ± �.�� mmHg for SBP and -�.�� ± �.�� mmHg for DBP.

Radha et al. [���] investigated PPG-based ambulatory BP estimation. The authors ran a study

with ��� healthy individuals with the PPG signal being recorded using a smartwatch on their wrist

and an ABPM cu� programmed to in�ate every �� minutes both day and night. An accelerometer

was used to determine periods of rest. Each participant took part in the study up to � times. The�nal

cohort consisted of ��� days of simultaneous PPG and ABPM. PPGfts based on heart rate variability,

pulse morphology, Gaussian decomposition analysis, and frequency domain analysis were used. All

data from �� randomly selected participants was used for model training and validation. Data from

the remaining participants were reserved for testing. Using a long short-term memory (LSTM)

neural network, the authors reported an SBP estimation error of �.�� ± �.�� mmHg and a flp of

�.�� between reference and estimated DRSBP. However, Radha et al. z-normalised all signals across

each ��-hour recording prior to estimation, thus circumventing any calibration requirements.
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The Aurora project, conducted by a team at Microsoft [���], involved a similar study with

a larger cohort of participants (N = 483). They used standard linear regression with a hybrid

calibration approach to estimate ��-hour BP using PPGfts obtained from a wrist-worn sensor.

The performance of this method was compared with a baseline reference model that only used

the initial calibration value and the time of day to predict BP. Surprisingly, the baseline reference

model outperformed the waveform-based model, although better performance was observed

in younger participants.

In general, there has been some potential demonstrated for predicting BP using PPGfts. However,

there is a lack of consensus regarding the best features and the best models to use, as well as

its e�cacy in ambulatory settings. This lack of understanding contributes to the challenge of

generalisability within the �eld. Recent developments in the �eld have explored the application of

deep learning algorithms [���, ���]. However, while these approaches may improve the estimation

accuracy, their black box nature mean that they lose model interpretability.

More comprehensive literature reviews of BP estimation using the PPG can be found in [���, ���,

�].
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Table �.�: Summary of key studies of BP estimation using the PPG. ’BP ref’ indicates the reference BP device used. In cases where multiple results are reported, the best-performing
one is listed.

Results*
SBP DBPReference

# of subjects
and type

BP intervention
BP
ref

Waveforms PPGfts used
Model
& calibration

Error flp Error flp

Ruiz-
Rodriguez
et al. (����)
[���]

��� / Critically ill (��
for testing)

Clinical (�� mins) ABP Finger PPG Various waveform & demo-
graphic features

Deep neural network / popu-
lation calibration

≠9.01 ±
14.55

- 5.22 ± 9.55 -

Sun et al.
(����) [���]

�� / HVs (LOSOCV) Exercise and posture
changes (�� mins)

Finapres Finger PPG Various waveform features Linear regression / Single cu�
hybrid calibration

8.99† �.�� - -

Hasanzadeh
et al. (����)
[���]

���� / Clinically ill
(�� fold CV)

Cinical (variable time
frame)

ABP Finger PPG Various waveform features Adaboost / population calibra-
tion

0.09 ± 10.38 �.�� 0.23 ± 4.22 �.��

Slapnicar et
al. (����)
[���]

��� / Critically ill
(LOSOCV)

Clinical (�.� h) ABP Finger PPG Whole PPG; VPG and APG
signals

ResNet / Hybrid calibration 9.43†† - 6.88†† -

Radha et al.
(����) [���]

��� / HVs (�� for test-
ing)

Natural (nocturnal
dip)

ABPM Wrist PPG +
accelerometer

Various waveform features +
HRV + activity

Random forest / individual z-
normalised features

7.86† �.�� 6.49† �.��

Luo et al.
(����) [���]

���� / HVs (��� for
testing)

No perturbation in BP CNAP iPPG on face Various waveform + demo-
graphic features

Multilayer perceptron / popu-
lation calibration

0.39 ± 7.30 �.�� ≠0.20±6.00 �.��

Liu et al.
(����) [���]

�� / Clinically sta-
ble patients (��:��:��
tr:v:te per patient)

Clincal; during ar-
rhythmias (�� mins)

ABP Finger PPG Small number of features +
PAT

Random forest / Individual
calibration

≠0.04±6.11 - 0.11 ± 3.62 -

Schlesinger
et al. (����)
[���]

��� / Critically ill
(��:��:�� tr:v:te)

Clincal (�� s) ABP Finger PPG Spectrogram of PPG seg-
ments

CNN / Siamese network indi-
vidual calibration

MAE: �.��;
STD: ��.��

- MAE: �.��;
STD: �.��

-

Natarajan et
al. (����)
[���]

�� / HVs (LOSOCV) Slow breathing; men-
tal arithmetic; cold
pressor and medica-
tion (�� mins)

Cu� Finger PPG PAT + b-time Linear regression / Single cu�
individual calibration

9.50† �.�� 7.00† -

Acronyms: HVs - Healthy volunteers; CV - cross-validation; LOSOCV - Leave-One-Subject-Out cross-validation; tr:v:te - training:validation:test split ratio; ABP - Arterial
blood pressure; CNAP - CNAP Monitor ��� (a �nger cu�-PPG) [���]; iPPG - imaging PPG from camera; HRV - Heart rate variability; CNN - convolutional neural network;
STE - Standard deviation of error. * Error values were reported di�erently in each study, † indicates errors given as RMSE, †† indicates errors given as MAE, otherwise, error
values are given as mean ± standard deviation, all in units of mmHg.
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�.�.� Limitations

Estimation of BP from the PPG signal has a number of limitations. The location of the sensor (�nger,

wrist, ear etc), contact pressure, and environmental factors (ambient light absorption, motion

artefacts) have all been shown to signi�cantly alter the shape of the PPG waveform independently

of BP [���]. Additionally, as outlined previously the PPG waveform may be impacted by the

user demographics such as ethnicity.

When considering a PPG sensor located on a �nger, something as simple as a change from

the right to the left hand can have a major impact on the accuracy of BP estimation. Allen et al.

[��] outlined the di�erence in the shape of the PPG measured at di�erent sites (ears, �ngers, toes)

and on di�erent sides (left and right), showing signi�cant changes in the morphology at each

site. The contact pressure of the PPG sensor markedly impacts the amplitude and shape of the

PPG waveform [���, ���]. This is due to the non-linear arterial blood volume-transmural pressure

relationship (see equation (�.��)). Insu�cient or excessive pressure can both result in low AC

signal amplitude due to inadequate contact or occlusion of the artery respectively. For example,

features from the APG have been shown to be inconsistent when recorded at non-optimal probe

contact pressures [���]. Block et al. showed that the PPG amplitude should never be used as an

indicator of BP for this reason. Additionally, there are many external factors unregulated by BP

that can impact the PPG signal. Conditions such as local hypothermia can result in peripheral

vasoconstriction which can in�uence the PPG trace without a change in central BP [���].

Many PPGfts rely on the accurate detection of salient �ducial points on the PPG, VPG or APG

waveforms. There are a number of algorithms proposing accurate detection of these points [���, ���,

���]. However, their performance is dependent on the level of noise in the signal. With the PPG

waveform, in particular, being susceptible to motion artefacts [���], the potential for BP estimation

using the PPG in a free-living ambulatory setting remains unclear. In addition, many features use

the dicrotic notch to de�ne the separation between systole and diastole. However, as discussed in

section �.�.�, age-related atherosclerosis results in a diminished, and sometimes absent, dicrotic

notch. Often in the ICU for example, the dicrotic notch is unobservable [���]. This is especially

concerning given that ICU patients are a cohort analysed extensively in this �eld (see table �.�).

Finally, many of the algorithms proposed for estimating BP via the PPG estimating rely

heavily on machine learning algorithms without consideration of the underlying physiology. Such

systems are often able to generate good results on a single test set, however, may be unable

to generalise to a broader population.
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�.�� Estimating blood pressure from the electrocardiogram

�.��.� Background theory

The general theory governing the relationship between changes in BP and changes in the ECG

waveform is based on a cyclical process known as mechano-electric coupling (MEC), depicted in

�gure �.��. Under normal conditions, MEC plays an important role in the electrical regulation of

cardiac performance in response to mechanical changes and demands [���]. Changes in the

electrical properties of the heart directly a�ect its contractility, resulting in changes in the

ECG waveform. This process is known as excitation-contraction coupling (ECC). The tissues

surrounding the heart are also sensitive to mechanical changes, and these changes can be detected

by mechanosensitive calcium ion channels. Acute mechanical stimuli can lead to increased

stretching of pacemaker cells (Bainbridge e�ect) and atrial stretch receptors, which impact the

electrophysiology of the heart through stretch-activated channels and mechano-sensitive channels

[���, ���]. Consequently, mechanical changes in the surrounding tissues (caused by, for example,

changes in aortic sti�ness) can be re�ected in changes in the ECG waveform. This process is

known as mechano-electrical feedback (MEF).

MEC, therefore, describes the cyclical process whereby changes in the ECG waveform can

re�ect changes in the mechanical properties surrounding the heart. These mechanical properties

will undoubtedly re�ect changes in BP through changes in afterload and preload.

While MEC de�nes how changes in BP may be re�ected in changes in the ECG, it does not

characterise how these changes may impact the ECG morphology. Consequently, unlike PPGfts,

researchers are unable to de�ne appropriate features to extract from the ECG based on a theoretical

understanding. Typically, whole-based features that characterise the overall shape of a short ECG

segment are extracted, we refer to these as ECG features (ECGfts).

�.��.� Review of literature

In comparison to the PPG, fewer studies have investigated the potential use of the ECG for

BP estimation. Villecco et al. [���] �rst reported a signi�cant correlation between high BP and

ischaemic ECG patterns in ����. It was not until ���� that Monroy Estrada et al. [���] attempted

to predict absolute values of BP from the ECG. The authors used a neural network with the raw

ECG beat as the input vector. However, the data used to validate this approach involved only

�� volunteers (� male, � female) who each only contributed one BP value during rest. Hence the

reported error values should not be considered as valid as they do not account for calibration

and there was no e�ort to perturb BP.
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Figure �.��: Illustration of the general theory governing the relationship between changes in BP and
changes in the ECG: MEC. MEC is a cyclical process involving excitation-contraction coupling and
mechano-electric feedback. Figure from [���] with permission.

Mousavi et al. [���] used frequency domain analysis of ��-second segments of the ECG signal

from ��� patients in the MIMIC-II ICU database. The authors used a random forest to predict

BP, without accounting for calibration for each individual, and the model produced large error

values. MAE and standard deviation of error for SBP and DBP were �.�� ± �.�� mmHg and

��.�� ± ��.�� mmHg respectively.

Complexity features are the most commonly extracted ECGfts for BP estimation [���, ���, ���].

These features quantify the level of regularity and unpredictability of �uctuations over a time series.

Generally, a higher-level complexity indicates a more irregular dynamic system. A lower-level

complexity indicates the presence of central trends or cyclical patterns. Changes in entropy of the

ECG time series have also been shown to track changes in heart rate variability (HRV) caused by

myocardial ischaemia [���] as well as to indicate periods of cardiac arrhythmia [���].

Simjanoska et al. [���] used a dataset containing data from �� individuals from a mixture

of � open-source datasets, three of them included data from healthy volunteers recorded using

commercial ECG sensors with BP measured by a cu�, and one was from an ICU dataset with

clinical ECG sensors and BP measured by an arterial line. Complexity features, such as mobility

and entropy, were extracted from ��-second segments of ECG waveform data and used to train a

random forest regression model using a train-validation-test split. After calibration, the model

still reported poor performance with MAE of �.�� mmHg for SBP, �.�� mmHg for DBP, and �.��

mmHg for MAP. Additionally, the authors only derived a small number of complexity features,
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and the mixture of data sources (especially with regard to mixing healthy and ICU populations)

makes interpreting the results di�cult.

Yang et al. [���] extracted complexity features in addition to features derived from multifractal

analysis from both the ECG and the PPG. BP was recorded by a sphygmomanometer cu� from

�� subjects while they conducted an exercise test to induce changes in BP. Using support vector

regression, the authors suggested that complexity features were better predictors of DBP using

the PPG, and SBP using the ECG. However, the sample size of the dataset was far too small

for evidence-based conclusions.

To the author’s knowledge, only one study has analysed the relationship between ��-hour

ECG and ABPM. Yang et al. [���] recorded simultaneous ECG and ABPM in ��� men. A

signi�cant relationship (p Æ 0.05) was observed between an ECG index (the Cornell index

[���]) and ��-hour BP values. For every � standard deviation increment in SBP, the Cornell

index increased by �.� mVms.

�.��.� Limitations

MEC is in�uenced not only by cardiac control mechanisms, such as ANS and hormonal changes,

but also by environmental mechanisms, such as ion concentrations and temperature [���]. These

mechanisms can occur independently of changes in BP and therefore any pressure-related infor-

mation in the ECG may be overshadowed. This is evidenced by the relatively poor performance

of ECG-based analysis techniques for BP estimation reported in the literature.

ECG waveform morphology can also vary notably depending on the lead being recorded. The

e�ect of model performance when using di�erent ECG leads has been completely overlooked

in the literature. Additionally, the presence of arrhythmias, ectopic beats, and other abnormal

heart rhythms could have a signi�cant impact on model performance.

�.�� Commercially-available devices

Within the last �ve years, a number of companies have introduced cu�ess BP measurement devices

to the commercial market [��, ��]. An overview of the claims and published validation studies for

three of the most prominent devices (Sotera Wireless, Samsung Galaxy Watch Active �, and Aktiia)

is provided in table �.�. While these devices may o�er promise, their validation and reliability for

clinical applications are yet to be established. At the time of writing this thesis, there are currently

no clinically-approved wearable cu�ess BP devices. Apple, for example, has repeatedly delayed

announcing that the latest version of the Apple Watch will be able to measure BP [���].
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In appendix A we provide results from a small healthy volunteer study comparing ��-hour BP

from a reference ABPM and estimated BP from an Aktiia device [���]. In this work, we suggest

that the Aktiia SBP estimates are primarily scaled HR estimates and that the device signi�cantly

underestimates any deviations from the initial calibration value. This leads to large error values

and an underestimation of the DRSBP. These conclusions were recently corroborated by Tan et

al. [��] using a larger cohort of �� individuals all of whom wore the Aktiia device continuously

for �-�� days. At the beginning and the end of this period, ��-hour ABPM was performed. It

was found that the Aktiia device signi�cantly (p < 0.001) underestimated nocturnal changes

in BP resulting in a signi�cantly (p < 0.01) higher proportion of participants being classi�ed

as non-dippers compared to a standard ABPM. Furthermore, an additional three participants

with hypertension, wore the Aktiia device and performed HBPM continuously one week before

and � weeks after antihypertensive medication uptitration. The average medication-induced

SBP/DBP decline after � weeks of uptitration was –�.�/–�.� mmHg with Aktiia vs. –��.�/–��.�

mmHg with HBPM (p = 0.03 for di�erence) demonstrating that the Aktiia is additionally unable

to track medication-induced BP changes.

The European Society of Hypertension Working Group on Blood Pressure Monitoring and

Cardiovascular Variability recently released a statement that they currently do not recommend the

use of any commercially available cu�ess devices for the diagnosis andmanagement of hypertension

[��]. The authors also highlight the current inadequacies of the validation protocols that are often

reported for cu�ess BP devices. In particular, the ANSI/AAMI/ISO [���] validation criterion

of mean ± standard deviation of error < 5 ± 8mmHg was speci�cally designed for validating

oscillometric devices against the auscultatory method. Cu�ess devices will produce biasedly

favourable results due to their calibration procedure which e�ectively sets the mean error to �

at the start of the recording. If the study protocol does not signi�cantly vary BP, the standard

deviation of the error will remain low and thus it can be comparatively easy for a cu�ess device

to meet the current ANSI/AAMI/ISO validation criteria. To combat this, the ISO is currently

developing a new protocol speci�c to continuous recordings of BP [���]. Until this protocol is

released, validation thresholds should not be reported on for cu�ess devices.

�.�� Conclusion

In this chapter, we provided a comprehensive review of the relevant background on cu�ess BP

measurement, with a particular focus on ��-hour circadian variations in BP. Inadequate BP control

is a leading global cause of non-communicable mortality, and evidence strongly suggests that
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Table �.�: Overview of the three main available devices that make commercial claims of cu�ess blood
pressure monitoring.

Device Mode of operation Claims Validation
Sotera
Wireless

PAT-based with peri-
odic recalibrations.

Continuous multi-
parameter vital-sign
monitoring including
BP.

FDA clearance only when used by a trained clin-
ician such that abnormal deviations in BP can
be veri�ed by appropriate means. Independent
studies have highlighted signi�cant errors in BP
estimation. [���]

Samsung
Galaxy
Watch
Active �

BP estimation through
wrist re�ectance mode
PPG.

Continuous BP after
initial calibration and
recalibration every
month.

To the author’s knowledge, no technical validation
report has been released by Samsung.

Aktiia BP estimation through
wrist re�ectance mode
PPG.

Continuous BP after
initial calibration and
recalibration every
month.

Only internal validation reports state that the
device meets ANSI/AAMI/ISO validation criteria
[��]. Work by this group and Tan et al. [��] has
shown notable errors in estimating the magnitude
of changes.

analysing ��-hour ambulatory BP variations provides a superior indicator of cardiovascular health

compared to current clinical practices. However, current ambulatory monitoring methods, which

necessitate cu� in�ations, can be inconvenient, costly, and disruptive, leading to infrequent use.

Accurate cu�ess BP measurement holds great promise, particularly for individuals with

suspected hypertension or those requiring discreet night-timemonitoring. Its comfort, convenience,

real-time data, and long-term monitoring capabilities could signi�cantly enhance diagnostic

accuracy and treatment e�ectiveness.

Over recent decades, various methods have emerged that utilise ECG or PPG waveforms for

cu�ess BP estimation. However, these approaches are by no means validated, and there remain

considerable challenges regarding the optimal signals, appropriate modelling, and translation

to the ambulatory domain. Additionally, very few studies have assessed the accuracy of these

techniques for monitoring the variations in BP that occur over �� hours.
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�.� Introduction

Open-source datasets speci�c to the research on cu�ess BP monitoring are limited in number,

primarily due to data protection laws. At the time of writing this thesis, to our knowledge, the

only relevant example is Liang et al. [���] who published a public dataset in which BP and PPG

data were recorded from ��� individuals. However, this dataset only includes one BP measurement

per individual under resting conditions, making the investigation of individual calibration strategies,

as well as the study of circadian rhythms, impossible.

This chapter describes the three datasets used in this thesis: Mapping Of Lower Limb skIn

pErfusion (MOLLIE), Medical Information Mart for Intensive Care (MIMIC), and non-invasive

ambulatory blood pressure monitoring (nABPM). We conducted two clinical studies (MOLLIE and

��
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nABPM) as well as analysed a large, well-known, public dataset recorded in the Intensive Care Unit

(ICU). Each dataset provided valuable insights to answer research questions speci�c to this thesis.

�.� Dataset requirements

This section outlines the core dataset requirements employed for the clinical studies designed for

this thesis. These requirements detail the minimum criteria for instrumentation and population

sizes when collecting data. Speci�c requirements tailored to individual studies are introduced

in their respective sections.

�.�.� Instrumentation requirements

To guarantee the precision of all signal recordings, we opted to collect all physiological signals

using clinical-grade equipment, in contrast to consumer-grade alternatives that often prioritise

user comfort over data accuracy.

�.�.�.� Electrocardiogram signal

• Electrode setup: The ECG to be recorded using a minimum �-electrode ECG setup in

Einthoven’s triangle con�guration to optimise signal quality.

• Sampling rate: A minimum sampling rate of ��� Hz was de�ned to minimise predicted BP

resolution. This rate was determined by calculating the necessary time resolution to achieve

the ANSI/AAMI/ISO ± � mmHg BP validation standard, [���] assuming a typical PTT

calibration slope of ��� mmHg s≠1, as documented in previous studies [���, ���, ���, ���].

• Amplitude resolution: The ECG signal to be recorded with a ��-bit analogue-to-digital

converter (ADC) amplitude resolution, providing an adequate dynamic range for ECG

signals [���].

�.�.�.� Photoplethysmogram signal

• Sensor type: Pulse oximeter, operating in the transmission mode, to be placed on the

�ngertip.

• Sampling rate: Similar to the ECG, the PPG signal to be sampled at a frequency greater

than ��� Hz.

• Amplitude resolution: Similar to the ECG, the PPG signal to be recorded with a ��-bit

ADC amplitude resolution, providing an adequate dynamic range for PPG signals [���].
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�.�.�.� Blood pressure measurement

BP to be recorded using an oscillometric sphygmomanometer cu� that meets the ANSI/AAMI/ISO

�����-� validation criteria [���]. The choice of an appropriate cu� size will be based on each

participant’s arm circumference.

�.�.�.� Additional requirements

• Clock synchronisation: ECG and PPG signals to be recorded on a synchronised internal

clock to ensure precise signal alignment.

• Data transmission and storage: All signal data to be recorded and stored for subsequent

analysis.

• Compliance with Regulatory Standards: All aspects of data collection and equipment usage

to adhere to relevant regulatory standards and ethical guidelines, prioritising participant

safety and ethical treatment.

�.�.� Population size requirements

In light of the exploratory nature of this research, the studies conducted as part of this thesis

primarily serve as feasibility studies aimed at assessing whether this area warrants further investi-

gation. Therefore, the determination of study population sizes for this thesis was largely guided

by pragmatic considerations concerning participant recruitment and practical considerations

for running the studies, without speci�c power calculations for sample sizes. If the results of

these feasibility studies demonstrate the viability of accurate BP estimation through ECG and

PPG signals, any future work will necessitate careful consideration of statistical power and

sample size calculations.

�.� Mapping Of Lower Limb skIn pErfusion

�.�.� Overview

The MOLLIE study is a healthy volunteer study in which changes in blood perfusion were induced

via an infusion of phenylephrine under a strict protocol [��]. Phenylephrine is a synthetic –-�-

adrenoceptor agonist that acts selectively on the receptors present on peripheral blood vessel

walls, both arterial and venous, without signi�cant direct e�ect on the cardiac myocytes [���]. It

has the clinical impact of increasing BP via peripheral vasoconstriction and as well as inducing

re�ex bradycardia. Phenylephrine is frequently used to treat hypotension associated with spinal

or epidural anaesthesia.
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�.�.� Motivation

TheMOLLIE study protocol induced signi�cant changes in BP safely and quickly while participants

remained in a supine and still position. Data from this study, therefore, facilitated the initial

development of algorithms for cu�ess estimation of BP in a controlled setting. Using this dataset,

we developed methods to address the following two research questions:

• Does PAT provide a reliable surrogate measure for BP?

• Are morphological features extracted from the ECG and PPG waveforms reliable and robust

enough for the accurate estimation of changes in BP?

�.�.� Study design and protocol

The study took place at the Cardiovascular Clinical Research Facility (CCRF) within the John

Radcli�e Hospital, Oxford, United Kingdom. The CCRF is a dedicated research environment

with expertise in echocardiography, exercise physiology, and vascular assessments. It was chosen

for the MOLLIE study to maximise the cardiovascular safety of the study participants. The facility

was well equipped for potential haemodynamic resuscitation to safely support cardiovascular

clinical studies. The haemodynamic resuscitation equipment was checked daily and was available

on standby for immediate use as necessary.

�.�.� Research ethics and informed consent

The studywas reviewed and approved by theOxfordUniversity Research and Ethics Committee and

Clinical Trials and Research Governance teams (R�����/RE���). The study was registered with In-

ternational Standard Randomised Controlled Trial Number (ISRTN) registry (ISRCTN��������).

Written informed consent was obtained from all participants. Participants were identi�ed only by

a unique participant identi�cation number on study documents and on any electronic database.

Documents that contained identifying data or information allowing the association between

participant identi�cation number and personal data were stored separately under strict access

controls. The participants retained the right to have their data deleted at any time upon request.

All participants underwent the same study protocol without randomisation.

Each participant attended for one in-person visit. Participants were asked to refrain from

drinking ca�einated drinks for four hours prior to the study visit as ca�eine is a vasoconstrictor.

The study visit began with informed consent taken by the lead clinician, a �nal eligibility check,

measurement of height, weight, and baseline vital-sign observations including HR, BP, RR, and

peripheral SpO2. A urinary —HCG test was performed on all female participants to rule out



�. Clinical datasets ��

pregnancy before proceeding with the study. A cardiovascular examination was performed to

detect any underlying abnormalities that would make the infusion of phenylephrine unsafe.

Participants were positioned on their backs with the head and trunk raised to between �� and

�� degrees (semi-Fowler’s position). A Becton Dickson Ven�on (Eysins, Switzerland) intravenous

cannula with injection port (size ��G blue ��mm) was placed in the participant’s right antecubital

fossa using a sterile non-touch technique. The intravenous cannula was kept in place using a

Smith & Nephew IV���� transparent dressing. Phenylephrine hydrochloride, provided as ��

mg.mL-� clear colourless solution, was used in the study. One mL of phenylephrine hydrochloride

was diluted in ��� mL of �.�% saline to create concentrations of ��� µg.mL-�. A labelled �� mL

BD Plastipak Luerlock syringe connected to a double-lumen extension (with the second lumen

connected to the �.�% saline infusion) was used.

A schematic of the experimental timeline is shown in �gure �.�. Each session began with a

�-minute resting period followed by a �-minute infusion rate escalation phase during which the

dosage of phenylephrine was steadily increased. The infusion started at �.� µg.kg-�.min-� (adjusted

by body weight) and increased by �.� µg.kg-�.min-� increments every minute until a maximum

infusion rate of � µg.kg-�.min-�. The maximum absolute peak infusion rate was set at ��� µg.min-�

(regardless of participant body weight). This maximum rate was chosen with guidance from the

clinical advisory team as part of the Central University Research Ethics Review for the study.

After the escalation phase, the infusion rate was held at its maximum value for � minutes. Each

session then ended with an �-minute washout period.

Figure �.�: MOLLIE study experimental timeline. During the study, participants were administered
phenylephrine, a vasoconstrictor.

�.�.� Participants and eligibility criteria

We recruited thirty participants between the ages of �� and ��. We used a combination of in-

person recruitment, poster advertisements, and snowball recruitment to reach eligible individuals.
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All individuals who expressed interest were enrolled serially as long as they met the following

inclusion and exclusion criteria:

Inclusion criteria:

• Healthy adults aged �� to �� years.

• Willing and able to give informed consent for participation in the study.

Exclusion criteria:

• Participants with baseline SBP above ��� mmHg or baseline DBP above �� mmHg on

repeated measurements.

• Participants who, upon a cardiovascular examination from the lead clinician, showed signs

of cardiovascular disease, palpation of central pulse, and auscultation of heart sounds.

• Allergy to silver chloride ECG sensors.

• Hyperthyroidism (intravenous phenylephrine contraindicated).

• Any regular medication except oral contraception.

• Pregnant or breastfeeding.

• History or current neurological condition a�ecting peripheral circulation.

• History of cardiovascular disease where phenylephrine or glyceryl trinitrate are contraindi-

cated.

• History of severe headaches

�.�.� Data acquisition

Throughout the study, for each participant we simultaneously recorded ECG, PPG, nasal air�ow,

and ICG physiological signals, alongside reference BP measurements. It’s worth noting that, to the

best of our knowledge, there isn’t a single commercially available device capable of recording all

these essential signals while meeting the speci�ed instrumentation requirements outlined above.

Consequently, we employed three separate recording devices to accomplish this task. Figure �.�

shows the typical data collection set-up used in the MOLLIE study. Table �.� provides an overview

of the physiological parameters recorded by the three devices: the Philips patient monitor, the

Stowood device, and the Cardioscreen bioimpedance monitor.

Since data were recorded from three di�erent devices, time synchronisation was required at

the beginning of each recording session in order to ensure the accuracy of timestamps across

the devices. At the start of each session, all devices were time-synchronised using the net-

work time protocol (NTP).
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Figure �.�: MOLLIE study equipment setup. The Philips patient monitor is circled in red, the
Stowood device is circled in green and the Cardioscreen monitor is circled in blue. Consent was
obtained from the participant to use the image for publication.

Table �.�: Physiological parameters and sampling rates recorded by the three devices used in the
MOLLIE study (Philips, Stowood, CardioScreen).

Device Signal
name

Description Sampling
rate (Hz)

Philips
ECG Single-lead ECG signal ���
BP BP signal from the sphygmomanometer cu� �/��
HR Heart rate derived from the EGG signal �

Stowood

ECG Single-lead ECG signal ���
PPG PPG signal recorded using a �nger pulse oximeter ���
Air�ow Air�ow from nasal cannula signal ��
HR Heart rate derived from Masimo pulse oximeter �
SpO2 Oxygen saturation from Masimo pulse oximeter �

Cardioscreen
ECG Single-lead ECG signal ���
Z Thoracic impedance signal ���
HR Heart rate derived from the EGG signal �

All data were stored on a secure University server. All study documents were stored securely

and only accessible by study sta� (Kadoorie Centre for Critical Care Research and Education, and

the Institute of Biomedical Engineering) and authorised personnel from the University of Oxford

for monitoring or audit of the study to ensure compliance with regulations. The data will be stored

securely for � years after the release date of the last publication arising from the study.
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�.�.�.� Philips patient monitor

A Philips IntelliVue MX��� patient monitor (Philips, Netherlands) [���], alongside a Philips

IntelliVue MMX Multi-Measurement Module, was used to record a single-lead ECG signal as

well as reference vital signs (BP and HR). ECG Cable � Leadset Grammer IEC ICU (M����A)

connected to an ECG Cable � Lead (M����A) was used to record the ECG signal at a sampling

frequency of ��� Hz. HR was computed by the Philips monitor at a frequency of � Hz. A Comfort

Care Reusable Adult NIBP cu� (M����A) blood pressure cu� was wrapped around the upper

left arm of the participant directly above the brachial artery as recommended [���]. BP was

recorded at a rate of one measurement per minute. Data from the Philips patient monitor was

transmitted to a dedicated workstation using the ixTrend software (Ixellence GmbH, Germany)

onto the dedicated workstation hard drive.

�.�.�.� Stowood device

The Stowood Visi Black Series Polygraphy device (Stowood, Oxford, UK) [���] is a portable device

designed to record physiological signals for overnight studies. In this study, we used the Stowood

device to record ECG, PPG, and air�ow signals; and reference vital signs such as HR and SpO2. A

Masimo M-LNCS DBI (Masimo, Irvine, CA, USA) pulse oximeter probe was placed on the middle

�nger of the participant’s right hand. The ECG signal was recorded at a rate of ��� Hz, and the

PPG signal at a rate of ���Hz. SpO2 was computed by the Masimo pulse oximeter at a rate of �Hz.

Using Stowood proprietary software, HR was derived from the PPG signal at � Hz. Participants

breathed through a tight-�tting nasal cannula (EMBLA, Embla, Ontario, Canada) �tted with a

nasal pressure transducer. The air�ow signal was recorded at a sampling frequency of �� Hz. The

Visi-download software was used to download the data recorded by the Stowood device.

�.�.�.� Cardioscreen monitor

The Cardioscreen monitor (Cardioscreen ����, Medis, Germany) is a commercially available

thoracic bioimpedance monitor. The device was used to record the bioimpedance (Z) signal as

well as a single-lead ECG waveform, both at a sampling rate of ��� Hz. HR was computed by

the Cardioscreen monitor at a rate of � Hz. To record Z, four dual sensors were placed on the

left lateral thorax and left side of the neck, and the Arterial Compliance Modulation earlobe

sensor was placed onto the left earlobe. The monitor was connected to a portable computer using

the manufacturer’s own software, Cardio-Vascular-Lab.
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Table �.�: Demographics of the participants in the MOLLIE study.

Descriptor Value
Total number of participants ��

Male ��
Female ��

Average length of session (mins)� ��.� (�.�)
Age (years)� ��.� (�.�)
Height (cm)� ���.� (��.�)
Weight (kg)� ��.� (��.�)
Body Mass Index (kg/m2)� ��.� (�.�)

� Participant-wise median (inter-quartile range (IQR)).

�.�.� Cohort description
�.�.�.� Participant demographics

We recruited thirty participants for the study. We discarded the data from four participants from

subsequent analyses. The reasons for their exclusion are as follows:

• For one participant, the ECG electrodes from the Stowood device were connected incorrectly,

resulting in a poor-quality ECG signal recording.
• For two participants, their ECG morphologies indicated that they were not in normal sinus

rhythm, with QRS complexes in bigeminy pattern [���], likely due to the phenylephrine-

induced bradycardia [���].
• For one participant, there were errors in recording the BP signal.

Therefore, we included �� participants in all data analyses. The demographics of the included

participants are provided in table �.�. All participants were healthy with a median BMI of ��.�

kg/m2 and no history of cardiovascular disease. The median age of participants was �� years

and there was an even split of sexes (��.�% female).

�.�.�.� Recorded vital signs

The distributions of vital signs recorded in the study are shown in �gure �.�. Figure �.�(a)

shows a strong agreement between the HR values computed by the three devices used in the

study. Figure �.�(b) shows SpO2 computed by the Stowood �nger pulse oximeter which exist

within typical healthy limits [��]. Figure �.�(c)-(e) show the distributions of SBP, MAP and DBP

respectively, all recorded by the BP cu� and Philips patient monitor. Given that phenylephrine is

a vasodilator, the recorded BP measurements exhibit higher values than what would typically be

observed in a healthy population. The means of these distributions fall within the pre-hypertensive

range, as detailed in table �.�.
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Figure �.�(f)-(h) show the distributions of changes (�) in SBP, MAP and DBP respectively from

their baseline value recorded during the �-minute rest period at the start of the study. The precise

clinical e�ect of the weight-based dosing of phenylephrine in an individual depends on the balance

between their sensitivity to the increase in afterload, the e�ect of bradycardia on cardiac �lling

(therefore contractility, the Frank-Starling law [���]), and the proportion of venous/arterial action

of phenylephrine causing the increase in preload and afterload. Therefore, variations in �BP

across the cohort were expected. The participant-wise median maximum � SBP (from rest to peak

infusion) was �� mmHg, with a maximum increase of �� mmHg in a subset of four participants.

a b

c d e

f g h

Figure �.�: Distributions of recorded vital signs in the MOLLIE dataset. (a) HR values computed
from the three devices. (b) SpO2 computed by the Stowood �nger pulse oximeter. (c)-(e) SBP, MAP
and DBP respectively all recorded by the BP cu� and Philips patient monitor. (f)-(h) changes (�) in
SBP, MAP and DBP respectively from their baseline value recorded during the �-minute rest period
at the start of the study. The boxplots show the mean and standard deviation.

�.� Medical Information Mart for Intensive Care - III

�.�.� Overview

Due to the COVID-�� pandemic and the resulting lockdowns, we were unable to conduct any

clinical studies or collect data from human participants. Therefore, during this period, our research
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primarily involved analysing an existing public domain database.

The MIMIC - III database [���] is a publicly available database comprising de-identi�ed

clinical data of patients admitted to the Beth Israel Deaconess Medical Centre (BIDMC) in Boston,

Massachusetts, USA between ���� and ����. The database covers ��,��� patients during their

stay in the ICU. All data were gathered during routine hospital care and were de-identi�ed in

accordance with the Health Insurance Portability and Accountability Act (HIPAA). Use of this

database was approved by the Institutional Review Boards of the BIDMC and Massachusetts

Institute of Technology (Cambridge, MA).

The MIMIC database is comprised of two parts: the waveform database and the clinical

database. The waveform database contains physiological signals such as the ECG and PPG recorded

by a Philips patient monitor at a sampling rate of ��� Hz across thousands of patients. PPG

signals were recorded using �nger pulse oximeters. The clinical database is a set of clinical notes

for each patient recorded in the hospital information system. These notes were recorded by the

doctors and included admission reports, procedures, medications taken, discharge summaries,

and more. Additionally, vital signs (such as HR, RR, and BP measured by a sphygmomanometer

cu�) were regularly measured and recorded by the clinical team. This typically occurred once

per hour; however, the frequency was also driven by the level of care and attention each patient

required. The records were collected using one of two critical care information systems: Philips

CareVue Clinical Information System or iMDsoft MetaVision ICU.

The clinical database was saved independently of the waveform database and with di�erent

patient identi�ers. Many of the records in the waveform database have been matched to the

patients in the clinical database by considering the time overlap between waveform records

and clinical records and if derived parameters (such as HR) agree. We refer to these records

as the matched subset.

�.�.�.� Motivation

The assessment of circadian rhythms of BP using cu�ess signals is limited by a requirement for

a large and heterogenous cohort of individuals being monitored. Assembling a large and diverse

database of individuals wearing an ABPM, ECG, and PPG sensors is not practically feasible

given the low user acceptability and tolerance of ABPM [���]. To combat these limitations, an

ICU database represents a setting with a large set of physiological parameters recorded across

a diverse range of individuals.

Patients in the ICU may often experience circadian disruption caused by tight controls of vital

signs through the use of medication, in addition to sedation, patient examinations, and unnatural
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environmental light. Despite this, it has been previously observed that in a select group of patients

in the ICU who were discharged home healthy, circadian rhythms in vital signs can be observed

in the last ��-hour period prior to discharge [�, ���]. Using the MIMIC dataset we developed

methods to address the following two research questions:

• Do the cu�ess surrogate measures for BP, developed using the MOLLIE database, also

exhibit circadian-like patterns in synchrony with the reference clinical BP values?
• Can we use this information to improve cu�ess BP phenotype classi�cation?

�.�.� Patient selection criteria

We restricted our analysis to a subset of patients who, whilst in the ICU, were closest to recovery

and thus most likely to exhibit physiological pro�les comparable to out-of-hospital individuals,

such as individuals in an ambulatory setting or at home. Davidson et al. [�, ���], have previously

shown that the following selection criteria are su�cient to obtain patients, within the MIMIC-

III database, whose ��-hour variation in vital signs (SBP, HR, RR, and core body temperature)

conform to those reported for non-ICU cohorts.

The patient selection criteria are outlined in �gure �.�. From the initial cohort of ��,���

patients in the matched subset, we considered only adult patients (aged between �� and �� years

old) that were discharged home healthy and did not return to the hospital within � months. The

patients must not have been given a "Do Not Resuscitate (DNR)", "Do Not Intubate (DNI)" or

"Comfort Measures Only (CMO)" code during their hospitalisation. In these cases, palliative care

was initiated which indicates a deviation from typical ICU care.

We restricted our analysis to the last �� hours during which a patient’s vital signs were being

recorded by the bedside monitor. If the gap from the end of this day to the time of discharge

from the ICU was more than two days, the patient was not included in the database as they

were deemed to be su�ciently far from recovery. Patients that had a pacemaker were removed

as this acts as an external excitation source for the cardiovascular system (this was checked by

manually reviewing the patient’s discharge summary).

Measurements taken while the patient was under the e�ect of medications that were likely

to signi�cantly a�ect the vital signs being measured (such as vasopressors and —-blockers) were

excluded as these treatments may have had a signi�cant impact on their circadian pro�les. The

medications considered and the period of time for which they were considered active were:

• Up to one hour after a patient was on catecholamine vasopressors, which have a half-life of �

- � minutes, or Phenylephrine, which has a duration of action of �� minutes [���, ���].
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Figure �.�: MIMIC patient selection criteria. From the ��,��� patients in the matched subset, we
selected �,��� patients who were most likely to exhibit physiological pro�les comparable to out-of-
hospital individuals.

• Up to two hours after a patient was on Vasopressin (half-life �� - �� minutes), Propofol

(duration of action �� minutes, but complex discharge pathways), or Magnesium Sulfate

[���, ���, ���].
• Up to one day after a patient was on PDE� inhibitorMilrinone (half-life of � hours), —-blocker

Metoprolol (half-life of � hours), or Hydralazine [���, ���, ���].

Patients must have had at least �ve separate hours during which valid measurements of SBP,

HR, and RR were recorded. Measurements outside of broad physiological bounds (�� mmHg <

SBP < ��� mmHg, �� bpm < HR < ��� bpm, � breaths/min < RR < �� breaths/min) were excluded

[�]. At least one of these measurements must have been recorded during the night (de�ned as

midnight to �am) and at least one during the day (de�ned as ��am to �pm). These patient selection

criteria resulted in �,��� patients that we analysed as our patient dataset.

�.� Non-invasive ambulatory blood pressure monitoring study

�.�.� Overview

The nABPM study is a healthy volunteer study designed to further develop the methodology

introduced in the MOLLIE and MIMIC datasets towards estimation of ambulatory BP using the

PPG and ECG signals. This study consisted of two ��-hour sessions, spaced one week apart, during

which participants carried out their normal daily activities while physiological data was recorded.

�.�.� Motivation

We extended our methods developed using the previous two datasets (MOLLIE and MIMIC) to

this ambulatory domain to address the following three research questions:
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Figure �.�: nABPM equipment setup. Data were recorded from two devices. The Stowood device
(circled in blue) recorded ECG, PPG, and accelerometer signals. A: the Stowood device; B: the Masimo
pulse oximeter placed on the index �nger of the participant’s right hand. The A&D ABPM (circled
in green) recorded BP. C: the A&D ABPM device, D: the cu� wrapped around the participant’s left
arm. All equipment was housed in a belt strapped to the participant’s waist which allowed for free
movement. Consent was obtained from the participant to use the image for publication.

• Is it feasible to evaluate reliable and robust BP surrogate measures in an ambulatory setting?

• Can the need for individual calibration be circumvented by implementing hybrid calibration?

• Does this calibration hold over one week?

�.�.� Study design and protocol

The study consisted of two ��-hour sessions spaced one week apart. The initial study setup occurred

at the Institute of Biomedical Engineering (IBME), Oxford. The setup began with informed consent

taken by the lead clinician, followed by veri�cation that the paticipant met the eligibility criteria.

Measurements of height and weight were subsequently recorded. All equipment was then attached

to the participant and programmed to record data for �� hours. Figure �.� shows the equipment

setup used, including an ECG, PPG, accelerometer sensor, and ABPM. The ABPMwas programmed

to in�ate once every ��minutes during the day and once per hour during the night. The participant

speci�ed their planned night-time schedule to con�gure the ABPM. All equipment was housed in

a belt strapped around the participant’s waist which allowed for free movement.

Finally, a calibration reading was taken by the lead clinician. This consisted of the par-

ticipant remaining still for two minutes while all signals, including a reference BP measure-

ment, were being recorded.
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Following the study set-up, the participant was free to live their normal life with all of the

equipment on for �� hours, taking the equipment o� only for bathing and travelling. At the

end of the �� hours, the equipment was returned and the participant was asked to complete a

short sleep questionnaire detailing their sleep quality. This sleep questionnaire is provided in

appendix B. The whole process was then repeated � days later.

�.�.� Research ethics and informed consent

The study was reviewed and approved by the Oxford University Research and Ethics Committee

and Clinical Trials and Research Governance teams (R�����/RE���). Written informed consent

was obtained from all participants. Participants were identi�ed only by a participant identi�cation

number on study documents and on any electronic database. Documents that contained identifying

data or information allowing the association between participant identi�cation number and

personal data were stored separately under strict access controls. The participants retained the

right to have their data deleted at any time upon request. All participants underwent the same

study protocol without randomisation.

�.�.� Participants and eligibility criteria

We recruited �fteen participants between the ages of �� and ��. We used a combination of in-

person recruitment, poster advertisements, and snowball recruitment to reach eligible individuals.

All individuals who expressed interest were enrolled serially as long as they met the following

inclusion and exclusion criteria:

Inclusion criteria:
• Healthy adults aged �� to �� years.
• Willing and able to give informed consent for participation in the study.

Exclusion criteria:

• Individuals su�ering from tachycardia or atrial �brillation.
• Individuals su�ering from diabetes or renal dysfunction.
• Individuals who are pregnant.
• Individuals with signi�cant sleeping di�culties or who use sleeping medications.
• Active smokers.
• History of, or current psychiatric illness.
• History of, or current neurological condition (e.g. epilepsy).
• Individuals on blood pressure medication.
• Individuals with injuries (such as broken bones or large amounts of bruising) in their arms.
• Individuals that have had surgery involving replacing an artery.
• Individuals that are allergic to adhesive stickers.
• Individuals that perform active or manual jobs (e.g. electricians).
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Table �.�: Physiological parameters and sampling rates recorded by the two devices used in the
nABPM study (Stowood and ABPM).

Device Signal
name

Description Sampling rate (Hz)

Stowood

ECG Single-lead ECG signal ���
PPG PPG signal recorded using a �nger pulse ox. ���
HR Heart rate derived from Masimo pulse ox. �
SpO2 Oxygen saturation from Masimo pulse ox. �
Accel Accelerometer located in the Stowood device ��

A&D
ABPM

BP BP from the ABPM cu� All signals recorded once every ��
minutes during the day & once
an hour during the night.HRCu� HR from the ABPM cu�

�.�.� Data acquisition

In addition to the requirements speci�ed in section �.�, a key aspect considered in instrumentation

was device portability. This ensured that participants could maintain their regular daily routines

without the burden of cumbersome equipment. With these factors in mind, data collected in this

study came from two sources: the Stowood device and the A&D ABPM. Table �.� provides an

overview of the physiological parameters and sampling rates recorded by the two devices.

�.�.�.� Stowood device

Physiological signals (ECG, PPG, and acceleration) and reference vital-signs (HR and SpO2) were

recorded using the Stowood device. A Masimo M-LNCS DBI (Masimo, Irvine, CA, USA) pulse

oximeter was placed on the index �nger of the participant’s right hand. The ECG signal was

recorded at a sampling rate of ��� Hz, and the PPG signal at a rate of ��� Hz. The Stowood

device records triaxial acceleration at a rate of �� Hz. The three axes were combined using a

Stowood proprietary algorithm to give a single time series indicating participant movement.

The Visi-download software was used to download the data from the Stowood device onto a

dedicated workstation.

�.�.�.� A&D ABPM

Reference BP measurements were recorded using an A&D TM-���� ABPM (A&D Instruments,

Tokyo, Japan). The device also computed HR measurements at the times of cu� in�ation (HRCu�).

The correct cu� size for each participant was determined by measuring their left arm circumference.

The cu�was wrapped around the upper left arm of the participant directly above the brachial artery,

as recommended by the manufacturer [���]. The manufacturer provided proprietary software

to download data from the ABPM to a dedicated workstation.
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Table �.�: Demographics of the participants in the nABPM study.

Descriptor Value
Total number of participants ��

Male �
Female �

Age (years)� ��.� (��.�)
Height (cm)� ���.� (��.�)
Weight (kg)� ��.� (��.�)
Body Mass Index (kg/m2)� ��.� (�.�)
Total number of sessions ��
Average length of session (hours)� ��.� (�.�)
Average length of sleep (hours)� �.� (�.�)

� Participant-wise median (IQR).

�.�.� Cohort description

�.�.�.� Participant demographics

We recruited �� participants for our clinical study. We discarded the data from two participants.

For one participant, the pulse oximeter recording the PPG signal malfunctioned approximately

an hour into a session and, therefore, no PPG data was recorded for the remaining �� hours. For

the second participant, the Stowood device was turned o� while the participant was asleep. As a

result, we included data from �� participants in our dataset. The demographics of these remaining

participants are shown in table �.�. The recording time and reported periods of sleep for each

session are shown in �gure �.�. Aside from one notable exception, ����, participants largely

followed a similar protocol of equipment on and o� times and sleep times.

Figure �.�: Monitoring durations and periods of sleep for the �� participants in the nABPM dataset.
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�.�.�.� Recorded vital signs

The distributions of vital signs recorded in the nABPM study are provided in �gure �.�. Figure �.�(a)

shows the HR values from the two devices. As the AND device recorded vital sign measurements

at a much lower frequency (once every ��minutes during the day and hourly during the night), the

bin widths used for the histogram are much wider than those used for the Stowood device (where

HR measurements were reported �ve times a second). The boxplots, however, demonstrate that

similar distributions of HR values are observed between the two devices. Figure �.�(b) shows SpO2

computed by the Stowood �nger pulse oximeter. Figure �.�(c)-(e) show the distributions of SBP,

MAP and DBP respectively, all recorded by the ABPM. Figure �.�(f)-(h) show the distributions

of changes (�) in SBP, MAP and DBP respectively from their baseline values recorded during

the �-minute calibration period at the start of the study. Collectively, �gure �.�(c)-(f), show that

typically healthy ranges of BP were recorded, with a signi�cant variation in BP for each participant.
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Figure �.�: Distributions of recorded vital signs in the nABPM dataset. (a) HR values computed from
the Stowood and the ABPMdevices. Note the di�erences in bin widths as a result of di�erent sampling
frequencies. (b) SpO2 computed by the Stowood �nger pulse oximeter. (c)-(e) SBP, MAP and DBP
respectively, all recorded by the ABPM. (f)-(h) changes (�) in SBP, MAP and DBP respectively from
their baseline value recorded during the �-minute calibration period at the start of the study. The
boxplots show the mean and standard deviation.
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�.� Introduction

To develop our algorithms for cu�ess ambulatory blood pressure monitoring using the ECG and

PPG signals, a combination of di�erent signal processing, statistical analysis, and classical machine

learning (ML) methods were employed. In this chapter, we outline the essential methodology

used throughout this thesis. In sections �.� and �.�, methods speci�c to segmenting the cardiac

beats and establishing the signal quality indices respectively for the ECG and PPG are outlined.

Section �.� provide a background to regression and classi�cation tasks and the non-linear methods

implemented to address them. Section �.� introduces Shapley additive explanation (SHAP) values

as an approach towards model interpretability through assessing feature importance.

In appendices C and D we outline the additional methodology used in this thesis. All statistical

methods used to highlight statistical signi�cance are introduced in appendix C. Linear ML models

relevant to this thesis are outlined in appendix D.

�.� Segmentation of cardiac beats

The segmentation of cardiac beats in ECG or PPG signals relies on detecting �ducial points

within each waveform. Typically, high-frequency features (the QRS complex in the ECG and the

��
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onset of the PPG pulse) are easier to detect as they are less corrupted by low-frequency noise

such as movement related to breathing.

�.�.� Segmentation of the electrocardiogram

The ECG waveform morphology has been outlined in section �.�. Detection of the QRS complex

is performed using the well-known Pan-Tompkins algorithm [���]. We additionally outline details

of the Zong et al. [���] QRS detector given its role (alongside the Pan-Tompkins algorithm) in the

derivation of ECG signal quality indices. Both algorithms detect the QRS complex using adaptive

thresholding on a preprocessed ECG signal, ECG�lt. In both cases, ECG�lt was derived in order to

enhance the features of the QRS complex�. The location of the QRS complex was then determined

as the point where ECG�lt exceeded a given threshold. For QRS detection to be performed

accurately even when the ECG amplitude has changed, an adaptive threshold was implemented.

In this thesis, learning periods distributed across each recording were used to determine the

initial threshold value and the orientation of the ECG waveform. The ECG waveform may be

inverted if the electrodes are connected to the wrong ports on the ECG measuring device. This

was relatively common in the MIMIC dataset as data collection occurred during routine care in

the ICU. For long recordings (��-hour recordings in MIMIC and nABPM), ten learning periods of

� minutes in length, evenly distributed over the entire recording, were used. For short recordings,

(��-minute recordings in MOLLIE dataset), the entire recording was used as the learning period.

�.�.�.� Pan-Tompkins

The Pan-Tompkins QRS detection algorithm is based on digital �ltering and integration techniques

[���]. The preprocessing steps to compute ECG�lt consist of: �ltering, di�erentiation, squaring,

moving window integration, and �nally median �lter smoothing [���]. For a clean ECG time

series, the resulting ECG�lt signal reaches its maximum around the time of the QRS complex.

Adaptive �ltering was then performed to detect the QRS complexes. First, the time series of

mean ECG�lt values over all learning periods was obtained. The threshold was then set as twice

the median value over this time series. The orientation of the ECG waveform was determined

by �nding the crossings of ECG�lt over all of the learning periods with the threshold. The sign

(positive or negative) of the point at which the absolute value of the ECG between the thresholds

was at its maximum was used to determine the orientation of the ECG.
�In order to not introduce unnecessary phase delays between waveforms (which would signi�cantly impact any

transit time computations) all �ltering in this thesis was performed using zero-phase �lters by processing the data in
both the forwards and reverse directions.
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The R-peak was identi�ed as the maximum value (or minimum value if the ECG waveform

was inverted) in the ECG when ECG�lt exceeded the threshold. A local search strategy was then

applied to determine the location of the Q and S waves. To avoid missing beats, the threshold was

reduced by half if the inter-beat (RR) interval between successive R-peaks was larger than twice

the median of the RR intervals of R-peaks already detected. To reduce the possibility of multiple

contiguous beat detections, a refractory period of ��� ms was introduced after a beat was detected.

�.�.�.� Zong et al.

The Zong et al. QRS detection algorithm is based on the curve-length transform (LT) [���]. Initially,

ECG�lt was formed by a sequence of: �ltering, di�erentiation and squaring. The curve length

transform (LT ) of ECG�lt over an interval [i ≠ w, i] was de�ned as:

LT (w, i) =
iÿ

k=i≠w

Û

1 + (ECG
�lt

k ≠ ECG�lt
(k≠1)

�t
)2�t (�.�)

where �t is the sampling interval and w was chosen to be the maximum duration of the QRS

complex, taken to be ���ms, [���].

The initial threshold was set to be the mean of the LT signal over the learning periods. The

threshold was dynamically adjusted to �/� of the median of the maximum LT values for the detected

QRS complexes in a ��-second window. For each threshold-crossing point, the algorithm searched

backwards to �nd a Q point and forward to �nd an S point. The R-peak was de�ned as the

maximum (or minimum if the ECG waveform was inverted) of the ECG signal between each pair

of Q and S points. To reduce the possibility of multiple contiguous beat detections, a refractory

period of ��� ms was introduced after a beat was detected.

�.�.� Segmentation of the photoplethysmogram

Villarroel et al. [���] designed a robust beat onset detection algorithm for pulsatile signals known

as the Boxed Slope Sum Function (BSSF). The algorithm builds on the Slope Sum Function (SSF)

work from Zong et al. [���] by adaptively tracking the upslopes of the signal. SSF enhances

the slope of the pulse and suppresses the remainder of the waveform. Given xk as the PPG

signal at time k, the SSF was de�ned as:

SSF(i) =
iÿ

k=i≠w

uk, uk =
Y
]

[
�xk if �xk > 0
0 if �xk Æ 0

(�.�)

where w is the analysis window length and �xk = xk ≠ xk≠1. The window length w was

chosen to be the typical duration of the upslope of the pulse, w = ���.� ms.
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The boxed slope sum function (BSSF) was computed from the SSF signal by �nding the zero-

crossing points at the beginning of the upslope and at the end of the downslope for each pulse.

Adaptive thresholding and a decision rule were applied to the upslope points in the BSSF signal

(uBSSF) to identify the onsets of each PPG beat [���].

�.� Signal quality indices

A SQI of the ECG and PPG waveforms (SQIECG and SQIPPG respectively) is a beat-by-beat

assessment indicating a degree of con�dence that each signal is recording its respective physiological

process, i.e. that the signal is not corrupted with some degree of noise. The SQI is a number that

varies between � and � (inclusive), representing a poor-quality or good-quality beat respectively.

�.�.� Signal quality index for the electrocardiogram

The derivation of SQIECG followed the work of Li et al. [���]. The overall SQIECG was computed

for each ECG beat by combining the following metrics: the agreement of multiple beat detection

algorithms (SQIbECG); the kurtosis of the waveform (SQIkECG); the instantaneous heart rate (IHR)

computed using the interval between adjacent R-peaks (SQIfECG); and the analysis of the signal-

to-noise ratio of the ECG signal (SQISNRECG).

�.�.�.� Beat detection agreement (SQIbECG)

Di�erent QRS detection algorithms are susceptible to di�erent forms of noise. Variations in the

detected R-peaks of multiple algorithms can, therefore, indicate the presence of signal artefacts

in the ECG signal. SQIbECG employs two di�erent beat detectors: the Pan-Tompkins [���] and

Zong et al. [���] QRS detectors (described in section �.�.�). Both algorithms have shown high

accuracy in previous studies using the single-channel ECG records in the MIT-BIH Arrhythmia

database [���]. SQIbECG was de�ned as:

SQIbECG(k) = Nmatched(w)
Nall(w)

(�.�)

where w is a ��-second window centred on the kth beat. Nmatched(w) is the number of beats for

which both methods agree, within ��� ms as recommended by ANSI/AAMI [���], and Nall(w)

is the number of all beats that both algorithms detected minus Nmatched(w).
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�.�.�.� Kurtosis (SQIkECG)

From the central limit theorem, random uncorrelated processes, such as thermal noise, tend to

have Gaussian distributions. Kurtosis (which measures the relative "tailedness" of a distribution)

provides a metric of how Gaussian-like the ECG trace is and thus the presence of common forms

of noise such as muscle artefact or mains interference. The kurtosis (Kurt) of an ECG signal

segment, x, within the window w of length ��-seconds centered on the kth beat was de�ned as:

Kurt(x) = 1
Nx

q
Nx
i=1(xi ≠ µx)4

‡4
x

(�.�)

where Nx, µx and ‡x are the length, mean and standard deviation of x respectively. Kurt

of a Gaussian-like distribution is approximately �. Kurt of a clean ECG trace in normal sinus

rhythm has been shown to exceed � [���]. Therefore, SQIkECG was de�ned as:

SQIkECG(k) =
Y
]

[
1 if Kurt(x) > 5
0 otherwise

(�.�)

�.�.�.� Frequency bounding (SQIfECG)

Errors in beat detection resulting from noise can be assessed based on whether the computed

IHR falls within a physiological range. The physiological range for HR was taken to be between

�� and ��� beats/min. This range covered the HRs computed by the reference monitors in all

datasets outlined in chapter �. IHR was computed as the time di�erence between consecutive

R-peaks detected using the Pan-Tompkins QRS detector (see section �.�.�.�). Given IHR(k) as

the instantaneous heart rate of the kth beat, SQIfECG was de�ned as:

SQIfECG(k) =
Y
]

[
1 if 30 Æ IHR(k) Æ 200
0 otherwise

(�.�)

�.�.�.� Signal to noise ratio (SQISNRECG)

SQISNRECG measured the strength of the signal carrying cardiac information. Since the spectrum

of the ECG is concentrated below �� Hz [���], the ratio of the information in this band to the

overall signal provides a measure of the overall signal-to-noise ratio (SNR). Given an ECG signal

segment, x, within window w centred on the kth beat, x�lt was computed using a Butterworth

in�nite impulse response (IIR) �th -order band-pass �lter with cut-o� frequencies of �.� and

�� Hz. The SNR was de�ned as:

SNR(k) = 10log10
Var(x�lt)

Var(x ≠ x�lt) (�.�)
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where Var(·) computes the variance. A high SNR implies that the signal contains a strong amount

of cardiac information. Therefore, SQISNRECG was de�ned as:

SQISNRECG(k) =

Y
__]

__[

1 if SNR(k) Ø 10
SNR(k)

10 if 0 Æ SNR(k) Æ 10
0 otherwise

(�.�)

�.�.�.� Combined electrocardiogram signal quality index (SQIECG)

The combined ECG SQI, SQIECG, of the kth beat was calculated as:

SQIECG(k) =
Y
]

[
SQIbECG(k) · SQIfECG(k) · SQISNRECG(k) if SQIkECG(k) = 1
SQIbECG(k) · SQIfECG(k) · SQISNRECG(k) · ÷ if SQIkECG(k) = 0

(�.�)

where ÷ is a coe�cient denoting the presence of statistical noise which was determined to be

present whenever the kurtosis of the signal was lower than � [���]. The value of ÷ was chosen

to be �.�. Figure �.� shows two examples of the computation of SQIECG from data collected

from the same participant in the nABPM study. Figure �.�(b) was gathered during a transient

period of movement from the participant, resulting in a poor agreement between the two beat

detectors and as a result, a low overall SQIECG.

�.�.� Signal quality index for the photoplethysmogram

The derivation of SQIPPG follows the work of Villarroel et al. [���] and Li et al. [���]. The overall

SQIPPG was computed for each PPG beat by combining the following metrics: an assessment of clip-

ping in the signal (SQIcPPG); sharp changes in amplitude (SQIaPPG); IHR outside of the physiological

bounds (SQIfPPG); and the deviation of beats from running-average window template (SQIDTWPPG ).

�.�.�.� Clipping detection (SQIcPPG)

Clipping generally occurs as a result of motion artefacts. Signal clipping can be detected when

the absolute value of the �rst derivative falls below a given threshold. Given that Nlength(k) is

the length of the kth PPG beat and Nclipped(k) is the amount of the absolute �rst derivative of

the kth beat that falls below a clipping threshold of �.�, the SQIcPPG of the kth beat was set to �

when more than one-third of the �rst derivative was clipped:

SQIcPPG(k) =
Y
]

[
1 if Nclipped(k)/Nlength(k) Æ 1/3
0 otherwise

(�.��)
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(a) (b)

Figure �.�: Example SQIECG computation for two ��-second ECG signals. Both examples are from
the same participant in the nABPM study. (a) Period of good-quality data where all SQI metrics are
high. (b) ECG signal recorded during a transient period of movement, resulting in a poor agreement
between the two beat detectors and as a result, a low overall SQIECG. PT peaks and Zong peaks are
ECG R-waves detected using the Pan-Tompkins and Zong et al. algorithms respectively.

�.�.�.� Amplitude thresholding (SQIaPPG)

Amplitude thresholding was performed to indicate sudden changes in the amplitude of the PPG

signal. Given a PPG signal segment, x, within a window, w, of length ��-seconds centred on the

kth beat with a corresponding amplitude zk, SQIaPPG(k) was de�ned as:

SQIaPPG(k) =
Y
]

[
1 if µx ≠ (3 · ‡x) < zk < µx + (3 · ‡x)
0 otherwise

(�.��)

where µx and ‡w are the mean and standard deviation of x respectively.

�.�.�.� Frequency bounding (SQIfPPG)

Similar to SQIfECG, frequency bounding determined whether the IHR fell within a valid physiolog-

ical range, taken to be between �� and ��� beats/min as before. For the PPG, IHR was estimated

as the time di�erence between successive beat onsets detected using the BSSF algorithm (see

section �.�.�.�). Given IHR(k) as the instantaneous heart rate of the kth beat, SQIfPPG was de�ned as:
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SQIfPPG(k) =
Y
]

[
1 if 30 Æ IHR(k) Æ 200
0 otherwise

(�.��)

�.�.�.� Dynamic Time Warping (SQIDTWPPG )

Dynamic time warping (DTW) is a time series technique used to determine a distance (or a

degree of similarity) between two signals based on the best possible alignment between the two

[���]. Importantly, DTW is able to compute a metric of similarity for a time series whose period

changes over time. As a result, DTW was ideal for computing how similar PPG beats were

even when the HR changed [���].

The algorithm starts by constructing a beat template, y, over a ��-second window by averaging

all beats that fall within the window. Once a template has been computed for a given window,

the DTW algorithm was used to compute the distance between the kth PPG beat, x, of length

Nx within the current window and the corresponding window template, y, of length My . DTW

�nds the optimum warping path, p = {p1, p2, ..., pL} of length L, between the beat and the

template. To achieve this, a Nx · My cost function, c(x, y) was constructed whereby each element

(i, j) de�nes the corresponding local distance between x(i) and y(j). The cost has a small value

if x(i) and y(j) are similar to each other, and a large value if they are di�erent. DTW was then

computed by determining the path, p that minimises this cost as:

DTW (x, y) = arg min
p

Lÿ

l=1
c(xnl, yml) (�.��)

where nl and ml de�ne the warping path for x and y respectively.

The classical DTW algorithm is computationally expensive as it needs to evaluate every possible

warping path in order to obtain an optimal alignment. Therefore, multi-scale dynamic time

warping for pulsatile signals was performed to re�ne the search space for the optimum alignment

between the two time-series. Multi-scale DTW is described in more detail together with its

mathematical derivations in [���].

A good-quality beat will have a low DTW value such that it has a similar shape to the average

beat in the time window. SQIDTWPPG was de�ned as:

SQIDTWPPG (k) = 1 ≠ DTW (x, y)
100 (�.��)
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�.�.�.� Combined photoplethysmogram Signal quality index (SQIPPG)

The combined PPG SQI, SQIPPG, of the kth beat was derived by multiplying all the SQI metrics to-

gether:

SQIPPG(k) = SQIcPPG(k) · SQIaPPG(k) · SQIfPPG(k) · SQIDTWPPG (k) (�.��)

Figure �.� shows two examples of the computation of SQIPPG for the same participant in the

nABPM study.

(a) (b)

Figure �.�: Example SQIPPG computation for two ��-second PPG signals. Both examples are from
the same participant in the nABPM study. (a) Period of good-quality data where all SQI metrics
are high. (b) PPG signal recorded while the participant was on the computer, the sudden spikes are
the result of the index �nger being used to click on a mouse. This is shown by the sudden change in
amplitude which is detected by SQIaPPG and as a result, a low overall SQIPPG.

�.�.� Combined signal quality index for the electrocardiogram and photo-
plethysmogram

During recording periods with synchronous ECG and PPG signals, di�erences in the measured

cardiac frequency can indicate the presence of noise in at least one of the signals. HR values

were computed for each signal separately (labelled HRECG and HRPPG respectively) using the

average of the IHR within a sliding window, w, of length �� seconds and step size of �� seconds.

Only beats of good quality (de�ned as having an SQI > � for both signals) were included in the
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analysis. If |HRECG(w)≠HRPPG(w)|was greater than a threshold of � beats/min (the ANSI/AAMI

maximum HR measurement error for cardiac monitors [���]) then the SQI for all ECG and PPG

beats that fall within w was set to �. Figure �.� outlines this process when computed using

data from the nABPM study.

(a)

(b)

(c)

(d)

(e)

(f)

Figure �.�: Overview of steps for computing the combined SQI for the ECG and PPG. Data comes
from a participant in the nABPM study over � hours. (b) Recorded ECG signal, periods of poor
quality (SQIECG = �) are removed. (a) Recorded PPG signal, periods of poor quality (SQIPPG = �)
are removed. (c) HR estimates from the two signals are computed using the mean IHR within the
window w. (d) The absolute di�erence between HRECG and HRPPG. Periods where the absolute
di�erence exceeds the � beats/min threshold are shown in red. (e) Updated SQIECG using the absolute
di�erence between the two HRs. (f) Updated SQIPPG using the absolute di�erence between the two
HRs.

�.� Non-linear machine learning methods

ML describes the process of estimating a response variable, y, (with N observations), from some

measured data, X , (N observations each of dimension M ). X can also be known as a feature set

with M features. The estimated response variable, ŷ, is a function of the feature set: ŷ = f(X).
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The parameters de�ning f(·) are determined by optimising some loss function that minimises

an appropriate error between y and ŷ using training data. There are two main machine-learning

tasks: regression and classi�cation. In regression, y represents a continuous variable, whereas in

classi�cation, y represents a discrete variable. We use xi to represent the ith observation of all

features and xij to represent the datapoint of the ith observation of the jth feature.

Linear ML models, in which the response is estimated using a weighted linear combination

of the predictor variables, are outlined in appendix D. In non-linear modelling, the response is

estimated using a non-linear combination of the predictor variables. Many di�erent non-linear

algorithms exist, however in this thesis, we focus on random forests (RFs), which are formed of

a large ensemble of decision trees (see �gure �.�).

Figure �.�: Depiction of a random forest model constructed from a large ensemble of ’weak’ decision
trees. Each decision tree is trained on a bootstrap sample of the total features in the dataset. The
predictions from all trees {ŷ1, ŷ2 . . . } are then aggregated to form the �nal prediction ŷ.

�.�.� Decision trees

A single decision tree consists of a series of nodes and branches arranged in a hierarchical structure.

From the �rst ’parent’ node a binary decision is made regarding a particular feature input. For

example, the splitting criterion may be whether a particular feature is greater than ��. From each

node, two branches are formed which represent alternative responses to the splitting criterion.

At the end of each branch is a child node with its own splitting criterion. These child nodes in

turn become parent nodes and so on until reaching a �nal set of terminating leaf nodes.

Training a decision tree de�nes the di�erent splitting criteria at each node as well as the tree

structure (how many nodes). For the nth node, the splitting criterion is de�ned as the one that

maximises the decrease of some impurity measure i(n). This decrease is computed as:

�i(n) = i(n) ≠ p(nL)i(nL) ≠ p(nR)i(nR) (�.��)
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where nL and nR indicate the children nodes of n on the left and right branches. p(n) = N(n)/N

is the proportion of the total number of data points (N ) at node n. For classi�cation tasks,

Gini impurity [���] is used as i(n). For regression tasks, the summed squared error is used

[���]. A tree is typically expanded until all leaves are pure (i.e each node can only have one

possible class in it) or until all leaves contain fewer than the minimum number of samples in

a partition required to split a node.

�.�.� Random forest

Despite techniques such as pruning, which reduce the complexity of a tree, decision trees are

susceptible to over�tting [���, ���]. RFs, therefore, build a large ensemble of ’weak’ decision trees

and aggregate the results of all of the trees to make the �nal prediction. Each individual tree is

trained on a bootstrap sample (sampling with replacement) of features. For each node, the optimum

splitting criterion is determined from a random subset of the features available. Once all trees

have been grown, the results of the ’weaker’ trees are aggregated to make the �nal prediction, ŷ.

Classi�cation predictions are formed as the majority predicted class label. Regression predictions

are formed as the mean of the predicted response across all trees. Typically, RF models are not

very sensitive to the choice of the number of trees (labelled N trees), provided it is su�ciently high

[���]. In this thesis, N trees was kept at ���. However, the number of features randomly selected

for each node (labelled mtry) was optimised for each problem addressed in the thesis.

�.�.� Mixed e�ects random forest

In cases involving repeated measures (such as multiple tests taken from the same group/subject),

there is likely to be an inter-dependency of the observations on the particular groups. An extension

of the RF model that accounts for dependence between groups of data is the mixed e�ects random

forest (MERF) model introduced by Hajjem et al. in ���� [���]. Mixed e�ect random forest

models are so called as they separate the terms into �xed-e�ects (which are equivalent to a non-

linear RF, f(X), outlined above), and random-e�ects (which denote the additional group-speci�c

variation). This approach allows each group, g, to have its own intercept (ug

0) and slope (ug

1)

for features that are de�ned to be random e�ects:

yg

i
= f(xg

i
)

�xed-e�ect

+ ug

0 + ug

1xg

i1 + ug

1xg

i3 + · · · + ‘g

i

random-e�ect

(�.��)

where ui de�nes the random e�ects. The superscript g denotes all observations in the gth group

cluster. Note in equation (�.��) that not all features in X have random e�ects. Indeed, features
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that are not included in X may also be included in the random e�ect structure. In matrix

notation, this can be written as:

yg = f(Xg) + Zgug + ‘g (�.��)

where u is the vector of q random e�ects, and Z is the design matrix de�ning the random e�ects.

ug and ‘g are assumed to follow a Normal distribution:
C
ug

‘g

D

≥ N (
C
0
0

D

,

C
G 0
0 ‡2

‘
I

D

) (�.��)

where G is the covariance matrix of the random e�ect parameters.

An expectation-maximisation (EM) technique is used to �t MERF with the aim of determining

estimates for f(·), ui, G, and ‡2
‘
. EM is an iterative alternative optimisation procedure where for

each iteration one parameter is optimised in turn while the others remain �xed. Full details of

the EM algorithm are provided in [���]; here we brie�y overview the main steps.

The initial conditions are set as ug = 0, G = I , and ‡2
‘

= 1. For each iteration, the EM steps

are:

• Fix ug . Compute yg

ú = yg ≠ Zgûg . Fit a RF, f(X) with yg

ú as the corresponding training

set responses.
• Fix f(·), G, and ‡‘. Optimise to �nd ug . There is a closed-form solution.
• Fix f(·), and ug . Optimise to �nd G and ‡‘. Again, there is a closed-form solution.

EM is iterated until the maximum number of iterations is met. In this thesis, we set the

maximum number of iterations to be ��� as recommended [���].

To predict the response for a new observation i that belongs to a cluster g among those used to

�t the MERF model, we use both its corresponding population-averaged RF prediction, f(xg

i
),

and the predicted random part corresponding to its cluster, Zgug

i
.

�.� Shapley additive explanation values

ML model interpretation is typically performed by establishing the importance of each feature

towards model predictions. We assessed the importance of each feature in our models through

SHAP values [���]. SHAP values, „j , represent the marginal contribution of each feature to

individual model predictions. For a given ML model f(·), the marginal contribution of the jth

feature is computed through the di�erence in model outputs when trained with that feature

compared to when trained without it, f(zi fi {xij}) ≠ f(zi), where zi is a subset of features in

xi not including xij (zi ™ xi \ {xij}). Since the impact of adding a feature can depend on the
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other features in the model, „j is computed as the weighted sum of marginal contributions of

the jth feature over all possible subsets zi ™ {xi1, . . . xiM} \ {xij}:

„j(f, xi) =
ÿ

zi™xi\{xij}

|zi|!(M ≠ |zi| ≠ 1)!
M ! (f(zi fi {xij}) ≠ f(zi)) (�.��)

where |zi| is the number of features in zi. As most models cannot handle missing data, SHAP

values are computed by replacing f(·) in equation (�.��) with fx(·), a conditional expectation
function of the original model. This step equates to replacing each missing feature with a random

value representative of the data over which the original model was trained. Repeating this process,

and averaging the results integrates out the missing value. It is demonstrated in [���] that SHAP

values computed in this manner correspond to the only method of assessing feature importance

that satis�es three desirable properties known as local accuracy, missingness, and consistency.

A result of these properties is that for a complex, non-linear, model such as RF, a simpler

explanation model fe(·) can be approximated through the linear combination of SHAP val-

ues across all features:

fe(xi) = „0 +
Mÿ

j=1
„j (�.��)

where „0 is the expected model value over the training set. Equation (�.��) allows for local

interpretability of model outputs by examining each feature’s SHAP value for a given estimation.

As SHAP values are computationally expensive to estimate (there are 2M distinct permutations

of feature values), typically approximations of SHAP values are computed through KernelSHAP

or TreeSHAP (for tree-based models) implementations. These techniques were implemented

using the SHAP Python library [���, ���].
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�.� Introduction

One of the most promising cu�ess surrogate measures of BP is the PAT, computed as the time

delay between characteristic �ducial points of the ECG and the PPG signals. However, there

are several potential limitations to its use in BP monitoring. PAT includes the PEP component,

which could make PAT an unreliable surrogate of BP. Additionally, it remains unclear whether

the requirement for individual calibration can be circumvented using population-based, hybrid

calibration strategies [�]. These issues are explored in depth in this chapter.

��
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Figure �.�: Schematic overview of the methodology to estimate blood pressure using transit times.
Data was gathered from the �� participants of the MOLLIE study in which three di�erent devices
(Philips, Stowood, and Cardioscreen) were used to estimate the reference BP signal, PAT, and PEP
respectively. Finally, we estimated BP values using the TTs.

�.� Methods overview

Data was gathered from the �� participants in the MOLLIE clinical study (see section �.�) for

whom BP changes were induced by the infusion of phenylephrine. Figure �.� provides a schematic

overview of the methodology employed in this chapter. BP values were recorded by a Philips patient

monitor using a sphygmomanometer cu� wrapped around the upper left arm of the participant.

The BP time series were subsequently smoothed and interpolated, using a cubic smoothing splines

algorithm, to mitigate the e�ects of noise and to provide reference BP values at a rate of once per

minute. Beat-by-beat PAT values were computed using the ECG and PPG waveforms recorded by

the Stowood device. The algorithm developed as part of this thesis research focuses on detecting

and handling periods of low signal quality which are often overlooked in the literature. Beat-by-

beat PEP estimates were computed using the ECG and thoracic bioimpedance (Z) signals recorded

by the Cardioscreen monitor. PTT was computed as the di�erence between PAT and PEP. Finally,

estimates of BP were computed using the TT values.

�.� Computing reference blood pressure values

Measurements of SBP, MAP, and DBP using sphygmomanometer cu�s have known limitations

depending on posture, cu�-in�ation hypertension, and cu� size [���, ���]. The sphygmomanometer

cu� used in our study was programmed to in�ate once per minute. However, errors in cu� in�ation
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prevented the Philips device from registering an accurate estimate on every occasion, resulting

in missed data points in the recorded BP time series. Data recorded from the cu� was, therefore,

both noisy and sparse. In order to reduce the impact of these sources of error, we processed

the cu� data using a cubic smoothing splines algorithm [���]. This allowed for both �ltering

and interpolation of the noisy blood pressure readings to generate a smoothed time series at a

sampling frequency (fBP) of �/�� Hz (once per minute).

For each participant, let the ith BP observation, yi, at time ti be modelled by the relation:

yi = f(ti) + ‘i, i = {1, . . . , Nmeas} (�.�)

where Nmeas is the number of BP measurements recorded for a participant. ‘i forms a sequence of

independently distributed random variables with zero mean. Cubic smoothing splines de�ne an

estimate, f̂ , of f that equates to a cubic spline with knots (transition points) at f(ti). At these

transition points, the values of f̂ , f̂ Õ, and f̂ ÕÕ (where f Õ and f ÕÕ denote the �rst and second derivative

of f respectively) all match. The exact form of f̂ is determined by minimising a loss LBP:

LBP = ⁄
Nmeasÿ

i=1
(yi ≠ f̂(ti))2 +

⁄
tNmeas

t1
f̂ ÕÕ(t)2dt (�.�)

The �rst term of equation (�.�) imposes a penalty for the squared distance between observed BP

values, yi, and smoothed values f̂(ti). The second term imposes a penalty for the complexity of f̂ ,

modelled as the accumulated second derivative of f̂ . ⁄ is a constant that de�nes the relative weight

placed on minimising the residual sum of squares against the complexity of f̂ . A very low value of ⁄

will result in the regressed function converging to a linear least squares estimate. A very high value of

⁄ will result in the smoothing spline converging to a cubic spline that passes through all data points.

As all participants were under the same protocol, we implemented a ⁄ value for SBP, MAP, and

DBP (⁄SBP, ⁄MAP, and ⁄DBP respectively) that was common among participants. Each respective

⁄ value was determined by extending the ordinary cross-validation strategy proposed in [���]

by a grid search across the log-scaled range [10≠3, ..., 108]. For each participant, the leave-one-

out (LOO) RMSE was computed across the entire ⁄ range. The ⁄ value that minimised the

participant-wise average LOO error was implemented. Figure �.� shows the original observations

of the BP cu� data and the processed BP data sampled at �/�� Hz (once per minute), for a

typical participant in the study.
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(a) (b) (c)

Figure �.�: Computing reference BP measurements using cubic smoothing splines, (a)-(c) for SBP,
MAP and DBP respectively. The original data was both noisy and sparse. Our proposed algorithm
was able to provide a smoother pro�le and interpolate the missing data to provide a reference BP
measurement once per minute.

�.� Estimating pulse arrival time

PAT was estimated using the ECG and PPG signals recorded by the Stowood device. The R-

peak (point of left ventricular depolarisation) of the ECG waveform and the foot of the PPG

waveform (recorded using the pulse oximeter attached to the participant’s �nger) were used as

the proximal and distal sites respectively. For both signals, accurate segmentation and labelling of

the cardiac beats was required. Additionally, assessing the quality of the ECG and PPG signals

(SQIECG and SQIPPG respectively) was important as data corrupted by noise or motion artefacts

is often di�cult to avoid during continuous recordings.

To suppress the impact of baseline wander, the ECGwas �ltered using an �th-order Butterworth

in�nite impulse response (IIR) high-pass �lter with a cut-o� frequency of �.� Hz. To suppress

power-line interference, a �nd-order IIR notch �lter with a centre frequency of ��Hz (the frequency

of mains power in the UK) was used. The QRS complex of the ECG was detected using the Pan-

Tompkins algorithm [���] (see section �.�.�.�). The quality of the ECG, SQIECG, was computed

using the methods outlined in section �.�.�.

The PPG signal was �ltered using an �th-order Butterworth IIR band-pass �lter with cut-o�

frequencies of �.� Hz and �� Hz as recommended in [��]. Cardiac beat onsets were detected from

the PPG using the Boxed Slope Sum Function outlined in section �.�.� [���]. The intersecting

tangents method was used to de�ne the location of the foot of the PPG, as is done commonly

in the literature [���, ���, ���]. This point is de�ned by the intersection of the tangent to the

maximum gradient of the upslope of the PPG and the horizontal tangent from the onset value of

the waveform. The quality of the PPG signal, SQIPPG, was computed using the methods outlined

in section �.�.�. As both the ECG and the PPG signals were recorded simultaneously, SQIECG and

SQIPPG were further adjusted with the combined SQI outlined in section �.�.�.�.
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PAT was estimated as the time delay between a proximal ECG R-peak and a distal PPG foot

prior to the following ECG R-peak. If there were either none or more than � PPG beat located

between two successive R-peaks, this indicated an error in the beat detection algorithm (for either

the ECG or the PPG) and no PAT value for that beat was computed.

�.�.� Pulse arrival time signal quality index

The quality of the PAT signal will naturally depend on the degree of con�dence of the detected

proximal ECG R-peak and the distal PPG foot. The ECG waveform morphology may be corrupted

by electrical activity of the muscles or power line interference [���]. The PPG waveform may

be corrupted by motion artefacts caused by movement of the �ngers. Additionally, as PAT was

computed from two independent waveforms located separately on the body, the susceptibility

to noise due to (but not limited to) motion artefacts, was high.

Despite this, a signi�cant proportion of work described in the literature does not document

any attempt to reduce the impact of low signal quality on PAT estimates. In this work, the SQI

for each PAT beat (SQIPAT) was calculated as a combination of outlier detection from the PAT

time series and the SQI metrics of the proximal ECG beat and distal PPG pulse.

�.�.�.� Outlier detection (SQIoPAT)

Outliers in the PAT time series can result from noise, errors in the beat detection algorithms used,

motion artefacts or other errors arising from issues relating to sensor attachment. Outliers were

detected by constructing a moving-average window, w, of size �� seconds and step �� seconds, in

which each PAT beat was given a score based on its deviation from the average of the window. To

mitigate the in�uence of outliers, the average of the window was computed as the median, medw,

and the deviation was computed as the median absolute deviation, MADw [���, ���]. The outlier

SQI (SQIoPAT) was calculated for the kth PAT beat in the sliding window as:

SQIoPAT(k) =
Y
]

[
1 if medw ≠ (3 · MADw) < PATk < medw + (3 · MADw)
0 otherwise

(�.�)

�.�.�.� Combined pulse arrival time signal quality index (SQIPAT)

The SQI of each PAT beat was subsequently computed as:

SQIPAT(k) = SQIoPAT(k) · min(SQIECG(k), SQIPPG(k)) (�.�)
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�.�.� Kalman �lter

Kalman �ltering was applied to adjust beat-by-beat PAT values based on their signal quality,

as previously described by Zhang et al. [���]. The Kalman �lter is an algorithm to compute an

estimate of the current state, xk (representing the true, underlying, PAT signal), at time point k

of a linear dynamic system as a weighted average of the system’s previous state estimate and the

current measurement, zk (representing the estimated PAT values, which may contain a signi�cant

degree of noise). This reduces the impact of transient changes from noise and motion artefacts.

The Kalman �lter is a recursive estimator consisting of two stages: the prediction stage and the

update stage. Full details of the Kalman �lter algorithm can be found in [���]. We implemented

a Kalman �lter for a one-dimensional signal (the PAT time series), following the work of Li et

al. [���] and Tarassenko et al. [���]. The prediction and update equations were:

Prediction stage:

x̂≠
k

= x̂k≠1 (�.�)

P ≠
k

= Pk≠1 + Q (�.�)

Update stage:

Kk = P ≠
k

(P ≠
k

+ Rk)≠1 (�.�)

x̂k = x̂≠
k

+ Kk(zk ≠ x̂≠
k

) (�.�)

Pk = (1 ≠ Kk)P ≠
k

(�.�)

where x̂≠
k
and x̂k≠1 are the prior and posterior state estimates for the kth and (kth ≠1) PAT

beat respectively. P ≠
k
and Pk are the prior and posterior error variances respectively. Kk is the

Kalman gain that minimises the posterior error variance. Q is the state noise variance, Rk is

the measurement noise variance.

Equation (�.�) states that we assume the PAT estimate at each time step is equal to the estimate

at the previous time step. Variation in the PAT time series was then modelled by assigning a value

of � to Q. Similar to [���], in order to assign a higher weight to PAT estimates of good-quality,

Rk was modi�ed using the equation:

Rk = exp( 1
SQIPAT(k)2 ≠ 1) (�.��)

In this instance, each newmeasurement of beat-by-beat PAT, zk, was updated based on its respective

SQIPAT(k). Figure �.� provides an overview of PAT processing, including the e�ect of Kalman

�ltering on two di�erent time scales. As the participants remained supine and still for the

duration of the study, the signal quality indices remained high with occasional periods of � often

caused by a participant’s �nger twitching.
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Figure �.�: Overview of the steps for computing beat-by-beat PAT time series across a typical ��
minutes of data recorded in the MOLLIE study. (a) ECG time series and R-peaks. (b) PPG time
series and tangent foot locations. (c) Computed beat-by-beat PAT and the impact of including
Kalman �ltering. (d) SQIPAT. (e)-(h) repeats these plots for a zoomed-in ��-second portion of data
(highlighted in yellow in (a)-(d)).
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�.� Estimating pre-ejection period

PEP was estimated using the ECG and bioimpedance (Z) signals recorded by the Cardioscreen

monitor. The ICG signal was computed from Z using a �th-order Savitzky-Golay derivative �lter.

Savitzky-Golay �lters [���] are digital smoothing �lters computed by �tting a qth degree

polynomial to sliding windows of data. The Savitzky-Golay �lter can additionally provide a

smooth approximation for the derivative of the signal, obtained by di�erentiation of the �tted

polynomial rather than the original data [���]. Their smoothing properties make Savitzky-Golay

�lter derivatives preferable to point di�erences when there is a high level of noise present in

the signal [���]. When the data points are evenly spaced, an analytical solution can be found

such that the derivative of the smoothed signal, ỹÕ, can be determined through convolution of

the original signal, y, with the �lter coe�cients, C .

ỹÕ
j

=
(m+1)/2ÿ

i=≠(m≠1)/2
Ci · yj+i, j = {m + 1

2 , . . . , Nsig ≠ m + 1
2 } (�.��)

where Nsig is the number of datapoints in the signal, m is the �lter window size equal to q + 1. In
practice, q is chosen as a trade-o� between noise reduction and resolution loss. High values of q

are more e�ective at removing noise, but at the expense of distorting small details too much [���].

For a �th-order �rst derivative, the �lter coe�cients are [���]:

C = 1
21[≠2, 3, 6, 7, 6, 3, ≠2] (�.��)

As is commonly done in the literature [���, ���], to remove the in�uence of high-frequency

noise (such as mains interference) and low-frequency drift (such as respiration), the ICG signal was

band-pass �ltered using a �th-order Butterworth IIR �lter with cut-o� frequencies set at �.� Hz

and �� Hz. The location of the R-peaks and beat-by-beat SQI of the ECG signal were computed

using the steps outlined in the previous sections describing PAT estimation. The location of the

R-peaks of the ECG de�ned the onsets of the beats in the ICG signal.

�.�.� Impedance cardiogram signal quality

As the ICG signal is particularly vulnerable to noise, such as motion [���], an adequate signal

quality metric was vital for PEP estimation. The overall SQI for the ICG (SQIICG) was computed

for each beat by combining two metrics: activity index (SQIActICG), and the deviation from an

ensemble average (SQIEAICG).
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�.�.�.� Activity index (SQIActICG)

The activity index (Act), initially proposed by Forouzanfar et al. [���], indicates variations in the

ICG waveform over a cardiac cycle. For the kth ICG beat, Â, of length NÂ, Act was de�ned as:

Actk =
ı̂ııÙ 1

NÂ

NÂÿ

j=1
( Âj

Ca

≠ µk)2 (�.��)

where Ca was de�ned as the median amplitude of all ICG beats in the recording. µk was computed

as:

µk = 1
NÂ

NÂÿ

j=1
( Âj

Ca

) (�.��)

Very low values of Act indicate ICG beats with very little variation, likely to be resulting from

sensor disconnect. Very high values of Act indicate ICG beats with signi�cant variation, likely

to be resulting from sudden motion artefacts. Forouzanfar et al. [���] de�ned an acceptable

range for Act. SQIActICG was computed as:

SQIActICG(k) =
Y
]

[
1 if 0.1 < Actk < 0.4
0 otherwise

(�.��)

�.�.�.� Ensemble average (SQIEAICG)

SQIEAICG was initially proposed by Sheikh et al. [���] to remove ICG beats that signi�cantly deviated

in morphology from an ensemble-averaged ICG beat (ICGEA) computed across a window. A

four-stage strategy was used to construct the ICGEA within a window of length �� seconds, centred

on each ICG beat. At each stage, ICG beats located within the window that passed the stage

criteria were �rst resampled to be ��� samples long using cubic-splines interpolation, and then

subsequently averaged to compute the ICGEA.

For the �rst stage, all ICG beats for which SQIActICG= 0 were removed from the analysis. In

the second stage, the ICGEA was computed using valid beats (from the previous stage) whose

amplitude was within mean ± three standard deviations for that window. In the third stage, the

cross-correlation (Rxy) was used to measure the similarity between each beat and the ICGEA.

Rxy measures the similarity between two time series, x and y, as a function of the delay,

t, of one signal relative to the other.

Rxy(t) =
q

No
i≠1 No(xi ≠ µx)(yi≠t ≠ µy)

(No ≠ 1)‡x‡y

(�.��)

where µx and ‡x are the mean and standard deviation of x respectively (and similarly for µy

and ‡y). No is the number of overlapping data points. The cross-correlation may be used to
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estimate the time delay, ·lag, between two signals as the value of t that maximises (or minimises

in cases where a negative correlation is expected) Rxy(t):

·lag = argmax
t

(Rxy(t)) (�.��)

Any ICG beat with |·lag| > 50ms, or Rxy(0) < �.� was discarded. At the �nal stage, the

·lag of each beat with ICGEA was computed as before. Any beat with Rxy(·lag) < �.� with the

ICGEA was removed from the analysis.

The SQIEAICG was then computed for the kth ICG beat as:

SQIEAICG(k) = |�|
Nw

(�.��)

where Nw is the total number of ICG beats initially in w (i.e. prior to stage �), � is the subset

of ICG beats that were ultimately not discarded from analysis post stage �.

�.�.�.� Combined ICG signal quality index (SQIICG)

The overall SQI for the ICG was subsequently computed as:

SQIICG(k) = SQIActICG(k) · SQIEAICG(k) (�.��)

�.�.� Estimating beat-by-beat pre-ejection period

PEP was estimated as the time di�erence between the R-peak of the ECG and the B-point of the

ICG. As discussed in section �.�, the exact location of the B-point has proven in prior literature to

be extremely di�cult to automatically detect from ICG beats. A number of di�erent algorithms

have been proposed for automatic B-point detection [���, ���, ���]. In appendix E.�, we provide

an overview of three of the most popular algorithms and conclude that the Lozano method [���]

provided the most robust estimates of PEP in our dataset. This method is commonly applied in

the literature [���, ���, ���] as it avoids the complications associated with detecting the B-point

of the ICG through a data-driven polynomial relationship which estimates PEP using the time

delay from the R-peak to the C-point (the maximum of the ICG beat). Using the Lozano method,

PEP was de�ned using the following quadratic relationship:

PEP = 1.233 · tRC ≠ 0.0032 · t2
RC

≠ 31.59 (�.��)

where tRC is the time between ECG R-peak and ICG C-point.
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�.�.� Pre-ejection period signal quality

The signal quality index of the PEP signal, SQIPEP, was computed by a combination of outlier

detection (SQIoPEP), physiological thresholding (SQIPhysPEP ), and the SQI metrics of the proximal

ECG beat and distal ICG beat.

�.�.�.� Outlier detection (SQIoPEP)

The outlier SQI (SQIoPEP) was calculated for the kth PEP beat in a moving-average window, w,

of size �� seconds and step �� seconds, as:

SQIoPEP(k) =
Y
]

[
1 if medw ≠ (3 · MADw) < PEPk < medw + (3 · MADw)
0 otherwise

(�.��)

where medw and MADw are the median and median absolute deviation of w respectively.

�.�.�.� Physiological range (SQIPhysPEP )

The physiological range for PEP was taken to be between �� and ��� ms following the work of

Cybulski et al. [���]. SQIPhysPEP was, therefore, de�ned for the kth beat as:

SQIPhysPEP (k) =
Y
]

[
1 if 50ms < PEPk < 160ms
0 otherwise

(�.��)

�.�.�.� Combined pre-ejection period signal quality index (SQIPEP)

The overall SQI for PEP was computed as:

SQIPEP(k) = SQIoPEP(k) · SQIPhysPEP (k) · min(SQIECG(k), SQIICG(k)) (�.��)

Similar to the PAT time series, the PEP time series was processed by a Kalman �lter using

the SQIPEP of the beats to weight the measurement noise, Rk:

Rk = exp( 1
SQIPEP(k)2 ≠ 1) (�.��)

Figure �.� provides an overview of PEP processing steps, on two di�erent time scales. Compared

to the PAT time series (see �gure �.�), the PEP time series was often of lower quality due to the

ICG’s relatively higher susceptibility to noise (compared to the PPG and ECG). During sustained

periods of poor signal quality (for example minute �� in �gure �.�(e)), the Kalman �lter places a

higher emphasis on previous state estimates, reducing the e�ect of transient changes.
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Figure �.�: Overview of the steps for computing beat-by-beat PEP time series across a typical ��
minutes of data recorded in the MOLLIE study. (a) ECG time series and R-peaks. (b) Bio-impedance
signal. (c) ICG time series and C-points. (d) Computed beat-by-beat PEP and the impact of including
Kalman �ltering. (e) SQIPEP. (f)-(j) repeats these plots for a zoomed-in ��-second portion of data
(highlighted in yellow in (a)-(e)).
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Figure �.�: ECG phase delay between Stowood and Cardioscreen recording devices. Di�erent internal
device �ltering, as well as potential di�erences in the drift of the two internal clocks, has resulted in a
phase delay between the two. As a result, it was not possible to compute beat-by-beat PTT estimates
in this dataset.

�.� Estimating blood pressure using transit times

BP estimation using TTs was a three-step process involving time alignment, window averaging,

and �nally model �tting.

PAT and PEP were estimated from signals recorded by the Stowood and Cardioscreen devices

respectively. While the devices were time synchronised using the network time protocol (NTP) at

the start of each session, di�erences in internal signal �ltering and potential di�erences in the

drift of the two internal clocks, meant that it was not possible to perfectly align the timing of the

signals recorded from the two devices for the entire duration of the recording session. Figure �.�

shows the Stowood and Cardioscreen ECG time series which highlights the di�erences in phase

lags between the two signals. A result of these phase lags is that a beat-by-beat assessment of PTT,

as the di�erence between PAT and PEP (see section �.�.�.�), was not possible using the MOLLIE

clinical study. PTT was therefore computed using both a �ltered PAT and PEP time series (PAT�lt

and PEP�lt), and using PAT and PEP values averaged within a time window (see below).

We evaluated �ve di�erent models proposed in the literature for the estimation of BP from

TT. The �rst two models (LMEM random-intercepts and random-slopes) use all data points

available for that individual; we refer to them as a posteriori models. The �nal three models

(Poon, Gesche, and Fung) allow for real-time estimation of BP using hybrid calibration with model

parameters determined from population averages and physiological constants. We refer to these

three models as population-based models.

�.�.� Time alignment

To align the PAT and PEP signals with BP, high-frequency variations in these signals were attenuated

through �ltering to ignore any frequencies above the Nyquist limit� of the BP cu� (1/(2 ◊ 60)
�For a signal sampled at a rate fs, the Nyquist limit, fs/2, indicates the maximum frequency which can be captured

[���].
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Hz). To compute the �ltered PAT signal, PAT�lt, any PAT beat with a corresponding SQIPAT equal

to zero was �rst removed from analysis. The irregularly sampled beat-by-beat PAT time series

was then resampled at � Hz using cubic-splines interpolation. PAT�lt was then computed using a

�th-order Butterworth low-pass �lter with a cut-o� frequency of 1/(3 ◊ 60) Hz. This process was

repeated to compute PEP�lt. Using these �ltered signals, PTT�lt was then computed as:

PTT�lt = PAT�lt ≠ PEP�lt (�.��)

PAT�lt and PTT�lt were aligned with respect to the BP time series by subtracting the time delay

(referenced ·PAT and ·PTT respectively) computed as the lag which minimised the cross-correlation

(see section �.�.�.�). This process was done independently for PAT�lt and PTT�lt and for SBP, MAP,

and DBP, for each participant. In order to compute the cross-correlation, the two time series

are required to be sampled at the same sampling frequency. Therefore, for the purposes of time

alignment only, the reference BP cu� data were interpolated using the cubic smoothing splines

algorithm (see section �.�), at the same frequency as the TT�lt time series (� Hz). This process is

shown in �gure �.� for the data recorded from a participant in the dataset. The computed ·PAT

and ·PTT values across the whole dataset are shown in �gure �.�.

�.�.� Averaging measurements

In order to compare the beat-by-beat PAT and PEP time series with the reference BP measurements

(computed once per minute), we averaged the, time-aligned, PAT and PEP signals within a window,

w, of size �� seconds centred around each BP measurement (��s to the left and ��s to the right).

The size of w was chosen as a trade-o� between localisation of data points to the time of the

BP reference value and minimising noise. Small values of w provide a better approximation of

the local values of PAT and PEP at the time of cu� in�ation, whereas large values of w allow

for a better approximation of the mean within the window.

For PAT, we averaged the beat-by-beat PAT time series, time delayed by ·PAT. A window

based SQIPAT(w) was formed as its mean value within the window w. If SQIPAT(w) fell below

a given threshold “SQI, then a valid measurement of PAT could not be made for that window.

We computed PTT as the di�erence between the averaged PAT and PEP time series, both time

delayed by ·PTT. We formed a window-based SQIPAT(w) and SQIPEP(w) as the mean value within w.

If either of these SQIs fell below the “SQI threshold, then a valid measurement of PTT could

not be made for that window.

To determine the optimal value for “SQI, we conducted a sensitivity analysis to assess its impact

on the proportion of windows for which a valid measurement was possible throughout the dataset.
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Figure �.�: Overview of PAT and PTT time alignment to SBP for a typical participant in the dataset.
(a) Original and interpolated SBP time series. The zoomed-in region demonstrates the interpolation
of the SBP data to �Hz for the purposes of time alignment. (b) Beat-by-beat PAT and PAT�lt. (c)
PAT�lt and time aligned PAT�lt. In this instance ·PAT was ��� seconds. (d) Beat-by-beat PEP and
PEP�lt. (e) PTT�lt, and time aligned PTT�lt. In this instance ·PTT was ��� seconds. Note that this
process was repeated independently for MAP and DBP

As shown in �gure �.�, due to the ICG’s relatively higher susceptibility to noise (compared to the

PPG and ECG), there were consistently fewer good-quality windows available for PTT estimates

than for PAT estimates. We selected “SQI as the maximum value that ensured at least ��% of

windows remained for analysis for both PAT and PTT. Based on this analysis, we set “SQI to �.�,

resulting in ���% of PAT windows and ��.�% of PTT windows being available for analysis.

�.�.� Models for the estimation of blood pressure

Below, we outline the models that we employed to estimate BP using TT for each participant

in our dataset. These models can be categorised as: a posteriori models (linear mixed e�ects

random-intercepts and random-slopes models), and population-based models (Poon [���], Gesche

[���], and Fung [���]).
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(a) (b) (c)

Figure �.�: Histograms of ·PAT and ·PTT across the dataset. (a)-(c) for SBP, MAP, and DBP respectively.
All PAT delays were signi�cantly greater than PTT delays (Wilcoxon signed-rank, p < �.���). Box
plot shows the median and upper and lower quartiles.

Figure �.�: Sensitivity analysis of the impact of “SQI on the proportion of good-quality ��-second
windows for which a valid measurement was possible. From this analysis, “SQI was set as �.�. This
resulted in ���% of PAT windows and ��.�% of PTT windows remaining for analysis.

�.�.�.� a posteriori models (random-intercepts and random-slopes)

A posteriori models utilise individual calibration [�] in order to estimate BP using TT. These models

require all available data for an individual in order to determine the model parameters, representing

the best-case scenario for BP estimation where model parameters are known a posteriori.

We implemented a posteriori models using linear mixed-e�ects modelling (LMEM, see ap-

pendix D.�.�) to account for inter-participant variability in linear calibration parameters. We

compared the estimation performance of two models: random-intercepts, and random-slopes. A

random-intercepts model accounted for individual calibration intercepts for each participant.

This model can be summarised as:
BPp = K1 · TTp + K0 + up

0 + ‘p

uo ≥ N (0, ‡2
0), ‘p ≥ N (0, ‡2

‘
)

(�.��)

where the superscript p denotes data from the pth participant. K1 andK0 are the slope and intercept

for the �xed e�ect component. up

0 is the random-e�ect intercept for the pth participant assumed to

be drawn from a Normal distribution with variance ‡2
0 . ‘p is the model residual with variance ‡2

‘
.
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Arandom-slopesmodel further accounted for individual linear calibration gradients (�BP/�TT).

This model can be summarised as:

BPp = K1 · TTp + up

1 · TTp + K0 + up

0 + ‘p

C
u0
u1

D

≥ N (0,

C
‡2

0 ‡01
‡01 ‡2

1

D

), ‘p ≥ N (0, ‡2
‘
)

(�.��)

where up

1 is the random-e�ect slope for the pth participant assumed to be drawn from a Normal

distribution with variance ‡2
1 . u01 is the covariance between the intercept and slope residual

for the random e�ect.

The requirement for personalised calibration gradients was assessed using a likelihood ratio

test (LRT). For a random-intercepts model with parameter vector ◊0 and a random-slopes model

with additional random e�ects and a parameter vector ◊, LRT tests the null hypothesis (H0) that

the variance of the additional random e�ects are � (i.e. there is no requirement for participant

speci�c calibration slopes). The likelihood ratio test statistic, LR, is given as:

LR = ≠2 log(L(◊0; y, X)
L(◊; y, X) ) = ≠2(¸(◊0; y, X) ≠ ¸(◊; y, X)) (�.��)

where L and ¸ denote the likelihood and log-likelihood functions that the observed data was

produced by themodel, respectively (see appendix D.�.�). LR follows a chi-squared,‰2, distribution

with the degrees of freedom equal to the di�erence in the number of degrees of freedom from ◊

and ◊0, which in this work was � (‡2
1 , the variance of the calibration slopes, and ‡01, the covariance

of the slopes and intercepts). Thus, H0 is rejected at a con�dence level – when LR > ‰2
1≠–

(2).

Hysteresis e�ect A hysteresis e�ect has been previously reported for the TT-BP relationship [���,

���]. In this work, we quanti�ed the presence of a hysteresis e�ect as di�erences in �BP/�TT

computed during the dose increase and washout periods of the study protocol. We tested this

e�ect for signi�cance by a one-sample Wilcoxon signed-rank test. We compared the hysteresis

e�ect of PAT to that of PTT by a paired two-sample Wilcoxon signed-rank test. All p-values

were corrected using the Benjamini-Hochberg method [���].

�.�.�.� Population-based models (Poon, Gesche, and Fung)

Population-based models utilise hybrid calibration [�] in order to estimate BP. These models require

only a single-point calibration and derive the remaining parameters from population averages and

physiological constants. In this work, we implemented three of the most highly cited population-

based models for BP estimation using TTs: Poon [���], Gesche [���], and Fung [���]. These

models were introduced in section �.�.�.�.
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We de�ned the calibration values for BP and TT (BPcalib and TTcalib respectively) as their

respective mean values during the �-minute resting period at the start of the study. In the speci�c

example for one participant where no BP readings were recorded during the rest period, we used the

mean values in a one-minute window centred on their �rst cu� in�ation as the calibration readings.

�.�.� Baseline reference

For the purpose of benchmarking performance metrics, we implemented a simple baseline reference

that assumed no changes in BP from BPcalib for each individual. The baseline reference provides two

key insights. Firstly, it indicates the degree to which BP was perturbed in the study with large

values highlighting that there was a signi�cant change. Secondly, it provides reference metrics

against which all other models’ performance must be evaluated. If, for example, one of the models

reports worse performance metrics than the baseline reference, then clearly that model is worse

that a naive assumption of no changes in BP in this dataset.

�.�.� Model evaluation

We used the following performance metrics to evaluate model performance: Pearson’s correlation

coe�cient (flp), root mean squared error (RMSE), and mean absolute error (MAE).

flp was used to measure the linear correlation between reference measurements, y, and model

estimates, ŷ. Correlation coe�cients provide a metric of the association or dependence between

two variables. The values of correlation are in the range -� to +�, with -� signifying perfect negative

correlation, +� signifying perfect positive correlation, and values close to � signifying weak or

no correlation between the two variables. flp is de�ned as:

flp = cov(y, ŷ)
‡y‡ŷ

=
q

N

i=1(yi ≠ µy)(ŷi ≠ µŷ)
Òq

N

i=1(yi ≠ µy)2 q
N

i=1(ŷi ≠ µŷ)2
(�.��)

where µy and µŷ are the mean of y and ŷ respectively, and ‡y and ‡ŷ are the standard deviations

of y and ŷ respectively.

RMSE is de�ned as:

RMSE =
ı̂ıÙ 1

N

Nÿ

i=1
(yi ≠ ŷi)2 (�.��)

where N is the number of data points. MAE is de�ned as:

MAE = 1
N

Nÿ

i=1
|yi ≠ ŷi| (�.��)
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Both MAE and RMSE characterise the average error of the prediction. As MAE reports the

average magnitude of errors, its values are easily interpreted across multiple datasets. In contrast,

RMSE gives a higher weight to larger error values, and so it is an important metric when large

errors are undesirable [���].

Di�erences in performance metrics across all participants were evaluated for statistical signi�-

cance by a two-tailed Wilcoxon signed-rank test (see appendix C.�.�). We adjusted the p-values

for multiple comparisons using the Benjamini-Hochberg method (see appendix C.�.�).

�.� Results

�.�.� Overall response

Figure �.� shows the participant-wise average deviations (�) in SBP, DBP, MAP, PAT, PTT and

PEP from each participant’s calibration values. The error bars show the ��% con�dence intervals,

(CI95). On average SBP, MAP, and DBP increased by ��.� (CI95: ��.�-��.�) mmHg, ��.� (CI95:

��.�-��.�) mmHg, and ��.� (CI95: ��.�-��.�) mmHg respectively from their calibration values.

The peaks of the recorded BP occurred during minute �� (halfway through the max infusion

phase of the study). PAT and PTT decreased by ��.� (CI95: ��.�-��.�) ms and ��.� (��.�-��.�) ms

respectively. The nadirs of the transit times occurred during minute ��. PEP increased by �.��

(CI95: �.�-�.�) ms. The peak of PEP occurred during minute ��. Figure �.� (g) shows the ratio

between PEP and PAT as a percentage, with a mean value of ��.� % at the start of the session,

rising to a peak of ��.� % during minute ��.

Figure �.�� shows the distributions of PAT, PTT, and PEP values computed across all partic-

ipants. Mean (standard deviation) values for PAT, PTT, and PEP were: ���.� (��.�) ms, ���.��

(��.��) ms, and ��.� (�.��) ms respectively.

Figure �.�� illustrates the frequency content of the PAT time series for a typical participant in

the dataset. Figure �.��(a) shows the PAT time series, which for analysis of the frequency content

only, has been resampled to a � Hz signal using cubic-splines interpolation. Figure �.��(c) shows

the frequency spectrum, computed by the fast Fourier transform (FFT), of the PAT signal. The

FFT shows three frequency ranges of interest. The �rst is a dominant component close to DC and

below �.���� Hz, the Nyquist limit of the reference cu� measurements. This component is clearly

driven by the large changes in BP observed using the cu� for all individuals in the dataset. The

second is a component between �.���� Hz to �.� Hz. We suggest this component is driven by BP

oscillations that cannot be recorded using the low sampling frequency cu� measurements. An

example of these may be the Traube-Hering-Mayer (THM) waves, often known as Mayer waves
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(a) (b) (c)

(d) (e) (f) (g)

Figure �.�: Average deviations of BP and TT metrics from calibration across the cohort. (a) SBP, (b)
MAP, (c) DBP, (d) PAT, (e) PTT and (f) PEP. (g) variations in PEP as a percentage of PAT. The error
bars show the CI95.

Figure �.��: Distributions of PAT, PTT, and PEP computed in the MOLLIE dataset. Boxplots show
mean and one standard deviation.

[��], see section �.�.�.�. The third component is between �.� Hz and �.� Hz. This range is likely to

be driven by respiration. Figure �.��(b) shows the spectrogram of the PAT signal that has been

high-pass �ltered with a �.� Hz cut-o� frequency. The estimated RR (the steps for estimating

RR are provided in appendix E.�) from the nasal cannula is superimposed in red, showing that

there is a clear respiratory component in the PAT signal.
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Figure �.��: Frequency content of PAT signal for a typical participant (�� years old, female) in the
dataset. (a) PAT time series. (b) Spectrogram of a high-pass �ltered PAT signal showing a large
respiratory component. The reference RR from the nasal cannula is superimposed in red. (c) fast
Fourier transform (FFT) frequency spectrum of PAT signal.

�.�.� Estimating blood pressure using transit times

Table �.� shows themedian and IQR performance statistics for all models over all participants in the

dataset for SBP estimation. Results for MAP and DBP estimation are provided in appendix E.�. The

baseline reference resulted in large RMSE and MAE values, indicating that participants experienced

a signi�cant change in their SBP values in response to the weight-based dosing of phenylephrine.

On average, we achieved an increase of �� mmHg in SBP, with a maximum increase of �� mmHg

in a subset of four participants.

PAT, PTT, and PEP had a median (IQR) flp with SBP of ≠0.85(0.10), ≠0.90(0.07), and
0.81(0.30). The corresponding values of flp with MAP were ≠0.82(0.19), ≠0.88(0.15), and
0.80(0.23). The corresponding values of flp with DBP were ≠0.83(0.33), ≠0.85(0.13), and
0.77(0.20). PTT had a consistently stronger flp with BP than PAT (Wilcoxon signed-rank, p

< �.��� for SBP, MAP, and DBP).

Most likely to be driven by the linear relationship between TT and BP (see section �.�.�), there

was little variation observed in flp across all models. Therefore, the error values (RMSE and MAE)

are the primary parameters of interest in this work when comparing model performance.

�.�.�.� A posteriori models

All a posteriori models signi�cantly outperformed the baseline reference (p < 0.001 for all). The

addition of personalised individual slopes was tested for signi�cance for PAT and PTT (and for

all SBP, MAP, and DBP) via a LRT. For all tests the null hypothesis was rejected with a p value

close to or at �. This highlights the requirement for individual calibration curves for appropriate

BP estimation. In �gures �.�� and �.�� we show the relationship between SBP and TT for all
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Table �.�: Performance statistics of SBP estimation using the models proposed. Results are given as
median (IQR) computed across all participants. Entries in bold indicate the best performance for
that metric for either a posteriori or population-based models.

Model flp RMSE * MAE *

Baseline reference† - (-) ��.�� (�.��) �.�� (�.��)

A posteriori models
PAT Random-intercepts �.�� (�.��) �.�� (�.��) �.�� (�.��)

Random-slopes �.�� (�.��) �.�� (�.��) �.�� (�.��)
PTT Random-intercepts �.�� (�.��) �.�� (�.��) �.�� (�.��)

Random-slopes �.�� (�.��) �.�� (�.��) �.�� (�.��)

Population-based models
PAT Poon [���] �.�� (�.��) �.�� (�.��) �.�� (�.��)

Gesche [���] �.�� (�.��) ��.�� (��.��) �.�� (��.��)
Fung [���] �.�� (�.��) �.�� (�.��) �.�� (�.��)

PTT Poon [���] �.�� (�.��) �.�� (�.��) �.�� (�.��)
Gesche [���] �.�� (�.��) ���.�� (����.��) ���.�� (����.��)
Fung [���] �.�� (�.��) ��.�� (��.��) ��.�� (��.��)

* results given in units of mmHg. † Baseline reference assumed no changes in SBP for each participant
from SBPcalib.

participants in the dataset. We plot both the random-intercepts regression line and the, more

appropriate, random-slopes regression line in order to highlight the di�erence between the two.

The relationship for MAP and DBP is provided in appendix E.�.

For all a posteriori models, PTT outperformed PAT. The random-slopes model using PAT

achieved similar performance statistics as the random-intercepts model using PTT and non-

signi�cant di�erences were observed between the two.

Figure �.�� shows the distributions of calibration gradients (�BP/�TT) computed across the

dataset. It was found that for SBP and MAP, the calibration gradient of PAT had a signi�cantly

larger amplitude than for PTT (Wilcoxon signed-rank, p < 0.01 for both). Non-signi�cant

di�erences were observed for DBP. The gradients of the SBP-PAT relationship varied from ≠2, 946
to ≠470 mmHg s≠1 in our dataset. The gradients of the SBP-PTT relationship varied from

≠3, 185 to ≠324 mmHg s≠1.

�.�.�.� Hysteresis e�ect

Figure �.�� shows the results of the hysteresis analysis. It is clear that for both PAT and PTT, the

calibration gradient was larger during the dose increase than during the washout. Note that as the

calibration gradients were negative (see �gure �.��), this means that the gradient during washout

was steeper than the gradient during dose increase. This result is consistent for SBP, DBP, and
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Figure �.��: Individual relationships between SBP (mmHg) and PAT (s) for all �� participants in the
MOLLIE study. The random intercepts regression line is shown in dashed blue. The random slopes
regression line is shown in red.

MAP. These e�ects were all found to be statistically signi�cant (p < 0.05 for all). The median

di�erence in dose increase and washout �SBP/�PAT was ��� mmHg s≠1 (p = 0.033) and the

di�erence for �SBP/�PTT was ��� mmHg s≠1 (p = 0.048). The hysteresis e�ect appears to
be reduced for PTT when compared to PAT; however, it should be noted that non-signi�cant

di�erences were found between the two. This overall e�ect can also be observed in �gure �.�

in which the averaged PAT and PTT pro�les do not return to their baseline value, despite BP

returning (and in the case of DBP, overshooting). The di�erence with respect to baseline at the

end of the study was smaller for PTT than for PAT.

�.�.�.� Population-based models

All of the population-based models recorded worse performance metrics than all of the a posteriori

models. For all performance metrics, the Gesche model performed worse than the baseline reference.

This was especially the case when using PTT as an input where the median RMSE value exceeded

��� mmHg. The Poon model signi�cantly outperformed the baseline reference (p < 0.001 for
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Figure �.��: Individual relationships between SBP (mmHg) and PTT (s) for all �� participants in the
MOLLIE study. The random intercepts regression line is shown in dashed blue. The random slopes
regression line is shown in red.

both PAT and PTT). A signi�cant improvement in results was observed when implementing

the Poon model with PTT as opposed to PAT (�RMSE = �.�� mmHg, p < 0.001; �MAE =

�.�� mmHg, p < 0.001). The Fung model with PAT reported the best performance statistics

across the population-based models (RMSE = �.�� mmHg, MAE = �.�� mmHg). The performance

of the Fung model was signi�cantly (p < 0.001) worse when using PTT as an input and this

model did not outperform the baseline reference.

�.� Discussion

�.�.� The relationship between pulse arrival time and blood pressure

The PAT frequency response exhibited a dominant component driven by the dosing regime

(f < 0.0083 Hz). In addition, we hypothesised that there were extra cardiovascular �uctuations

exhibited in the �.���� Hz to �.� Hz range such as Mayer waves. Mayer waves are oscillations

in BP, with a frequency of around �.� Hz, thought to be due to oscillations of the sympathetic



�. Pulse arrival time as a surrogate measure of blood pressure ���

(a) (b) (c)

Figure �.��: Distributions of �BP/�PAT and �BP/�PTT across the dataset for (a) SBP, (b) MAP,
and (c) DBP. �BP/�PAT had signi�cantly (Wilcoxon signed-rank, p < 0.01) larger amplitude than
�BP/�PTT for SBP and MAP, but not for DBP. Box plot shows the median and upper and lower
quartiles.

(a)

(b)

Figure �.��: The hysteresis e�ect in both PAT and PTT. (a) Example dose increase and washout
calibration gradients for PAT and PTT observed in one participant. (b) Median and inter-quartile
range di�erences in dose increase and washout calibration gradients across all participants. A
signi�cant (Wilcoxon signed-rank, p < 0.05 for all) hysteresis e�ect was present for both PAT and
PTT.

vasomotor tone of arterial blood vessels. The amplitude of the Mayer waves has been shown to

be an indicator of sympathetic nervous activity [��]. Finally, PAT showed a strong respiratory

component. This �nding has been previously demonstrated by Ding et al. [���] and is driven

by respiratory-induced phase delays of the PPG signal.

PAT was negatively correlated with BP and the majority of participants had their own unique

and strong relationship between changes in PAT and SBP (see �gure �.��). This response was

also consistently shown for MAP and DBP.
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�.�.� Impact of pre-ejection period

It has been suggested that the contribution of PEP makes PAT an unreliable surrogate for BP [���,

���]. Payne et al. [���] studied the in�uence of PEP under di�erent vasoactive medications in ��

healthy individuals. It was reported that PEP accounted for between ��-�� % of PAT. For drugs

where only a small change in BP was observed (salbutamol), the PEP component was dominant and

resulted in PAT and PTT changes in opposing directions. However, for drugs where a signi�cant

change in BP was observed (angiotensin and norepinephrine), PAT and PTT had comparable

behaviour. Indeed, in studies where PEP is reported to be a non-negligible variable component

of PAT, it is often the case that BP was not signi�cantly perturbed, for example using exercise or

posture changes [���, ���]. These e�ects are likely to lead to small changes in PTT and it can be

expected that under these circumstances, the PEP contribution is non-negligible.

In our study, the maximum change from the initial value at rest of PEP had a mean value

(standard deviation) of �.� (�.�) ms (see �gure �.�). However, the changes in PTT were considerably

larger in magnitude -��.� (�.�) ms. As a result, we found that PEP contributed between ��.�% and

��.�% of PAT in our study (see �gure �.� (g)). Therefore, while changes in PEP cannot be neglected,

their relative contribution to PAT was nearly constant. Changes in PTT accounted for most of the

changes in PAT during the �� minutes of the study. Collectively, these results suggest that PAT

may be an unreliable marker for small (for example, resting beat-to-beat) changes in BP. However,

for signi�cant changes (for example, ��-hour circadian rhythms), the variable in�uence of PEP

might be considered to be negligible, making PAT a reliable surrogate for PTT.

There were three signi�cant di�erences observed between the PAT and PTT estimates which

highlight the e�ect of PEP in this dataset. Firstly regarding the hysteresis e�ect presented in

section �.�.�.�. The phenomenon of PAT hysteresis has been previously investigated by Liu et

al. in the context of an exercise test [���]. In their study, hysteresis was de�ned as the area

between the PAT-BP relationship curves observed during both the exercise and recovery phases.

Notably, Liu et al. found a positive correlation between the extent of hysteresis and increased

ANS activity and smooth muscle tone. Consequently, it is suggested that distinct barore�ex

responses are activated when BP is rising or falling when induced by smooth muscle activation,

potentially necessitating the use of separate calibration coe�cients [���]. Our dataset con�rms

that in situations where smooth muscle activation dominates, such as under the in�uence of

phenylephrine, which signi�cantly a�ects arterial sti�ness, especially at peripheral measurement

sites, a hysteresis e�ect is present. Interestingly, our data also suggests a less pronounced hysteresis

e�ect in PTT compared to PAT. This is counter-intuitive as the origin of the hysteresis e�ect
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is thought to be due to changing arterial properties as opposed to changes in cardiac properties.

In a broader context, the presence of the hysteresis e�ect holds signi�cant implications for BP

estimation using TT. It indicates the potential need for �ne-tuned calibration coe�cients based

on ANS activity levels and the anticipated direction of BP �uctuations. This e�ect should be

explored in more detail in multiple follow-up studies.

Secondly, the delay values computed between BP and TT (see �gure �.�) suggest that ·PAT

values were signi�cantly larger than the ·PTT values. In our study, the origin of the delay between

BP and TT is likely to have been largely dominated by instrumentation error as opposed to a

physiological delay. The Philips patient monitor recording the BP measurements reported the

timestamps as if they occurred at the start of each cu� in�ation. However, the process of cu�

in�ation and de�ation may take up to �� seconds, and the reference value is only localised to the

time of maximum amplitude variations. Therefore, there is immediately a delay present between

the reported cu� value times and the actual BP at that time. This instrumentation delay, however,

fails to account for the di�erences observed between PAT and PTT. This di�erence is likely to

be the result of the di�erences in hysteresis discussed above, resulting in PTT reaching its nadir

earlier than PAT, and hence a shorter delay.

The third and �nal observed di�erence was that PTT demonstrated stronger flp with BP than

PAT. This resulted in all a posteriorimodels implementing PTT outperforming all equivalent models

implementing PAT. These di�erences were consistent as highlighted by a p-value < �.��� when

comparing the random-slopes models using PAT and PTT. However, the absolute values of the

di�erences were minor, with only a �.�� mmHg di�erence in median RMSE observed between

the two. In fact, it was found that the di�erences between the PAT random-slopes model and the

PTT random-intercepts model were insigni�cant. This suggests that cu�ess BP estimation may

be more easily addressed by ensuring accurate PAT calibration values as opposed to developing

new devices that mitigate for changes in PEP.

�.�.� Estimating blood pressure using transit times

We implemented both population-based models and a posteriori models in order to estimate BP

using TT. Three di�erent population-based models were tested: Poon [���], Gesche [���] and

Fung [���], three of the most highly cited population-based models for BP estimation using PAT

or PTT. These models require only a single calibration reading and approximate the remaining

model parameters using averaged physiological constants (such as the density of blood) and global

averages. These population average models may well provide an e�ective initial assessment of

changes in BP, with some of them performing better than the baseline reference. However, they all
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failed to outperform either of the a posteriori random-intercept models which assumed a constant

TT-BP slope for all participants without any adjustments for demographics. While we analysed a

homogeneous cohort in this work, the calibration gradients varied signi�cantly and indeed the

LRT results highlighted that individual calibration curves require both a unique intercept and slope.

It is clear, therefore, that population averages are not appropriate for estimating personalised

model parameters. We suggest, that if cu�ess devices recording TTs are to deliver clinical-grade

BP monitoring (as some claim they already do, see section �.��), it is unlikely that the current

population average models will provide su�cient accuracy.

�.�.� Limitations

While the results of this chapter demonstrate the utility of the PAT as a surrogate for BP, there

are several limitations that should be noted. The MOLLIE study analysed consisted of a small

number of, relatively homogeneous, healthy participants (Np=��) The size of the dataset was

limited by practical considerations related to conducting the MOLLIE study, as opposed to being

determined by power calculations on the minimum sample size required to con�dently conclude

on the method’s validity. Consequently, the extent to which the �ndings presented in this chapter

can be extrapolated to the broader population remains uncertain.

Moreover, BP was perturbed via an infusion of phenylephrine, an –1-adrenergic receptor

agonist that induces arterial and venous smooth muscle contraction [���]. In daily life, BP changes

result from a diverse set of physiological mechanisms governed by the autonomic nervous system.

–1 receptors are typically activated in response to shock or low blood pressure [���]. Whereas,

the resulting smooth muscle contraction is often activated during daily life activities, such as

exercise [���], in order to ensure adequate blood �ow. Overall, it must be considered that this was a

feasibility study with relatively few subjects. Further studies, especially with a more heterogeneous

and diverse set of subjects, is required to understand how the relationship observed in this work

compares to that present in daily life.

PEP was estimated using the Lozano method [���]. This method avoids detecting the B-point

(point of aortic valve opening) by detecting the C-point (maximum of ICG pulse) of the ICG

and a derived relationship between the ECG R-peak and the ICG B and C points. However, van

Lien et al [���] reported considerable errors between PEP estimation using the Lozano method

and hand annotated PEP values, especially for extreme values. Other techniques for detecting

the B-point exist [���, ���], however, in our study, the Lozano method produced considerably

less noisy estimates than these techniques. Additionally, the ICG signal was sampled at ��� Hz,

resulting in a time resolution of �ms for the detection of the C-point. This could potentially lead
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to errors in the estimation of PEP. Appendix E.� provides a comparison of PEP estimates from

the original ��� Hz signal against PEP estimates from an upsampled ICG waveform at � kHz

using cubic splines. Although we found that this limitation did not signi�cantly impact the results

and conclusions of this chapter, further studies should aim to record the ICG waveform at a high

sampling rate, such as � kHz, especially to estimate a wide range of PEP values.

Finally, measurements of BP using a sphygmomanometer cu� are susceptible to various forms

of noise that can distort the readings. The oscillometric device used as a BP reference in this

study was compliant with the IEC �����-�-��/EN�����-�-�� and with the American National

Standard for Electronic or Automated Sphygmomanometers (ANSI/AAMI SP ��/��) [���] with

a maximum mean error of ±� mmHg (±�.�kPa) and a maximum standard deviation of �mmHg

(�.�kPa). Despite this, it was observed that the recorded BP values were both noisy and sparse (see

�gure �.�). To address these challenges, we implemented a cubic smoothing splines algorithm to

generate a smoother BP pro�le and interpolate missing data, ultimately providing a reference BP

measurement at one-minute intervals. However, it’s important to note that this data processing

step introduced its own set of limitations, including the potential for smoothing artefacts and

interpolation-related uncertainties, which should be taken into consideration when interpreting

the BP-related �ndings of this study.

�.� Conclusion

In this chapter, we investigated the potential use of PAT as a surrogate for BP. We introduced new

processing methods for both the PAT and PEP time series in order to provide robust estimates of

each signal. We highlighted the presence of a hysteresis e�ect in both the PAT and PTT signals

and recommend that this e�ect be studied in more detail in a follow-up study. Additionally, we

propose that the impact of PEP may be too signi�cant for a beat-by-beat assessment of small

changes of BP using PAT. However, for scenarios in which large changes in BP are observed (such

as was in the case in our study) changes in PTT are likely to be signi�cantly larger than changes in

PEP and so the use of PAT instead of PTT is justi�able. Finally, we suggest that population-based

hybrid calibration strategies may not adequately re�ect the unique and individualised relationship

between changes in BP and changes in TT. Therefore, they should be used with caution and only

as a potential indicator of directional changes over time as opposed to a clinical assessment of

BP, for example for the diagnosis of hypertension.

Computing estimates of PAT requires two signals (ECG and PPG) recorded synchronously.

In the following chapter, we assess whether the ECG or PPG waveforms on their own may be

used for BP estimation.
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�.� Introduction

In chapter �, BP estimation using PAT was introduced and evaluated. PAT, however, is limited

by the requirement for two synchronous signals to be recorded from di�erent locations on the

body. Another category of BP estimation techniques focuses on relating morphological features

of the PPG or ECG waveforms to BP (or changes in BP, �BP) using data-driven models. This

approach addresses many of the major limitations of PAT. However, the appropriate features

���
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and models required for accurate BP estimation are not well established. Additionally, whether

the requirement for individual calibration is diminished using this approach compared to PAT

remains unclear in the literature. In this chapter, we investigate the utility of features from the

PPG or ECG waveforms to estimate �BP.

�.� Methods overview

As in the previous chapter, data was gathered from the �� participants in the MOLLIE clinical

study (see section �.�). The PPG and ECG signals relevant to this chapter were recorded using the

Stowood device. We extracted a large set of features from both the PPG signal (PPGfts) and from

the ECG signal (ECGfts), based on the existing literature. We additionally propose new features

from both signals. Using hybrid calibration, we trained, tuned, and evaluated linear (ordinary least

squares, OLS) and non-linear (random forest, RF) machine learning models to estimate �BP

within a nested leave-one-subject-out cross-validation framework. We assessed the individual

importance of each feature for estimating �BP through SHAP values and a ranking coe�cient.

We compared the performance of �BP estimation using PPGfts or ECGfts to the performance

metrics computed using PAT and equivalent machine learning models.

�.� Computing features from the photoplethysmogram

To preprocess the PPG waveform, detect the cardiac beats, and assess the signal quality of the

PPG (SQIPPG), we followed the steps previously outlined in section �.�. Amplitude modulation

of the PPG can result from respiration [���] as well as changes in contact pressure of the pulse

oximeter sensor on the surface of the skin [���]. In order to reduce the dependence on this

amplitude modulation, as well as changes in HR (a phenomenon known as heart rate variability),

we normalised each PPG beat to have unit amplitude and time duration. The �rst and second

derivatives of the PPG beats, known as the VPG and APG respectively, were computed using a

�th-order Savitzky-Golay derivative �lter (see section �.�).

�.�.� Fiducial point detection

Figure �.� shows the typical changes in the morphology of the PPG, VPG, and APG beat observed

for a participant during the four main stages of the study protocol (rest, dose increase, maximum

infusion, and washout). Each of these waveforms contains salient �ducial points utilised for feature

extraction. As we normalised the time duration of each beat, we de�ne a normalised time vector

tÕ such that tÕ starts at � and is equal to � at the end of the beat.
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From the PPG the following �ducial points were detected: systolic peak (S), dicrotic notch

(N ), and diastolic peak (D). S corresponds to the maximum compressive pressure during left

ventricular ejection and was de�ned as the �rst turning point of the PPG beat waveform above

its midpoint. The closing of the aortic valve produces a small in�ection in pressure that gives

rise to N (the local minimum) and D (the local maximum). N was detected through analysis of

the APG and was characterised by the e wave (early diastolic positive wave, de�ned below) [��,

���]. D was detected as the local maximum of the PPG in the window NtÕ < tÕ < 0.8, where

NtÕ denotes the time of the dicrotic notch on the normalised time vector. The limit of �.� in the

search window accounts for the upper bound of the expected location of D [���].

The maximum of the VPG, W , de�nes the point of the steepest rise in the ascending limb

of the PPG. From the APG waveform, four systolic waves and one diastolic wave were detected:

a (early systolic positive wave), b (early systolic negative wave), c (late systolic re-increasing

wave), d (late systolic re-decreasing wave), and e (early diastolic positive wave) [��]. a, the initial

maximum curvature of the PPG upslope, was detected as the local maximum of the APG prior to

WtÕ . b, the minimum curvature prior to maximum pressure, was detected as the local minimum

of the APG between a and S.

Prior work by Gemignani et al. [���] has suggested that the maximum duration of systole in an

adult population is �.� seconds. Thus, in the window btÕ < tÕ < 0.5/T , where T is the original

time duration of the beat, two peaks in the APG should appear: the c wave and e wave. e, as noted

above, corresponds to the increase in pressure resulting from the closing of the aortic valve. c is

the maximum curvature of the descending limb of the PPG pulse from peak to dicrotic notch. If

two (or more) peaks in the APG appear in this window, we then de�ned the second peak to be

the location of the e wave and the �rst peak to be the location of the c wave. However, it is not

uncommon for c to re�ect an in�ection point, in which case only one peak in the APG appears in

this window corresponding to the e wave [��, ���]. In this instance, the location of the c wave was

de�ned as the minimum of the fourth derivative of the PPG (also known as the jerk plethysmogram,

JPG) between the detected b and e waves. Finally, the d wave, the minimum curvature of the

descending limb of the PPG pulse from its peak to the dicrotic notch, was de�ned as the minimum

of the APG between c and e waves. However, again d may be re�ected by an in�ection point, in

which case no minimum would exist in this region and d was set to be coincident with e. As a

summary, the criteria used for identifying the PPG �ducial points are outlined in table �.�.
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Table �.�: Criteria for identifying �ducial points on PPG waveform [���]. T is the time duration of
the pulse.

Signal Fid. point Criterion
PPG S The �rst turning point of the PPG pulse above its midpoint.

N Coincident with e.
D First local maximum of the PPG pulse after N and before �.� T . If no maxima is

in this window then the �rst local maximum of the APG pulse in the window.
VPG W The maximum of the VPG pulse.
APG a The maximum of the APG pulse before W .

b The local minimum of the APG pulse after a and before S.
c The local maximum of the APG pulse after b and before e. If no maxima is in

this window then the �rst local minima of the �rst derivative of the APG signal
(also known as the jerk plethysmogram, JPG) in the window.

d The local minimum of the APG pulse after c and before e. If there is no minimum
then the point is an in�ection and is coincident with c

e The second maximum of the APG pulse after W and before �.�T .

�.�.� Feature extraction

The PPGfts we extracted are grouped into: PPG morphology, VPG morphology, APG morphology,

Gaussian decomposition, and principal component analysis (PCA). These features were identi�ed

from previous publications describing methods for estimating �BP from the PPG. All PPGfts

were computed on a beat-by-beat basis. Table �.� provides a summary of these PPGfts which are

then outlined in more detail in the subsequent sections.

We processed PPGfts using a method similar to that proposed in section �.�. Firstly outlier

values were detected using a moving window average. A sliding window of size �� seconds with a

step size of �� seconds was used. Subsequently, Kalman �ltering was applied to reduce the impact

of transient changes from noise and motion artefacts. The SQIPPG of the kth beat was used to

weight the measurement noise as (see section �.�.�):

Rk = exp( 1
SQIPPG(k)2 ≠ 1) (�.�)

Table �.�: Summary of PPGfts extracted, separated into PPG morphology, VPG morphology, APG
morphology, Gaussian decomposition, and PCA. References to previous applications of the features
are also provided.

Category Feature notation and publication Description or formula
PPG
morphology

Notch amplitude (Namp) Amplitude of the dicrotic notch (see �gure �.�)
Re�ective index (RI) [���] Amplitude of the diastolic peak (see �gure �.�)
� T [��] Time from systolic peak to diastolic peak (see �gure �.�)
Crest Time (CT) [���] Time from onset to systolic peak (see �gure �.�)
TSys [���] Time in systolic phase (see �gure �.�)

Continued on next page
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Table �.� – Continued from previous page
Category Feature notation and publication Description or formula

TDia [���] Time in diastolic phase (see �gure �.�)
TRatio [���] TSys/TDia

Slope transit time (STT) [���] Slope of straight line from onset to peak (see �gure �.�)
Stress-Induced Vascular Response Index
(sVRI) [���]

µDias/µSys

ASys [���] Area under PPG in systolic phase (see �gure �.�)
ADias [���] Area under PPG in diastolic phase (see �gure �.�)
In�ection point area (IPA)[���] ADias/ASys

Width25 [��] Width of the PPG at ��% of its amplitude (see �gure �.�)
Width50 [��] Width of the PPG at ��% of its amplitude (see �gure �.�)

Pressure index (PI) [���] NtÕ ≠ StÕ

NtÕ ≠ WtÕ
· h

Normalised harmonic area (NHA) [���]
qNh

n=2 FFT
2(n · f1)/

qNh

n=1 FFT
2(n · f1)

In�ection and harmonic area ratio
(IHAR) [���]

(�-NHA)/ IPA

Skewness [���] Equation (�.�)
Kurtosis [���] Equation (�.�)

VPG
morphology

Sysµ [���] Mean of VPG in the systolic phase
Sys‡ [���] Variance of VPG in the systolic phase
Diaµ [���] Mean of VPG in the diastolic phase
Dia‡ [���] Variance of VPG in the diastolic phase

APG
morphology

b
a ,

c
a ,

d
a & e

a [��]
Ageing index (AGI) [��] (b ≠ c ≠ d ≠ e)/a

slopeb-c [���] Slope of a straight line between b and c, normalised by a

(see �gure �.�)
slopeb-d [���] Slope of a straight line between b and d, normalised by a

(see �gure �.�)
PPG AI [���] PPG augmentation index d≠2/b≠2 (see section �.�.�.� for

an explanation of the su�xes)

Gaussian
decomposition

Ag1≠4, ‡g1≠4, µg1≠4 Amplitude, variance, and mean of the four decomposed
Gaussians

Gaussian augmentation index (Gauss AI)
[���]

max(gs) ≠ Ag3 (see �gure �.�)

Gaussian re�ection index (Gauss RI) [���]
q

(gs) ≠
q

(g3)
Gaussian re�ected wave transit time
(Gauss RTT) [���]

µg3 ≠ µg1 (see �gure �.�)

Gaussian augmentation indexR (Gauss
AIR) [���] †

(Ag1 ≠ Ag2)/(Ag1)

Gaussian re�ection indexR (Gauss RIR)
[���] †

Ag3/Ag1

Gaussian approximation of left ventricu-
lar ejection time (Gauss LVET) [���]

See section �.�.�.� for de�nition.

GaussSys/Dias *
q

(gs)/
q

(gd)
GaussA4/A1 * Ag4/Ag1
Gauss‡4/A1 * ‡g4/Ag1

PCA PPG PCA �-� [���] First � principal components of PPG beat
VPG PCA �-� [���] First � principal components of VPG beat
APG PCA �-� [���] First � principal components of APG beat

Continued on next page
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Table �.� – Continued from previous page
Category Feature notation and publication Description or formula

* Indicates features that, to our knowledge, have not been previously implemented for BP estimation.
† Note that there are two Gaussian indices referenced re�ection index and augmentation index.
We refer to the second set using the subscript R to re�ect the authors: Rubins et al. [���] µSys and
µDias represents the mean of the PPG during systole and diastole respectively. h is the height of the
participant in cm. FFT is the Fast Fourier Transform. gi refers to the i

th decomposed Gaussian; gs =
g1 + g2 representing the systolic wave; gd = g3 + g4 representing the diastolic wave.

q(gi) is the area
under the i

th Gaussian.

�.�.�.� Photoplethysmogram morphology

BP is determined by the product of total peripheral resistance (TPR) and CO. Therefore, features

re�ecting variations in these two metrics are likely to provide a strong indication of �BP.

Changes in TPR can signi�cantly impact the morphology of the PPG through interactions

between the incident forward travelling wave produced by left ventricular contraction and the

re�ected pressure waves [���]. A review of re�ected pressure waves is provided in section �.�.�. As

TPR increases, the impedance mismatch at the renal and iliac arteries (the two sites responsible for

re�ected pressure waves) increases, and the resulting re�ected pressure waves (known as the tidal

and dicrotic waves respectively) increase in both velocity and amplitude. To model the varying

amplitude of the re�ected pressure waves, we included the dicrotic notch amplitude (Namp), and

the diastolic peak amplitude (labelled re�ection index, RI, for consistent feature notation with

respect to the literature) as features [���]. As the tidal and dicrotic re�ected waves typically

arrive during systole and diastole respectively, Lyu et al. [���] proposed the stress-induced vascular

response index (sVRI) as the ratio of the mean of the PPG in the diastolic phase, µDias, to the mean

of the PPG in the systolic phase, µSys. This e�ect was additionally modelled using the areas under

PPG during the systolic (ASys) and diastolic (ADias) phases [���]. The ratio of these two areas

(ADias/ASys) was labelled the in�ection point area ratio (IPA) by Wang et al. [���].

The in�uence of the re�ected pressure waves was additionally modelled through analysis of

the frequency domain by assessing the level of distortion in the PPG waveform as the relative

power of its harmonic frequencies [���]. This feature is referred to as the normalised harmonic

area (NHA) [���] and was computed as:

NHA =

Nhÿ

n=2
FFT2(n · f1)

Nhÿ

n=1
FFT2(n · f1)

(�.�)

where FFT is the Fast Fourier Transform of the PPG beat. f1 is the fundamental frequency of

the spectrum, the frequency of the highest power in the FFT. Harmonic frequencies occur at
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integer factors of the fundamental frequency. Nh equates to the number of harmonics in the

frequency spectrum. As we normalised the time duration of each PPG beat, the Nyquist limit of

the frequency spectrum for the normalised beat is (fs · T )/2, where fs is the original sampling

frequency of the PPG (��� Hz) and T is the original time duration of the beat. Nh is therefore

the number of integer factors of f1 below this Nyquist limit.

The increased velocity of the re�ected waves was modelled by relative time delays such as �T

(time between S and D) [��], crest time (CT, time from onset to S) [���], TSys (time in systolic

phase), TDia (time in diastolic phase), and TRatio (TSys/TDia) [���]. Additionally, the time delay

between the systolic peak and dicrotic notch is related to the transit time of the dicrotic wave to

the iliac artery junction and back. Shin et al. [���] suggest that this time delay may be calibrated to

the individual by normalising it by the time delay between the maximum derivative of the PPG

and the dicrotic notch, and multiplying the resultant by the individual’s height (h). This feature is

labelled pressure index (PI). Lin et al. [���] recently suggested that these time delay features may

additionally re�ect changes in CO. Wang et al. [���] put forward the in�ection and harmonic

area ratio (IHAR) as a parameter related to CO, computed as:

IHAR = 1 ≠ NHA
IPA

(�.�)

To model variations in the velocity of the incident forward travelling pulse wave produced

by left ventricular contraction, we included the slope transit time (STT) as the gradient of the

straight line from onset to the peak of the PPG waveform [���].

A small number of PPGfts parameterise changes in the overall PPG morphology. For example,

Width25 and Width50 track variations in the width of the PPG at ��% and ��% of the overall

amplitude respectively [��, ���]. Skewness and kurtosis both characterise the distribution of

the PPG beat values [���]. Skewness is a measure of the asymmetry of the data around the

mean. Kurtosis is a measure of the relative "tailedness" of the distribution. For a PPG beat,

Â, they are both computed as:

Skewness = 1
NÂ

qNÂ

i=1(Âi ≠ µÂ)3

‡3
Â

, Kurtosis = 1
NÂ

qNÂ

i=1(Âi ≠ µÂ)4

‡4
Â

(�.�)

where NÂ, µÂ and ‡Â are the length, mean, and standard deviation of Â respectively.

�.�.�.� Velocity-plethysmogram morphology

We included four features derived from analysis of the VPG morphology. In order to model the

changing velocity of the pulse wave during the two main phases of the cardiac cycle, we included

the mean and standard deviation of the VPG during systole (Sysµ and Sys‡ respectively) and

diastole (Diaµ and Dia‡ respectively) [���].
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�.�.�.� Acceleration-plethysmogram morphology

We included eight features derived from analysis of the APG morphology. The amplitude of each

APG wave, normalised by the amplitude of a, exhibits a moderate linear relationship with age [��].
b

a
increase with age, whereas c

a
, d

a
, and e

a
decrease with age. These relationships were combined

into a single feature using the ageing index (AGI) (b≠c≠d≠e)
a

[��]. In addition, Mok Ahn et al. [���]

proposed the gradient of the straight lines joining the b wave to the c and d wave (slopeb-c and

slopeb-d respectively) as additional indicators of age-related arterial sti�ness. Finally, Pilt et al. [���]

suggested that the PPG augmentation index (PPG AI), computed as the ratio of the PPG waveform

coincident with the d wave of the PPG (labelled d≠2) to the ratio of the PPG waveform coincident

with the b wave of the PPG (labelled b≠2), reliably tracks changes in arterial sti�ness.

�.�.�.� Gaussian decomposition

Each PPG beat (of unit amplitude and duration) was decomposed into the summation of four

Gaussians [���, ���]. This approach has the advantage of providing a representation of the PPG

waveform without reliance on �ducial point detection. Additionally, it allows for the modelling

of re�ected wave interactions which are thought to have a Gaussian pro�le [���]. For a given

PPG beat, Â, we computed the modelled pulse, ÂGauss, as:

ÂGauss(tÕ, �) =
4ÿ

i=1
gi(tÕ, ◊i) (�.�)

where gi represents the ith Gaussian component:

gi(tÕ, ◊i) = Agi · exp(≠(tÕ ≠ µgi)2

2‡2
gi

) (�.�)

◊i is a vector, [Agi, µgi, ‡gi], containing the amplitude, mean, and variance of each Gaussian

respectively. � = [◊1, ◊2, ◊3, ◊4] and thus Gaussian decomposition parameterises each PPG beat

into �� components. To determine the optimum value for �, �̃, we implemented a bounded

Levenberg-Marquart optimisation algorithm to minimise the root mean squared error loss, LGauss,

between Â and ÂGauss given as:

LGauss(�) =
Û

1
N

ÿ
(Â ≠ ÂGauss(tÕ, �))2 , �̃ = arg min

�
(LGauss(�)) (�.�)

The optimisation procedure was bounded such that all parameters were positive and the

amplitudes were all less than �.�. Additionally, we constrained the sequence [µ1, µ2, µ3, µ4] to
be monotonically increasing. Given that LGauss is non-convex, the optimised values depended on

the choice of initial conditions. For each beat, we ran two optimisations with di�erent initial
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conditions, and we kept the optimisation results that produced the lowest value of LGauss. The

�rst set of initial conditions, shown in �gure �.� (a) and outlined in table �.�, resulted in a set of

Gaussians with equal widths and amplitudes that matched the contour of a typical PPG beat. To

encourage the continuity of parameters from beat-to-beat, we used the optimised parameters for

the previous beat as the second set of initial conditions for the current beat. However, for the �rst

beat in a PPG signal, we ignored the second set of initial conditions and used only the �rst set. The

resulting Gaussian decomposition for a typical beat is illustrated in �gure �.�. Following the work of

[���], we set the SQIPPG of each beat to � if the value ofLGauss(�̃) for that beat was greater than �.��.

Table �.�: First set of initial conditions for Gaussian decomposition optimisation. These parameters
resulted in an evenly distributed set of four Gaussians with equal widths. The amplitudes were
determined in order to match the contour of a typical PPG beat, see �gure �.�.

g1 g2 g3 g4
Agi �.� �/� �/� �/�
µgi �.� �.� �.� �.�
‡gi �.��� �.��� �.��� �.���

(a) (b)

Figure �.�: Gaussian decomposition of the PPG waveform. (a) The �rst set of initial conditions
outlined in table �.� resulting in an evenly distributed set of Gaussians with equal width. (b) Optimised
Gaussian decomposition. The optimisation process involved two sets of initial conditions, those shown
in (a), and the optimised parameters from the previous beat. The results of whichever optimisation
resulted in the lowest value of L

Gauss was kept.

Previous literature on pulse decomposition analysis provides physiological interpretations

behind each of the four decomposedGaussians [���]. g1 re�ects the incident forward travelling wave

produced by left ventricular contraction. g2 represents the tidal wave [���]. g1 and g2 are typically

observed during systole, therefore gs = g1 + g2 re�ects the systolic component. g3 represents the

dicrotic wave [���]. g4 represents the additional minor re�ections and re-re�ections in the systemic
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vascular structure with lower amplitude than the two main re�ected waves [���]. g3 and g4 are both

typically dominant in the diastole phase, therefore gd = g3 + g4 re�ects the diastolic component.

To parameterise the characteristics of each wave, the values of �̃ were included as features.

A number of additional features modelled interactions between the Gaussians:

Gauss AI = max(gs) ≠ Ag3 (�.�)

Gauss RI =
ÿ

(gs) ≠
ÿ

(g3) (�.�)

Gauss AIR = Ag1 ≠ Ag2
Ag1

(�.��)

Gauss RIR = Ag3
Ag1

(�.��)

Gauss RTT = µg3 ≠ µg1 (�.��)

where
q

gi computes the area under the curve. The Gaussian augmentation index (Gauss AI)

re�ects the relative amplitude di�erence between the systolic component and the dicrotic wave

[���]. The Gaussian re�ection index (Gauss RI) is a similar parameter to Gauss AI, however, it

re�ects the contribution of the systolic component through the area under the curve [���]. Rubins

et al. [���] additionally proposed separate parameters labelled the Gaussian augmentation index

and the Gaussian re�ection index. We use the subscript R to note this distinction. Gauss AIR and

Gauss RIR parameterise the contribution of the tidal and dicrotic wave respectively. Gaussian

re�ection transit time (Gauss RTT) re�ects the changing transit time of the dicrotic wave to the

iliac arteries and back to the point of measurement [���].

Left ventricular ejection time (LVET), the time interval from the opening of the aortic valve to

its subsequent closure, has been shown to be associated with CO [���]. We followed the method

proposed by Couceiro et al. [���] to compute an approximation of LVET through the Gaussian

decomposition of the PPG. The algorithm �rst computes the second derivative of gs, gÕÕ
s
, using point

di�erences. The �rst and third maxima of gÕÕ
s
re�ect the onset and o�set of systolic ejection and

therefore the time delay between these two points re�ects LVET. We label this feature Gauss LVET.

Finally, through observations of Gaussian decomposition in our dataset, we propose three

new features: the ratio of the area under the systolic component to the area under the diastolic

component (GaussSys/Dias); the amplitude of the fourth Gaussian scaled by the amplitude of the

�rst Gaussian (GaussA4/A1); and the variance of the fourth Gaussian scaled by the amplitude

of the �rst Gaussian (Gauss‡4/A1)�.

�Scaling by variance rather than the amplitude of the �rst Gaussian gave a less informative parameter.
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�.�.�.� Principal components

Principal component analysis (PCA) is a mathematical technique used to reduce the dimensionality

of high-dimensional data while retaining its key features [���]. By mapping the data to a lower

dimension along orthogonal principal axes, PCA identi�es the principal components that account

for the majority of the variation in the original data. This allows us to focus on the regions

of the data that are most signi�cant, and identify patterns and relationships that might not

be apparent in the original high-dimensional space. In the context of PPG, VPG, and APG

waveforms, PCAwas used to highlight regions of signi�cant change across the cohort. We computed

PCA features using the following steps:

�. Resample all good-quality beats (de�ned as an SQIPPG > 0), across all participants, from the

PPG, VPG, and APG signals to be ��� samples in length using cubic spline interpolation.

�. Pool all resampled PPG, VPG, and APG beats from all participants to form �matrices: �PPG,

�VPG, and �APG respectively.

�. Mean normalise each � matrix.

�. Compute the covariance, ��, of the mean normalised � matrix as:

�� = 1
N ≠ 1

Nÿ

i=1
�i�T

i
(�.��)

where N is the number of beats in �, and �i corresponds to the ith column of �.

�. Derive the eigenvectors and eigenvalues from �� using eigen-decomposition:

�� = V �V ≠1 (�.��)

Each column of V is an eigenvector representing the direction of a principal component. �
is a diagonal matrix with corresponding eigenvalues.

�. Extract the �rst � principal components that correspond to the largest eigenvalues.

We selected the �rst � principal components as this was found empirically to explain more

than ��% of the variation in the �PPG, �VPG and �APG datasets. Figure �.� shows a visualisation

of computed PCA eigenvectors (e.g. the visualisation of PPG PCA � is shown as the eigenvector

corresponding to the largest eigenvalue in the covariance of �PPG).

Principal components analysis (see �gure �.�) highlights the regions of most signi�cant change

in the PPG, VPG and APG. The �rst principal component of the PPG shows a strong weighting on



�. Features from the photoplethysmogram and electrocardiogram for estimating changes in blood pressure ���

the region corresponding to the location of the tidal wave (the �rst re�ected wave). As discussed

above, the amplitude of the tidal wave is signi�cantly impacted by the changes in arterial tone

and therefore large variations in this region were expected in our dataset. Whereas, the second

component of the PPG was almost entirely focused on changes in the upslope, which has been

previously suggested as a useful region for cu�-less measurement of BP [���]. All � components of

the VPG re�ect changes in the upslope. Less consistency was found in the APG. As we included

PPG, VPG andAPGbeats from all participants in the study, some of the variation in the dataset may

result from inter-participant di�erences as opposed to the intra-participant changes caused by the

arterial sti�ness modulation. However, we still chose to implement PCA across the whole cohort

(as opposed to unique PCA per participant) in order to maintain consistency of feature de�nitions

(i.e. so that PPG PCA � from one participant represents similar changes in another participant).

(a) (b) (c)

Figure �.�: Visualisation of the � principal components of the (a) PPG, (b) VPG, and (c) APG
waveforms using the corresponding eigenvectors. The top row, in red, shows a typical PPG, VPG and
APG beat from the dataset.

�.� Computing features from the electrocardiogram

To preprocess the ECG waveform, detect the cardiac beats, and assess the signal quality of the

ECG (SQIECG), we followed the steps previously outlined in section �.�.

�.�.� Feature extraction

Features relating to complexity and entropy of the ECG signal have been previously proposed to

track changes in BP [���, ���]. These features quantify the level of regularity and unpredictability

of �uctuations over a time series. Generally, a higher-level complexity indicates a more irregular
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dynamic system. A lower-level complexity indicates the presence of central trends or cyclical

patterns. Changes in the entropy of the ECG time series have also been shown to track changes in

HRV caused by myocardial ischaemia [���] and also denote periods of cardiac arrhythmia [���].

Table �.� provides a summary of the features we extracted from the ECG (ECGfts) which

are outlined in more detail in the subsequent sections. All features were computed within a

short segmented window of the ECG time series. We outline our implementation of these

windows in section �.�.

Table �.�: Summary of ECGfts extracted. References to previous applications of the features are also
provided.

Feature notation and publication Description or formula
Hjorth mobility [���] Estimate of the signal’s mean frequency (equation (�.��))
Hjorth complexity [���] Estimate of the signal’s bandwidth (equation (�.��))
Fractal dimension [���] Computed using Higuchi’s algorithm [���] with kmax = 17
Shannon entropy (SE) [���] Uncertainty of information content based on probability distribution (equa-

tion (�.��))
Approximate entropy (approxEnt) * Quanti�es regularities of signal
Sample entropy (sampEnt) * approxEnt computed without self-comparisons
Multi-level sample entropy (MSE) * Coarse approximations of sample entropy, computed at scales �, �, �, �

* Indicates features that, to our knowledge, have not been previously utilised for BP estimation.

�.�.�.� Hjorth parameters

The Hjorth mobility and complexity parameters indicate activity variations in a signal [���].

The mobility parameter represents the signal’s mean frequency. The signal complexity is an

estimate of the signal bandwidth. For an ECG signal segment, Â, Hjorth mobility and com-

plexity were computed as:

Mobility =
ı̂ıÙvar(ÂÕ)

var(Â) Complexity = Mobility(ÂÕ)
Mobility(Â) . (�.��)

where var(·) denotes the variance.

�.�.�.� Fractal dimension

The fractal dimension of an ECG signal segment provides a measure of self-similarity, quantifying

how the detail in the signal varies with respect to the length scale with which it is measured. The

fractal dimension of a time series ranges between � (straight line) and � (de�ning a surface), where a

higher number represents a signal with higher �uctuations and complexity. To calculate the fractal

dimension, we used the Higuchi algorithm [���], whereby increasing length scales (up to kmax) are

used to estimate the signal length. The fractal dimension was then de�ned as the proportionality
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constant, representing the relationship between length scale and signal length. Brezinski [���]

showed that increasing values of kmax beyond a value of �� resulted in only a marginal increase in the

fractal dimension for regular ECG beats in sinus rhythm. Therefore, we set kmax as �� in this work.

�.�.�.� Shannon’s entropy

Shannon’s entropy (SE) was used to measure the uncertainty of the information content in a time

series based on its probability distribution. The probability distribution of an ECG signal segment,

Â, was estimated by a normalised histogram. SE was then computed as:

SE = ≠
NÂÿ

k=1
pk · log( pk

wk

) (�.��)

where pk andwk are the probability and width of the kth bin of the histogram. NÂ is the length ofÂ.

�.�.�.� Approximate entropy

Approximate entropy (approxEnt) quanti�es the regularity of a time series and the likelihood

that similar patterns of observations will not be followed by additional similar observations. For

example, a time series containing many repetitive patterns has a small approxEnt. For an ECG

signal segment, Â, approxEnt was computed using the following steps:

�. Divide the signal, Â, into consecutive segments of length m. Following the work of Li et al.

[���], we set m = 2.

�. For each segment, i, compute the Chebyshev distance to all other segments and calculate

Ci(m, r) as the number of segments with a Chebyshev distance less than r to the ith segment.

Following the work of Li et al. [���], we set r = 0.2.

�. De�ne ’(m, r) as the average number of segments of length m that are suitably similar to

each other within a tolerance of r:

’(m, r) = 1
NÂ ≠ m + 1

Nx≠m+1ÿ

i=1
ln(Ci(m, r)) (�.��)

�. To compare ’(m, r) to the subsequent data point, increase the dimension to m + 1 and

compute ’(m + 1, r)

�. The approximate entropy was computed as:

approxEnt = ’m(r) ≠ ’m+1(r) (�.��)
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�.�.�.� Sample entropy

Sample entropy (sampEnt) is a modi�cation of approxEnt that excludes self-comparison. In

approxEnt, the comparison between each segment and the rest of the segments also includes a

comparison of the segment with itself. As a result, signals are interpreted to be more regular

than they actually are. These self-matches are not included in sampEnt, resulting in a more

stable estimate of entropy, reducing bias. We computed sampEnt using the same hyperparameters

(m = 2, and r = 0.2) as approxEnt.

�.�.�.� Multi-scale entropy

Multi-scale entropy (MSE) is an extension of sample entropy. MSE is the application of sampEnt to

the signal at increasingly coarser scales. For each sth scale, the original signal samples are grouped

into non-overlapping windows, of length s, and the windowed samples are averaged. sampEnt

is then applied to this averaged signal. We computed MSE at scales �, �, � and �.

�.� Reference blood pressure values

As discussed in section �.�, the BP values were smoothed and interpolated using a cubic smooth-

ing splines algorithm to mitigate the e�ects of noise and to provide reference BP values sam-

pled at once per minute.

�.� Estimating changes in blood pressure

A schematic outlining our proposed steps for estimating �BP is shown in �gure �.�. We adopted a

hybrid calibration [��] approach in order to estimate �BP using regression models (ordinary least

squares, OLS, and random forest, RF) as a function of an input feature set, X , de�ned in the

subsequent section. We calibrated all feature and BP values to the individual participant using data

recorded during the rest period of the study (�rst �minutes of the recording). We then removed all

collinear features and implemented data augmentation to increase the size of the training set, XAug.

We used nested leave-one-subject-out cross-validation (LOSOCV) to train, tune, and evaluate

the models. For each fold of the LOSOCV, one participant in turn was set to be the test

participant. Data from the XAug set for all participants apart from the test participant were

used to train and tune the models. Nested LOSOCV was used for model validation to optimise

model hyperparameters with the aim of minimising RMSE. Data from X for the test participant

was then used to evaluate the performance of the model.
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Weused the followingmetrics to evaluatemodel performance: flp, RMSE, andMAE. Di�erences

in performance metrics across all folds from the models were evaluated for statistical signi�cance

by a two-tailedWilcoxon signed-rank test (see appendix C.�). We adjusted the p-values for multiple

comparisons using the Benjamini-Hochberg method (see appendix C.�.�).

�.�.� Feature set: X

We implemented four di�erent feature sets, X œ {PPGfts, ECGfts, PPGfts+ECGfts, PAT}. To explore

�BP estimation using a single source of data, the �rst feature set was constructed using only

PPGfts and the second feature set was constructed using only ECGfts. The power of combining

these features was established by constructing the third feature set using both PPGfts and ECGfts.

Finally, to compare the estimation of �BP using the features introduced in this chapter with PAT

estimates, introduced in the previous chapter, the �nal dataset was constructed using only PAT.

Each observation in X , xi, was computed using relevant feature values within a feature window

wf of length ��s centred on each reference BP measurement (��s to the left, ��s to the right).

PPGfts and PAT were estimated on a beat-by-beat basis thus, xi consisted of the average values

of these signals within wf . Any beat with an SQIPPG or SQIPAT equal to zero was excluded from

wf . As all ECGfts were window-based features, the segmented ECG signal within wf was used

to compute all observations of ECGfts.

Window-based SQIPPG(wf ), SQIECG(wf ), and SQIPAT(wf ) were then computed as their

respective mean values within wf . For each of PPGfts, ECGfts, and PAT if their respective window-

based SQI fell below the “SQI = 0.7 threshold de�ned in section �.�.�, then a valid measurement

for that signal could not be made for that window. We handled missing data, caused by poor

signal quality, by nearest neighbour imputation for each participant.

�.�.� Calibration

We adopted a hybrid calibration [��] approach to personalise the estimation models for each

participant in our dataset. We use the superscript p to re�ect an observation from the pth participant.

In this work, for each participant, we de�ned the baseline calibration value of BP (BPp, calib) and

the jth waveform feature (fp, calib
j

) as their respective mean values during the �-minute resting

period at the start of the study. In the speci�c example of one participant (ID = ���) for whom no

BP readings were taken during the rest period, we used the mean values in a one-minute window

centred on the �rst cu� in�ation as the calibration readings.

For the pth participant, BP values were subtracted from their calibration value to compute

�BPp

i
, as observations of the regression target vector, yi. Additionally, each observation of a
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Figure �.�: Schematic of the �BP estimation pipeline for each of the proposed models. We extracted
features from the PPG and ECG and averaged their values at times of cu� in�ations. We then
implemented a hybrid calibration approach such that the proposed models estimate �BP from a
baseline calibration value determined during the rest period. Data augmentation was implemented
to increase the training and validation set sizes by interpolating between cu� in�ations. Models
were trained and evaluated in a nested leave-one-subject-out cross-validation (LOSOCV) framework
shown here by the iterator p which indicates the test participant for that iteration. Participant p is
then removed from the training/validation set (XAug) for that iteration.

feature in X , xij , consisted of relative changes of that feature from its calibration value [���].

Thus �BP and xp

ij
took the form:

i = {1, . . . , N},

yi = �BPp

i
= BPp

i
≠ BPp, calib, xp

ij
= fp

ij
≠ fp

j

fp, calib
j

, j = {1, . . . , M},

p = {1, . . . , Np}

(�.��)

where N and M are the number of observations and features in X respectively. Np is the

number of participants.

Hybrid calibration strategies use participant demographics to personalise the model outputs.

Thus, for all feature sets, we added participant age, sex, height, weight, BMI, and BP calibration

(BPp,calib) as static categorical features.

�.�.� Baseline reference

For reference performance metrics, we implemented a simple baseline reference that assumed no

BP changes for each participant from their calibration value BPp, calib (i.e. �BPp

i
= � for all i and

p). We refer to this as baseline reference and it indicates the minimum performance that must

be achieved by the regression models.

�.�.� Removing collinear features

Collinearity occurs when there is intercorrelation between multiple features [���, ���], thus

violating the independent identically distributed (i.i.d.) assumption that is common in regression
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models. Additionally, the presence of collinearity in�ates the variance of the regression parameters

and makes it di�cult to assess the importance of features. Collinearity in a feature set, X , can

be highlighted by the condition number Ÿ representing the ratio of the largest singular value of

X to the smallest singular value. It can be computed as:

Ÿ(X) =
...X+

... · ÎXÎ (�.��)

where Î·Î is the �-norm of a matrix and X+ is the pseudo-inverse of the matrix X . Typi-

cally, a condition number greater than �� is thought to indicate the presence of strong multi-

collinearity in the dataset [���].

It is likely that collinearity exists in the feature sets presented in this chapter as there aremultiple

features describing similar characteristics; for example, entropies of the ECG or time durations of

the PPG. In order to mitigate the e�ect of collinearity and to allow for parsimonious models, we

removed collinear features by investigating the variance in�ation factor (VIF), de�ned as:

VIFj = 1
1 ≠ R2

j

(�.��)

where R2
j
is the unadjusted coe�cient of determination for regressing the jth feature on the

remaining ones. If a feature can be accurately predicted using one, or more, other features then

VIFj would be large for that feature. Removing collinear features is an iterative process whereby

on each iteration, the feature with the largest corresponding VIFj is removed from the feature

set until no features had a VIF greater than �� (corresponding to Ri = 0.9) [���].

�.�.� Data augmentation

We implemented data augmentation in order to increase the feature set size whilst incorporating

information on feature values between the reference BP measurements. As shown in �gure �.�, we

performed model training and validation on the augmented feature set, hereafter referred to as

XAug, and performance metrics were reported using the original dataset X . We constructed XAug

by interpolating between the reference BP values for each participant using the cubic smoothing

splines algorithm (see section �.�) at a new frequency, fBP = �/�� Hz (four measurements a minute,

as opposed to one a minute) with a smaller feature window size, wf = ��s to prevent overlapping

windows violating the i.i.d assumption common in regression models (see appendix D.�.�).

�.�.� Regression models

The models we implemented to estimate �BP are outlined below. Di�erent models were inde-

pendently built for estimating �SBP, �MAP, and �DBP.
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�.�.�.� LASSO+OLS

To explore the linear relationship between each of the feature sets X and �BP, ordinary least

squares (OLS) linear regression was implemented. This model is introduced in appendix D.�.�. To

prevent over-�tting, reduce the dimensionality, and improve model interpretability, we employed

the Least Absolute Shrinkage and Selection Operator (LASSO) method to remove redundant

features prior to linear regression (see appendix D.�.�). We refer to this model as LASSO+OLS.

We optimised the ⁄ hyper-parameter by a nested LOSOCV loop to minimise RMSE. For each

loop of the LOSOCV, LASSO feature selection was implemented and features with non-zero

coe�cients were used by OLS to compute �BP estimates.

We refer to the di�erent LASSO+OLS and input feature set,X œ {PPGfts, ECGfts, PPGfts+ECGfts,

PAT}, combinations as LASSO+OLSPPG, LASSO+OLSECG, LASSO+OLSPPG+ECG, and LASSO+OLSPAT

respectively.

�.�.�.� Random forest

To explore a potential non-linear relationship between X and �BP, we additionally trained a

Random Forest (RF) regression model. This model is introduced in section �.�.�. We optimised

the number of features randomly selected for each node (labelled mtry) by a nested LOSOCV

loop to minimise RMSE.

We refer to the di�erent RF and input feature set, X œ {PPGfts, ECGfts, PPGfts+ECGfts, PAT},

combinations as RFPPG, RFECG, RFPPG+ECG, and RFPAT respectively.

�.�.� Shapley additive explanation values feature importance ranking coe�cient

A key objective of this chapter was to highlight features that have strong predictive power for

estimating �BP. We assessed the importance of each feature through SHAP values [���]. This

method is introduced in section �.�. SHAP values, „i

j
, represent the marginal contribution of the

jth feature to the ith model prediction. An explanation model, fe(·), is developed which represents
the model predictions as the summation of „i

j
over all j:

fe(xi) = „0 +
Mÿ

j=1
„i

j
(�.��)

where „0 is the expected model value over the training set.

For each loop of the LOSOCV, we assessed the overall importance of each feature as the mean

absolute SHAP value across the training data:

impj = 1
Ntrain

Ntrainÿ

i=1
|„i

j
| (�.��)
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where Ntrain is the number of observations in the training set. impj indicates the average impact

of the jth feature on model output magnitude.

To report the variability of the SHAP values feature importance across the LOSOCV, we

computed a ranking coe�cient. The ranks of all features were determined at each fold and

normalised by the total number of features (� being the highest rank, � being the lowest). For

each feature, the distributions of the ranking coe�cients across all folds were analysed. This

step allowed for each fold of the LOSOCV to contribute equally towards assessing the overall

importance, while also providing a fair comparison across �SBP, �MAP, and �DBP estimation.

The comparison of feature ranking coe�cients for estimating �SBP, �MAP, and �DBP was

performed using Spearman’s correlation coe�cient (fls) [���]. fls measures monotonic relationships

between two variables x and y, and is de�ned as:

fls = 1 ≠ 6 q
M

i=1 d2
i

M(M2 ≠ 1) (�.��)

where di is the di�erence between the two ranks of each xi and yi observation. fls values can

be interpreted in the same way as flp.

�.� Results

�.�.� Removing collinear features

Figure �.� (a) shows the correlation matrix of the total feature set (PPGfts + ECGfts + demographics),

including �� features. There were a large number of features (��.�%) which were signi�cantly

correlated (|flp| >�.�, p < 0.05) with at least one other feature. This indicates a high level of

collinearity, highlighted by a condition number Ÿ of ���. Figure �.� (b) shows the correlation matrix

after removing all collinear features. The remaining dataset contained �� features with a condition

number Ÿ of ��, suggesting independence of features and encouraging parsimonious models.

Table �.� outlines the remaining PPGfts and ECGfts and the subset of the total feature set

with which they had a strong correlation (de�ned as |flp| > �.�, p < �.��). Additionally, the

linear correlation with �SBP for each feature across the whole cohort and on a participant-

wise basis is provided. The overall correlations of these features to �SBP across the cohort was

in general quite low with only one feature (Gauss‡4/A1) having |flp�SBP| > 0.5. There were a

number of features that had signi�cant participant-wise correlations (PWC) to �SBP, �� features

with an absolute median PWC > 0.5.
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Table �.�: Resulting PPGfts and ECGfts included in the feature set post removing collinearity.
’Correlated features’ indicates the subset of the total feature set with which each included feature
demonstrated a strong linear correlation with (|flp| > �.�, p < �.��). Features are ordered by their
absolute median participant-wise correlation with �SBP. ECGfts are highlighted in red for clarity.

Feature name Correlated features flp�SBP p
PWC
[q�, q�]

Gauss‡4/A1 PPG AI; GaussA�/A�; Ag�; µg4; ‡g4 �.�� < 0.001 [�.��, �.��]
‡g1 Gausssys/dias; Gauss RTT; µg1; µg2; ‡g2;

µg3

-�.�� < 0.001 [-�.��, -�.��]

APG PCA1 -�.�� < 0.01 [-�.��, -�.��]
VPG PCA1 -�.�� < 0.001 [-�.��, �.��]
d / a -�.�� < 0.001 [�.��, �.��]
IHAR TSys; TDia; TRatio; ASys -�.�� < 0.001 [-�.��, -�.��]
Hjorth mobility -�.�� < 0.001 [-�.��, -�.��]
c / a �.�� �.��� [�.��, �.��]
Gauss RIR Ag� �.�� < 0.001 [�.��, �.��]
approxEnt -�.�� < 0.001 [-�.��, -�.��]
Gauss AI �.�� < 0.001 [-�.��, -�.��]
NHA Namp; Sysµ �.�� < 0.01 [�.��, �.��]
Width50 Width�� �.�� < 0.001 [-�.��, �.��]
MSE scale � MSE scale �; MSE scale � -�.�� < 0.001 [-�.��, -�.��]
IPA TDia; Namp; RI; ADias; sVRI; Sysµ �.�� < 0.001 [�.��, �.��]
Ag2 -�.�� < 0.001 [-�.��, -�.��]
Kurtosis �.�� < 0.001 [-�.��, �.��]
Fractal dimension -�.�� < 0.001 [-�.��, -�.��]
Gauss RI �.�� < 0.001 [-�.��, �.��]
PPG PCA1 -�.�� < 0.001 [-�.��, �.��]
‡g3 µg4 -�.�� < 0.001 [-�.��, -�.��]
slopebd AGI -�.�� < 0.01 [-�.��, -�.��]
VPG PCA3 -�.�� < 0.001 [-�.��, �.��]
e / a �.�� < 0.001 [-�.��, �.��]
Gauss LVET �.�� < 0.001 [-�.��, �.��]
PPG PCA3 �.�� �.��� [-�.��, -�.��]
APG PCA3 �.�� < 0.05 [-�.��, �.��]
APG PCA2 �.�� �.��� [-�.��, �.��]
b / a Ag� -�.�� < 0.001 [-�.��, �.��]
sampEnt MSE scale �; MSE scale � -�.�� �.��� [-�.��, �.��]
Hjorth complexity �.�� < 0.001 [-�.��, �.��]
VPG PCA2 �.�� < 0.01 [-�.��, �.��]
PPG PCA2 -�.�� �.��� [-�.��, �.��]
Ag3 -�.�� < 0.001 [-�.��, -�.��]
Gauss AIR -�.�� �.��� [-�.��, �.��]
Sys‡ -�.�� �.��� [-�.��, �.��]
Dia‡ �.�� < 0.01 [-�.��, �.��]
SE �.�� �.��� [-�.��, �.��]
STT CT �.�� < 0.05 [-�.��, �.��]
Skewness -�.�� �.��� [-�.��, �.��]

flp�SBP: correlation with �SBP across all participants, with resulting p-value. PWC: participant-wise
correlation, q� and q� are the �rst and third quartile PWC values across the cohort.
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(a) (b)

Figure �.�: Results of removing collinear features in PPG + ECG feature set. Pairwise linear absolute
Pearson’s |flp| correlation matrix. (a) pre and (b) post removal of collinear features. Blank spaces
represent non-signi�cant (p > 0.05) or weak (|flp| < �.�) correlations. For clarity of labelling on the
post-collinear feature set (b), every other label is presented on the y-axis with the remaining labels on
the x-axis. Abbreviations: Gauss decomp - Gaussian decomposition, APG morph - features derived
from the morphology of the APG, VPG morph - features derived from the morphology of the VPG,
PPG morph - features derived from the morphology of the PPG.

�.�.� Model performance

Table �.� shows the median and IQR performance statistics for all models computed over all ��

folds of the LOSOCV for �SBP estimation. The results for �MAP and �DBP estimation are

provided in the appendix in table F.� and table F.� respectively.

Table �.�: Performance statistics of �SBP estimation using the models proposed. Results are given as
median (IQR) computed across all folds of the LOSOCV. Entries in bold indicate the best performance
for that metric.

Model name flp RMSE * MAE *

Baseline reference - (-) ��.�� (�.��) �.�� (�.��)
LASSO+OLSPPG �.�� (�.��) �.�� (�.��) �.�� (�.��)
RFPPG �.�� (�.��) �.�� (�.��) �.�� (�.��)
LASSO+OLSECG �.�� (�.��) �.�� (�.��) �.�� (�.��)
RFECG �.�� (�.��) �.�� (�.��) �.�� (�.��)
LASSO+OLSPPG+ECG �.�� (�.��) �.�� (�.��) �.�� (�.��)
RFPPG+ECG �.�� (�.��) �.�� (�.��) �.�� (�.��)
LASSO+OLSPAT �.�� (�.��) �.�� (�.��) �.�� (�.��)
RFPAT �.�� (�.��) �.�� (�.��) �.�� (�.��)

* results given in units of mmHg. † Baseline reference assumed no changes in SBP for each participant
from SBPcalib.

All models outperformed the results obtained with the baseline reference, and all apart from

LASSO+OLSECG reported statistically signi�cant p-values indicating that consistent improve-

ments in performance statistics were observed (p < 0.05 for all). For the PPGfts, ECGfts, and
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PPGfts+ECGfts feature sets, the RF model consistently achieved stronger performance metrics than

LASSO+OLS. When comparing these models, statistically signi�cant improvements were recorded

only in RMSE and MAE (p < 0.05 for all), whereas the Wilcoxon signed-rank test failed to reject

the null hypothesis of equal median flp between LASSO+OLS and RF.

The PPGfts feature set signi�cantly outperformed the ECGfts feature set for all performance

metrics and regression models. The absolute di�erence in the median flp, RMSE, andMAE between

RFPPG and RFECG was �.�� (p = 0.00007), �.�� mmHg (p = 0.005) and �.�� mmHg (p = 0.004)

respectively. RFPPG and RFPPG + ECG reported similar performance statistics with non-signi�cant

p-values, indicating that adding ECGfts to a feature set of PPGfts o�ers little or no performance gain.

For PAT, LASSO+OLS signi�cantly outperformed RF across all performance metrics (p < 0.05

for all). LASSO+OLSPAT achieved similar performance metrics to the RFPPG + ECG. LASSO+OLSPAT

consistently resulted in the smallest IQR for all performance metrics.

Figure �.� shows the individual reference�SBP and estimated�SBP values using theRFPPG + ECG

model across all participants. These results are presented for �MAP and �DBP estimation in

appendix F (�gures F.� and F.� respectively). Under the results for each participant, we show the

accumulated SHAP values for each observation grouped into PPGfts, ECGfts, and demographics.

PPGfts consistently demonstrated signi�cant positive SHAP values during peak infusion. At

peak infusion, the median (IQR) value of �SBP across the cohort was �� (�) mmHg. We found

large errors in the data for the four participants (IDs: ���, ���, ���, ���) whose �SBP at peak

infusion exceeded �� mmHg.

Figure �.� summarises these results using scatter and Bland-Altman plots for �SBP estimation

using the RFPPG + ECG model. Figures F.� and F.� in the appendix shows the scatter and Bland-

Altman plots for �MAP and �DBP estimation respectively. The data from individual participants

are colour and marker-coded. The flp value of the overall estimation was �.��. The median

participant-wise correlation coe�cient was �.��, with a range of �.�� to �.��. Figure �.� (a)

shows the distributions of the reference and estimated values. The reference �SBP values ranged

from -��.� to ��.� mmHg, but the estimated �SBP values had a much tighter range of -�.�� to

��.� mmHg. The bias of the overall error was �.�� mmHg with a standard deviation of �.��

mmHg (see �gure �.� (b)). We note also an additional bias whereby large values of �SBP were

underestimated and small values were overestimated.
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Figure �.�: Individual results of �SBP estimation using the RFPPG + ECG model across all participants
in the study. Note the di�erences in the y-axis scale. The reference �SBP values from the cu� are
shown in black and the estimated values are shown in red. Under each participant’s data, we show
the summed SHAP values for each observation grouped into PPGfts, ECGfts, and demographics. Red
hues indicate a positive marginal contribution to the model prediction for each observation. Blue
hues indicate a negative marginal contribution to the model prediction for each observation.
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(a) (b)

Figure �.�: Agreement between the reference �SBP values and the estimated �SBP across the cohort
using RFPPG + ECG. Data from individual participants are colour and marker-coded. (a) Scatter plot,
with an overall correlation of �.��, a median participant-wise correlation coe�cient of �.�� with a
range of �.�� to �.��. The black striped line shows the regression line. The Grey dotted line shows
the line of unity. (b) Bland-Altman analysis, with the bias of the overall error at �.� mmHg, with a
standard deviation of �.�� mmHg

�.�.� Feature importance

To mitigate variations in the training data between folds of the LOSOCV, the overall SHAP

value feature importance was assessed through a ranking coe�cient. Figure �.� shows the median

(across folds) RF and LASSO ranking coe�cients for the PPG+ECG feature set for predicting

�SBP, �MAP, and �DBP.

Table �.� quanti�es the agreement between the feature ranks for pairs of �SBP, �MAP, and

�DBP using Spearman’s correlation coe�cient (fls). It was found that the feature importance

showed good agreement with each other (fls > 0.55 for all) and as a result, we investigate feature

importances only for SBP estimation in this chapter. The top �ve features as determined by the

median RF ranking coe�cient were: kurtosis, ‡g1, Gauss‡4/A1, Hjorth mobility, and VPG PCA1.

The top �ve features as determined by the median LASSO+OLS ranking coe�cients were: kurtosis,

Gauss‡4/A1, Gauss LVET, BP calibration, and IPA. Kurtosis had the highest feature importance in

�� out of �� folds for both RF and LASSO+OLS (�nd highest in the remaining folds). In general,

the ranking of features by LASSO+OLS followed the order of feature correlation values shown

in table �.�. The only ECG feature that demonstrated signi�cant importance in �BP estimation

was Hjorth mobility which had a median ranking coe�cient of �.�� for RF.

Figure �.� shows the relationship between �SBP and the top � ranking, non-demographic,

features from the RFPPG + ECG model. The data from di�erent participants are coded by colour

and marker to highlight clusters of features suggesting individual-speci�c feature changes. Both
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(a) (b)

Figure �.�: Median SBP, MAP, and DBP SHAP values feature ranking coe�cients for (a) RF and
(b) LASSO+OLS both with PPG + ECG feature set. As LASSO allows feature coe�cients to equal
zero, many features had a median ranking coe�cient of zero. Features are ordered by their respective
median ranking coe�cient for SBP. In instances where the median ranking coe�cient of SBP is equal
(such as all features in LASSO+OLS with a zero ranking coe�cient), features are ordered by their
order of appearance in this chapter. Demographic features are highlighted in blue and ECG features
in red for clarity.

Table �.�: Spearman’s correlation coe�cient (fls) quantifying the agreement between the feature
ranking coe�cients for pairs of �SBP, �MAP, and �DBP.

(�SBP, �MAP) (�MAP, �DBP) (�DBP, �SBP)
LASSO+OLSPPG+ECG �.�� �.�� �.��
RFPPG+ECG �.�� �.�� �.��
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Pearson’s flp and Spearman’s fls correlation coe�cients are provided. fls indicates monotonic

(but not necessarily linear) relationships and so may provide further insight into the RF models

(see for example the scatter plot of ‡g1).

Figure �.�: Relationship between the top � ranking, non-demographic, features from the RFPPG+ECG
model and �SBP. The data from individual participants are colour and marker-coded. Inter Pearson’s
flp and Spearman’s fls correlation coe�cients are shown as median and upper and lower quartiles.
Additionally, the �st and �rd quartiles of the participant-wise correlation coe�cients are shown. Note
that feature values have been both subtracted and divided by their value at baseline, see section �.�.�.

�.� Discussion

�.�.� Observed changes in the photoplethysmogram waveform morphology

Figure �.� shows the changes in PPG beat for a typical participant during the four main stages

of our study: rest, dose increase, max infusion, and washout. These changes include a loss of a

clear dicrotic notch and a rising middle peak (referred to as the tidal wave [���] and thought to

be caused by re�ected waves at the renal arteries [���]) that can overshadow the initial peak seen

at rest. These changes have been reported previously [���, ���, ��] and are thought to be due to

increased amplitude and speed of re�ected waves due to arterial sti�ening. Additionally, they

have also been shown to occur for age-related arterial sti�ening [���].

During the phenylephrine infusion, we also observed variations in the amplitude and time

duration of the PPGwaveformmorphology. Many factors can impact the amplitude of the PPGbeat,

such as respiration [���], changes in the contact pressure of the pulse oximeter [���], and changes in
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peripheral blood volume [��]. As these factors can occur independently of changes in blood pressure,

we normalised the PPG beat to have unit amplitude, as recommended in [���]. Additionally, the

phenylephrine infusion activates the barore�ex response, which increases the parasympathetic

nerve activity to the heart, slowing down HR [���]. Therefore, we additionally normalised the

time duration of the PPG pulse, allowing features such as �T to be independent of HR.

Principal components analysis (see �gure �.�) highlights the regions of most signi�cant change

in the PPG, VPG, and APG. The �rst principal component of the PPG shows a strong weighting

on the region corresponding to the location of the tidal wave (the �rst re�ected wave). Whereas,

the second component of the PPG was almost entirely focused on changes in the upslope, which has

been previously suggested as a useful region for cu�-less measurement of BP [���]. All � components

of the VPG re�ect changes in the upslope. Less consistency was found in the APG. As we included

PPG, VPG, and APG beats from all participants in the study, some of the variation in the dataset

may result from inter-participant di�erences as opposed to the intra-participant changes caused by

the arterial sti�nessmodulation. However, we still chose to implement PCA across the whole cohort

(as opposed to unique PCA per participant) in order to maintain consistency of feature de�nitions

(i.e. so that PPG PCA � from one participant represents similar changes in another participant).

�.�.� Model performance

In order to increase the training set size, the models were trained, tuned, and evaluated within

a LOSOCV framework. We implemented data augmentation by interpolating between the cu�

measurements using cubic smoothing splines with an additional � augmented measurements every

minute. Across all models, data augmentation signi�cantly improved the performance statistics at

the p < 0.001 level, computed using a Wilcoxon signed-rank test. Figure �.� (a) splits all features

into groups (PPGmorphology, VPGmorphology, APGmorphology, Gaussian decomposition, PCA,

ECG, and demographics) and shows strong intra-group correlations indicating multi-collinearity

in the dataset. We reduced feature collinearity by removing features with a VIF > 10. This
increased the con�dence of the model parameters, allowed for an appropriate examination of

feature importance, and encouraged parsimonious models.

For the PPGfts, ECGfts, and PPGfts+ECGfts feature sets, the RFmodel signi�cantly outperformed

the LASSO+OLS model at the p < 0.05 level in terms of RMSE and MAE. A non-signi�cant

di�erence was found for flp. This indicates that LASSO+OLS was able to detect directional

changes in �SBP, although it was unable to determine the magnitudes of these changes. This

points to a calibration issue whereby the LASSO+OLS model was unable to approximate the

feature calibration gradients for each participant. RF models may have been better at estimating
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the feature calibration gradients as these models allow for interactions between features and

demographics. Indeed, larger overall importance was placed on the static demographic features by

RFPPG+ECG than LASSO+OLSPPG+ECG (see �gure �.�). In linear models, these static features can only

in�uence intercepts and not gradients. Thus, since the feature set was calibrated in order to predict

�BP from a baseline calibration value, low overall importance was placed on demographics by

LASSO+OLSPPG+ECG, with the exception of BP calibration. Figure �.� demonstrates the marginal

in�uence of demographics on the RFPPG+ECG model estimates through the use of SHAP values.

Demographics were found to have a varying in�uence on the �SBP estimation, with a positive

impact on some participants (IDs: ���, ��� for example) and a negative impact on others (IDs:

���, ��� for example). Demographics are known to in�uence the PPG contour; in particular, c/a

has been previously explored as a marker for age-related arterial sti�ening [��].

Despite possible interactions with demographics, a signi�cant calibration issue still persisted

as shown in �gure �.�. This issue was particularly evident in the four individuals with the largest

�SBP at peak infusion (IDs: ���, ���, ���, and ��� shown in �gure �.�). These four individuals

experienced �SBP > �� mmHg at peak infusion, whereas the median value across the cohort was

�� mmHg. The precise clinical e�ect of the weight-based dosing of phenylephrine in an individual

would depend on the balance between their sensitivity to the increase in afterload, the e�ect

of bradycardia on cardiac �lling (therefore contractility, the Frank-Starling law [���]), and the

proportion of venous/arterial action of phenylephrine causing the increase in preload and afterload.

As a result, variations in �BP at peak infusion were expected across the cohort. The median weight

of the four outlier individuals (�� kg) was marginally larger than the cohort average (��.� kg) and

so, on average, a larger dose of phenylephrine would have been given. Other post-hoc assessments of

demographics were not su�cient to distinguish these four individuals. Although in such a small

cohort it is di�cult to draw conclusions for these individuals, we suggest two possible explanations

for the large errors found. Firstly, these individuals clearly experienced a signi�cant change to

their cardiovascular system in response to the dosing of phenylephrine and so the changes in their

cardiovascular system may not be adequately represented by the features available. Secondly, the

hybrid calibration strategy may be impacted by the small sample size. As a result, there will be

di�culty in calibrating individuals that may be classed as outliers.

A secondary explanation for the improved performance of the RF model relative to the

LASSO+OLS model may be that the features presented in this study, particularly the high-

performing features presented in �gure �.� (a), have a non-linear relationship with �SBP. This is

further corroborated by the relationship between the top � ranking (non-demographic) features and

�SBP shown in �gure �.�. Only ‡g1 shows a discernible global relationship to �SBP. Individual,
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participant-speci�c clusters are apparent, demonstrating low intra-participant variability but

high inter-participant variability. This �nding is consistent with previous studies by Radha et al.

[���] and Hasanzadeh et al. [���], who reported that using an RF instead of a linear model

improved the estimation of BP.

This non-linearity signi�cantly impacts the ability to develop individual calibration models

using these features. For PAT, typically only � model parameters (a slope and an intercept) are

required for accurate individual calibration. Therefore, theoretically, a dataset containing only

two measurements of PAT and BP for an individual is required for accurate individual calibration,

although in practice this number is much higher for accurate estimation of the model parameters

[���]. Whereas, for non-linear modelling of PPGfts or ECGfts, many more parameters are required

to be estimated, thus forcing a much larger dataset requirement for accurate individual calibration.

LASSO+OLSPAT outperformed the RFPAT due to the strong negative linear correlation of PAT

with BP. Comparing the LASSO+OLSPAT results to the PAT random intercepts model (which

assumed a constant calibration gradient) evaluated in the previous chapter highlights that in this

dataset, the inclusion of demographics had a negative impact on model performance.

The results presented suggest that PPGfts exhibits a stronger relationship with changes in BP

than the complexity features extracted from the ECG. Although Hjorth mobility demonstrated

notable feature importance, with a median ranking coe�cient of �.��, the addition of ECGfts to a

PPGfts feature set did not result in any performance improvements. As shown in �gure �.�, the

marginal contribution of ECGfts to the overall model prediction was low, and the estimations

were largely dominated by PPGfts. For a small number of participants (IDs: ���, ���, ���, and

���), ECGfts demonstrated a signi�cant contribution to model estimates, but in general, the poor

performance of the ECG feature set suggests that external, non-cardiac, control mechanisms may

have a signi�cant impact on the mechano-electric coupling BP-ECG relationship, a�ecting the

latter’s ability to estimate �BP. An additional explanation for the poor performance of the ECG

feature set may be the choice of features used to explain the changes in the ECG morphology.

However, to our knowledge, there is no other work suggesting alternatives to ECG complexity

features for BP estimation. While RFECG showed improvements over a naive baseline reference

assuming constant BP values, we suggest that ECGfts on their own may not provide a viable

solution for cu�ess BP monitoring.
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�.�.� Feature importance

We explored a large and comprehensive set of features from both the PPG and the ECG gathered

from a wide range of existing literature. The overall correlations of these features to �SBP across

the cohort were in general low with only one feature (Gauss‡4/A1) having |flp�SBP| > 0.5. There
were a number of features that had signi�cant participant-wise correlations (PWC) to �SBP,

�� features with a median absolute PWC > 0.5. The disparity between low correlations across

the cohort and high correlations on a participant-wise basis underpins the important need for

individual calibration due to low intra-participant variability and high inter-participant variability.

BP is determined by CO and TPR, and changes in either of these may be represented by

di�erent features [���]. Phenylephrine causes a direct increase in TPR [���] via an increase in

both arterial and venous vasoconstriction. Therefore, a large impact from the re�ected waves was

not unexpected. This was corroborated by the observation that the majority of features which

in this study had either a strong correlation or importance in estimating �SBP, characterise the

impact of the re�ected pressure waves (Gauss‡4/A1, c/a, IPA). On the other hand, phenylephrine

causes a mixed response in CO with the relationship governed by preload dependency [���]. The

majority of participants in the study experienced a decrease in CO (see �gure F.� in the appendix),

driven largely by a decrease in HR. Therefore, it is not surprising that at least one of the most

important features (‡g1) represents changes in the upslope of the PPG which are driven by changes

in CO [���]. However, it is not always clear how to link one feature to a speci�c BP control

mechanism. Kurtosis (the feature with the highest importance for both RF and LASSO+OLS)

for example, represents changes in the overall shape of the PPG.

We found some agreement between the features of the highest importance in our models to

those reported in the literature. For example, features derived from the APG have been previously

demonstrated to re�ect age-related arterial sti�ening [��, ���]. In agreement with this, in our

work, e/a, c/a, and slopebd were found to have median ranking coe�cients of �.��, �.��, and

�.�� respectively. In general, however, we suggest that there is little consensus on the appropriate

features for �BP estimation, both in our work and across the literature. Additionally features such

as STT, proposed by Addison et al. [���] and supported by a recent publication from Natarajan

et al. [���], had a very low median ranking coe�cient of �.�� in our dataset. Similarly, the best-

performing features from Sun et al. [���] (Sysµ, Sys‡ , Diaµ, and Dia‡) and Miao et al. [���] (b/a and

RI) all demonstrated poor performance in this work. Furthermore, to our knowledge, no previous

works have suggested that Kurtosis may be a feature of signi�cant importance for BP estimation.

It should be noted that many of the features used in this study were derived from �ducial points

such as the dicrotic notch. Relying on �ducial point detection has a number of limitations for BP
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estimation. The detection algorithms often set arbitrary decisions or thresholds for �ducial point

locations. For example, the typical de�nition for the systolic peak was not appropriate in this study

due to the increasing in�uence of the tidal wave. Additionally, �ducial point detection algorithms

will be valid up to a precision; small changes in BP observed in, for example, an ambulatory

setting may result in very small perturbations in feature values that are indistinguishable from

errors in �ducial point detection [���]. Finally, the �ducial points are not always detectable.

The dicrotic notch has been reported to diminish in elderly individuals due to atherosclerosis

(hardening of vessel walls and recruitment of collagen �bres to support walls) [��, ��]. We found

that the majority of the features with high importance (for example: kurtosis, PCA features and

Gaussian decomposition features) did not require �ducial point detection, and so these may o�er

a more desirable representation of changes of the PPG.

�.�.� Limitations

Further to the dataset constraints presented in the previous chapter, there are a few limitations to

the work presented in this chapter. Firstly, machine learning algorithms require large amounts of

data to make robust estimations. In this work, we were limited by the number of observations

per participant (typically once per minute for the �� minutes of the recording per participant)

and as a result, we were unable to explore individual calibration strategies, limiting our approach

to predicting �BP using hybrid calibration in a LOSOCV framework. With only �� participants,

however, LOSOCV hybrid calibration, with personalisation performed by participant demographics,

struggled to calibrate appropriately to the individual. This was particularly highlighted in the

calibration issue for the four individuals with the largest errors (see �gure �.�).

Furthermore, the MOLLIE study design featured a single perturbation of BP for each partici-

pant, involving an increase from baseline followed by a return to the baseline level. As highlighted

by Mukkamala et al. [�], single-perturbation studies may yield biasedly favourable results since

models tend to over�t to the speci�c mechanisms activated by the intervention. Consequently,

the extent to which the conclusions drawn in this chapter can be extrapolated to an ambulatory

setting, which is the primary focus of this thesis, remains to be evaluated.

In the literature, the systolic peak is conventionally de�ned as the maximum of the PPG beat

[���]. However, in our study, it was observed that under the in�uence of phenylephrine at peak

infusion, the tidal wave may have an amplitude greater than that of the original systolic peak

(see �gure �.�). In such instances, the standard de�nition of the systolic peak may incorrectly

classify it as part of the tidal wave. Consequently, features like CT, �T, and STT, which rely on

precise systolic peak detection, may be signi�cantly a�ected. Although this PPG morphology has
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been documented previously [���, ���, ��, ���], the precise de�nition of the systolic peak in such

cases remains ambiguous. To address this issue, we identi�ed the systolic peak as the �rst turning

point of the PPG pulse above its midpoint. While this de�nition proved suitable for our brief,

single-perturbation study with minimal motion artefacts, it may pose a signi�cant limitation to

BP estimation using PPG in real-world scenarios where motion artefacts are a substantial source

of noise and the PPG may contain multiple turning points.

Finally, the accuracy of the BP cu� is a signi�cant limitation to using single-point or hybrid

calibration for BP estimation. Minor errors in a single cu� reading, caused by instrumentation or

user factors (such as movement or incorrect cu� sizing), can result in a consistent o�set in BP

estimation. For instance, consider participant ��� �gure �.�, where the initial calibration during

the rest period indicated �SBP cu� and �SBP est values of �mmHg. Over the subsequent �ve cu�

in�ations, the �SBP cu� readings decreased to just under -� mmHg, within the resolution of the

ANSI/AAMI protocol. It remains unclear whether this SBP change re�ects an actual physiological

shift (potentially caused by the participant’s relaxation during the study) or is an outcome of

instrumental errors in the blood pressure cu�. In any case, a consistent DC o�set of �-�� mmHg

was observed in the remaining BP estimates for this participant.

�.� Conclusion

In this chapter, we explored the potential for using features derived from the morphology of the

PPG and ECG to estimate �BP. Our results indicate that the currently proposed ECGfts cannot

accurately track �BP. Therefore, we do not pursue further investigation of ECGfts as a marker for

changes in BP in the rest of this thesis. However, we did observe clear changes in the PPG waveform

in response to the dose increase of phenylephrine and hypothesised that these changes were caused

by smooth muscle activation leading to an increase in the amplitude of the re�ected tidal wave.

Several PPGfts, including kurtosis, ‡g1, and Gauss‡4/A1, were able to re�ect these changes, and

non-linear modelling of these features achieved similar performance to linear modelling of PAT. It

is evident that estimating BP using PPGfts is limited by the same calibration constraints as PAT.

However, the apparent non-linear relationship between BP and PPGfts is likely to exacerbate the

calibration problem, requiring a larger database of reference measurements for adequate individual

calibration. Ultimately, we conclude from this work that features from the PPG may be further

explored as an indicator for changes in BP within a given individual.

This analysis has all been performed in a controlled setting with �BP induced by a pharmaco-

logical agent. In the next chapter, we examine ��-hour variations in these features and question

whether they exhibit an endogenous circadian rhythm in line with that of BP.
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�.� Introduction

Circadian patterns of BP have been extensively documented in the literature (see section �.�.�).

This endogenous rhythm, driven by neurohormonal variations, typically includes a decrease in

BP during sleep, a phenomenon known as ’dipping’ [�]. However, di�erent BP circadian rhythm

phenotypes exist depending on the magnitude and direction of the nocturnal change in BP. Recent

research on this rhythm has strengthened the evidence that ’non-dipping’ (no nocturnal change in

BP), and ’reverse dipping’ (increase in BP during sleep) patterns are predictors of both fatal and

nonfatal cardiovascular events that are independent of daytime BP values [��, �]. Currently, ABPM

is the only technique available to monitor the circadian rhythm of BP in a home environment.

However, ABPM is extremely disruptive to sleep and daily life and, as a result, is rarely performed

���
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in primary care [�, �]. The development of portable cu�ess devices for monitoring ��-hour BP

patterns at home would, therefore, be of signi�cant importance.

The previous two chapters presented the fundamental methods to estimate BP using PAT and

features from the PPG signal (PPGfts). These methods were explored over a short-term clinical study

that induced variations in arterial tone through pharmacological intervention. In this chapter, we

extend this analysis to investigate whether PAT and PPGfts have their own endogenous circadian

rhythm in synchronicity with that of SBP. We additionally investigate whether the circadian

rhythms of PAT and PPGfts may be able to di�erentiate between BP phenotype patterns.

�.� Methods overview

Large longitudinal datasets from which it might be possible to evaluate circadian rhythms of PAT

and PPGfts in a healthy population are not readily available. As a result, in this chapter, data

was gathered from the MIMIC-III intensive care unit (ICU) database (see section �.�). As is it

not the goal of this thesis to propose cu�ess BP circadian rhythm estimation within the ICU,

we selected a cohort of ICU patients who were most likely to exhibit circadian variation in vital

signs comparable to those observed in an out-of-hospital setting.

An overview of the signals extracted from each patient is provided in �gure �.�(a). During

each patient’s stay in the ICU, vital signs such as SBP, HR, and RR were routinely measured

and recorded by the clinical team often at approximately hourly increments. Unlike the previous

two chapters, we only focused on SBP in this work, and not MAP or DBP, as the literature

regarding the circadian rhythm of BP and the corresponding phenotypes is largely dominated

by analysis of SBP [�]. Additionally, ECG and PPG waveforms were recorded from each patient.

PPG signals were recorded using a �nger probe pulse oximeter. From these signals, we derived

estimates of PAT and PPGfts. To mitigate against motion artefacts, we extracted PPGfts using

an ensemble-averaged PPG (PPGEA).

An overview of the steps implemented to investigate the circadian rhythms of the relevant

signals is shown in �gure �.�(b). For each patient and each signal, we performed statistical modelling

of circadian rhythms using the rhythmometric double-cosinor model. The model goodness-of-

�t was assessed using an F-test and for each signal, any patient that did not pass the F-test, at

the p < 0.05 level, was removed from subsequent analysis. We performed a population-level

analysis by comparing representative circadian rhythm pro�les across the cohort. Finally, we

performed a statistical comparison of the distributions of model parameters across the cohort. We

grouped these analyses by patient’s BP phenotype in order to investigate phenotype estimation

using PAT and PPGfts.
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(a)

(b)

Figure �.�: Schematic of the methodology implemented to estimate the circadian rhythm pro�les
of all signals of interest in this chapter. (a) Signal extraction from each patient in the cohort. Vital
signs: SBP, HR, and RR were all extracted from the data charted by the clinical team in the hospital,
typically once per hour. PAT was estimated from the ECG and PPG signals. Ensemble averaged PPGfts
were estimated from the PPG. (b) Estimating circadian rhythm pro�les. For each patient and each
signal of interest (denoted here by ›), we modelled the circadian rhythm using the rhythmometric
double-cosinor model. Model goodness-of-�t was assessed using an F-test; any patient that did not
pass the F-test at the p < 0.05 level was removed from the subsequent analysis (demonstrated here
by the greyed-out blocks). Finally, we analysed the circadian rhythms of all signals on a population
level as well as through investigating the distributions of the double-cosinor parameters.

�.� Pulse arrival time estimation in the MIMIC database

We followed the steps outlined in section �.� to preprocess the PPG and ECG waveforms, detect

their respective cardiac beats and assess their signal quality (SQIPPG and SQIECG respectively).

The ECG mains frequency notch �lter was redesigned with a centre frequency of ��Hz, the

frequency of mains power in the US.

It has been previously observed that PAT estimates computed using data recorded in the

MIMIC database contain an artefact resulting from internal clock di�erences in the equipment

used for data collection [���, ���, ���, ���]. The ECG and PPG waveforms were recorded by

separate Phillips modules each with its own internal clock and individual sampling rates. The

signals were then later resampled for the MIMIC database to have the same sampling frequency

(��� Hz) to allow for easy comparison by the research community. The sampling rate conversion

resulted in a relative drift of the PPG waveform with respect to the ECG waveform. The resulting

artefact can be characterised by a consistent DC time o�set as well as an AC sawtooth pattern

with a period of around ���s. The sawtooth artefact can be seen in �gure �.�(a).

This sensor artefact can make the comparison of beat-by-beat PAT estimates with BP di�cult.

For example, the time o�set can push PAT values to be just over the R-R interval in the ECG signal,
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(a)

(b) (c)

Figure �.�: Sensor delays between the ECG and PPG waveforms recorded in the MIMIC dataset.
(a) Sawtooth pattern seen in PAT due to clock di�erences between the ECG and PPG devices. (b)
Distribution of PAT values computed using the typical de�nition identifying PPG beats between
successive ECG R-peaks. (c) Distribution of PAT values used in this chapter by identifying PPG
beats within a �.�� s to �.�� s window from each ECG R-peak. Note that the mean PAT value
computed in the MIMC database is signi�cantly larger than typically observed in healthy individuals
(see �gure �.�� and [���]) as well in the ICU [���], highlighting the impact of the consistent DC
o�set.

which would be physiologically impossible given the typical speed of the pulse wave [���]. In these

instances, the standard algorithm for computing PAT values (the time from the R-peak in the

ECG signal to the �rst PPG beat) may fail to track the correct PPG pulse. Figure �.�(b) shows the

distribution of PAT values computed using the same algorithm as in the previous chapters. A small

peak occurs just above zero seconds, driven by PPG beats drifting over an R-peak as a result of the

sensor delays. In order to mitigate the e�ect of this, we computed PAT values as the time from each

R-peak in the ECG signal to the �rst PPG beat within a window of �.�� s to �.�� s. The distribution

of the resulting PAT values is shown in �gure �.�(c). Note that the mean of the distribution of

PAT values computed in the MIMC database is signi�cantly larger than typically observed in both

healthy individuals (see �gure �.�� and [���]) as well in the ICU [���], highlighting the sensor

artefact consistent DC o�set on top of which the sawtooth AC waveform is superimposed.

The quality of the computed PAT signal, SQIPAT, was estimated using the methods outlined in

section �.�.�with an outlier window length and stride length of �minutes and �minutes respectively.

Subsequently, Kalman �ltering was employed to reduce the e�ects of transient artefacts.
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�.� Computing ensemble averaged photoplethysmogram features

In an uncontrolled setting such as the ICU, PPG signals recorded using a pulse oximeter with

a �nger probe can often be corrupted by sudden motion artefacts caused by, for example, hand

movements. In order to mitigate this, we computed PPGfts from an ensemble-averaged PPG beat

(PPGEA) representative of the average PPG signal within a ��-second sliding window, with a

step size of �� seconds.

�.�.� Computing ensemble-averaged photoplethysmogram

To compute the overall PPGEA for each ��-second window, we adopted a four-stage strategy. At

the end of each stage, a PPGEA was constructed using PPG beats located within the window that

met the stage criteria. The PPGEA was constructed by �rst normalising all valid PPG beats to

have unit amplitude. Subsequently, all beats were then resampled to be ��� samples long using

cubic-splines interpolation. Finally, all normalised and resampled PPG beats were averaged to

construct the PPGEA for the relevant stage and window.

The four stages involved in computing the PPGEA are outlined in �gure �.�. For the �rst

stage, all beats of poor signal quality (de�ned as an SQIPPG equal to �) were removed from

analysis. In the second stage, the PPGEA was computed using only the valid beats (from the

previous stage) that did not exceed the mean ± three standard deviations for that window. In

the third stage, the flp and relative lag (·lag) of each PPG beat with the PPGEA were computed.

·lag was computed as the time delay that maximised the cross-correlation, Rxy, between the two

waveforms (see section �.�.�.�). Any beat with flp < �.� or |·lag| > ��ms was discarded. Finally, in

the fourth stage, the ·lag of each beat with the PPGEA was recomputed as before and any beat

with Rxy(·lag) < 0.8 with the PPGEA was discarded.

The resulting SQI of the PPGEA for each ��-second window, w, (SQIEAPPG(w)) was computed as:

SQIEAPPG(w) = 1
Nw

ÿ

jœ�
SQIPPG(j) (�.�)

where Nw is the total number of PPG beats initially in w (i.e. prior to stage �), � is the subset of

PPG beats that were ultimately not discarded from analysis post stage �. Note that SQIEAPPG(w)

is a particularly strict signal quality index (i.e. values are much more likely to be closer to zero

than beat-by-beat SQIPPG values) as it is impacted not only by the number of beats discarded

from analysis but also by the SQIPPG of the remaining valid beats.
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(a)

(b)

(c)

(d)

Figure �.�: Overview of the four stages used to compute PPGEA and SQIEA. At each stage, beats that
did not meet the stage criteria are shown in red and the resulting PPGEA for that stage is shown
in the right-hand column. n indicates the fraction of PPG beats in the window that met the stage
criteria up to that stage. (a) Stage �: PPGEA is constructed from PPG beats with an SQIPPG greater
than �. (b) Stage �: PPGEA is constructed from beats that do not exceed the mean ± three standard
deviations for that window. (c) Stage �: PPGEA is constructed from beats whose correlation with
PPGEA was greater than �.� and lag was less than ��ms. (d) Stage �: PPGEA is constructed from beats
whose circularly shifted correlation was greater than �.�.

�.�.� Fiducial point detection

With the exception of S (peak of the PPG pulse), N (corresponding to the dicrotic notch), and

D (corresponding the diastolic peak), we used the same criteria as were outlined in section �.�.�

to detect the �ducial points of the PPGEA. For each PPGEA we de�ne a normalised time vector

tÕ such that tÕ starts at � and is equal to � at the end of the beat.

S was de�ned as the maximum of the PPGEA, at time StÕ . The dicrotic notch has been reported

to diminish in elderly individuals due to the development of atherosclerosis [��, ��], N and D can,

therefore, often be missing in PPG signals recorded from patients in the ICU. We followed the

method proposed by Balmer et al. [���] for end-of-systole detection in dicrotic notch-less pressure

waveforms. The algorithm places a prior weighting function, wN(tÕ), on the expected dicrotic

notch location in the APG waveform (referred to as APGEA here as it is computed as the second
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derivative of PPGEA) using a beta distribution. wN(tÕ) was de�ned as:

wN(tÕ) =

Y
____]

____[

0 : tÕ Æ StÕ

A
tÕ ≠ StÕ

1 ≠ StÕ

B
–≠1

A
tÕ ≠ 1
StÕ ≠ 1

B
4 : tÕ > StÕ

(�.�)

for tÕ > StÕ , wN(tÕ) is a beta-distribution whose position is characterised by –, computed as:

– =
3tÕ

Nexp
≠ 4StÕ + 1

1 ≠ tÕ
Nexp

(�.�)

where tÕ
Nexp

is the expected location of the dicrotic notch for each PPGEA. – was bounded between

�.� and �.� in order to ensure that wN(tÕ) was not too prominent in late systole or early diastole.

For the nth PPGEA, tÕ
Nexp

was de�ned as:

tÕ
Nexp

=

Y
__]

__[

0.45/TEA ≠ 0.1/T 2
EA

if n Æ 10

1
10

q10
i=1 T Õ

sys
(n ≠ i) otherwise

(�.�)

where T Õ
sys

(j) is the detected systolic duration from the jth PPGEA and TEA is equal to the median

time duration of the beats in � (i.e. e�ectively a scaling factor of the normalised time vector tÕ).

The "0.45/TEA ≠ 0.1/T 2
EA

" estimate stems from the observed empirical relationship between the

duration of systole and HR in a study involving ��� adults previously outlined in section �.�.�

and projected on our normalised time vector tÕ [���].

With wN(tÕ) computed, the dicrotic notch, N , was located as the most prominent peak of

APGEA · wN(tÕ). Following the work of Millasseau et al. [���], the location of the diastolic peak D

was detected as the earlier of the two following points: the �rst turning point of APGEA following

N , or as the zero-crossing point of the VPGEA following N . An overview of these steps is shown

in �gure �.� for a typical PPGEA waveform in the database.

�.�.� Feature extraction

We extracted the same �� PPGfts analysed in the previous chapter from each PPGEA beat. These

features are outlined in table �.�. Note that, similar to the previous chapter, as the time duration of

PPGEA was normalised, all PPGfts were independent of HR. To allow for consistency of feature

de�nitions, features derived from principal component analysis (PCA) were computed using

the same principal orthogonal axes as in section �.�.�.�. We processed the PPGfts using outlier

detection to remove notable deviations in values and a Kalman �lter to reduce the e�ect of

transient artefacts caused by noise. As the sampling frequency of the PPGfts was �/�� Hz (a
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Figure �.�: Fiducial point detection of PPGEA in theMIMIC database. S was detected as themaximum
of the PPGEA. The a, b, c, and d waves of the APGEA were detected in the same manner as previously
outlined in section �.�.�. N and D were detected through analysis of the APGEA multiplied by a
prior weighting function wN computed as in equation (�.�). tÕ is the normalised time vector.

(a) (b) (c)

Figure �.�: Visual comparison of three PPGfts (STT, Kurtosis, c/a) extracted on a beat-by-beat basis
to those extracted from PPGEA for a typical patient over a ��-hour monitoring period. PPGEA PPGfts
present a smooth approximation of the overall trends. The shaded area indicates night-time (de�ned
as midnight to �am).

result of the step size of PPGEA computation) the outlier detection was performed over a larger

��-minute window with a ��-minute step.

Figure �.�, visually compares PPGfts extracted on a beat-by-beat basis to those extracted from

PPGEA for a typical patient over a ��-hour monitoring period. We note that ensemble-averaged

PPGfts represent a smooth approximation of the overall trends of each individual feature.
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Table �.�: Summary of the �� PPGfts extracted from each ensemble averaged PPG beat. All
nomenclature as introduced in table �.�.

Feature notation Description or formula
Slope transit time (STT) [���] Slope of straight line from onset to systolic peak
In�ection point area (IPA)[���] ADias/ASys

Width50 [��] Width of the PPG at �� % of its amplitude
Normalised Harmonic Area (NHA) [���]

qNh
n=2 FFT

2(n · f1)/ qNh
n=1 FFT

2(n · f1)
In�ection andHarmonic area ratio (IHAR) [���] (�-NHA)/ IPA
Skewness [���] Asymmetry of the data around the mean
Kurtosis [���] Relative "tailedness" of the distribution
Sys‡ [���] Variance of VPG in the systolic phase
Dia‡ [���] Variance of VPG in the diastolic phase
b

a
, c

a
, d

a
& e

a
[��]

slopeb-d [���] Slope of a straight line between b and d, normalised by a

‡g1, Ag1„ ‡g3 Ag3 Variance and amplitude of the �rst and third decomposed
Gaussians

Gaussian augmentation index (Gauss AI) [���] max(gs) ≠ Ag3
Gaussian re�ection index (Gauss RI) [���]

q(gs) ≠
q(g3)

Gaussian augmentation indexR (Gauss AIR) [���] (Ag1 ≠ Ag2)/Ag1
Gaussian re�ection indexR (Gauss RIR) [���] Ag3/Ag1
Gaussian approximation of left ventricular ejec-
tion time (Gauss LVET) [���]

See section �.�.�.� for de�nition.

Gauss‡4/A1 ‡g4/Ag1
PPG PCA �-� [���] First � principal components of PPG beat
VPG PCA �-� [���] First � principal components of VPG beat
APG PCA �-� [���] First � principal components of APG beat

�.� Cohort selection

In section �.�.� we introduced our MIMIC patient selection criteria which restricted our analysis

to a subset of �,��� patients most likely to exhibit physiological vital-sign pro�les comparable

to non-hospitalised individuals. For each patient, we averaged all signals (SBP, HR, RR, PAT,

and all PPGfts) within each hour of the ��-hour period we are analysing. This process avoids

weighting continuous data (PAT and PPGfts) above the irregularly sampled (typically once per

hour) charted vital-sign measurements. These mean hourly values were recorded using centre

alignment (e.g. the mean of measurements between �:�� pm and �:�� pm was recorded as occurring

at �:�� pm). We show this process in �gure �.�.

In an ICU, measurement equipment and sensors may be frequently removed as patients get up

out of bed, eat, or when examinations were performed. As a result, all signals were not present for

the full �� hours for each patient. In order for there to be enough data to appropriately model

circadian variations for each patient, we required there to be at least � distinct hourly bins with

valid measurements for all signals with at least one measurement during the day (��am to �pm) and

at least one during the night (midnight to �am). For both PAT and PPGEA, we calculated an hourly
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Figure �.�: Typical patient pro�le showing SBP, HR, RR, PAT, and PPGfts recorded during the �nal
��-hour period of a patient’s stay in the ICU. Values of SBP, HR, and RR were recorded typically
once an hour. High-frequency variation in PAT demonstrates the sawtooth artefact (see �gure �.�(a)).
Only three PPGfts (STT, Kurtosis, and c/a) are shown here as a representation. The shaded area
indicated night-time (de�ned as midnight to �am).

SQI as the mean value of SQIPAT and SQIEAPPG respectively. If either of these SQIs fell below a given

threshold “SQI, then a valid measurement of PAT or PPGfts could not be made for that window. To

determine the optimum value of “SQI, we performed a sensitivity analysis outlining the threshold’s

impact on the number of patients for whom the criteria of at least � valid measurements, with at

least one daytime and one night-time measurement, was met for PAT or PPGfts. This analysis is

shown in �gure �.�. As a result of the strict SQI developed for PPGEA (see equation (�.�)), PPGfts

exhibited a signi�cantly higher sensitivity to “SQI than PAT. From this analysis, “SQI was set as �.�.

This resulted in �,��� patients from which we computed an estimate of their circadian rhythm.

�.�.� Blood pressure phenotype labelling

Section �.�.� identi�ed three BP phenotypes according to the percentage di�erence between the

mean night-time (midnight to �am) SBP and the mean daytime (��am to �pm) SBP, normalised
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Figure �.�: Sensitivity analysis of the impact of “SQI on the number of patients for whom � valid
measurements of PAT or PPGfts were available with at least one measurement during the day and
one at night. From this analysis, “SQI was set as �.�.

by the latter (DRSBP):

DRSBP = SBPNight ≠ SBPDay

SBPDay
· 100% (�.�)

Patients were placed in the PD, PND, or PRD categories using the DRSBP criteria outlined in ta-

ble �.�.

Table �.�: BP phenotype labelling according to an individual’s SBP day-to-night dip ratio (DRSBP).
Daytime was de�ned as ��am to �pm, night-time was de�ned as midnight to �am.

Phenoptype SBP Dip ratio (DRSBP) range
Dipper (PD) -��% Ø DRSBP

Non-dipper (PND) �% > DRSBP Ø -��%
Reverse dipper (PRD) DRSBP Ø �%

�.� Estimating circadian rhythm pro�les

There is no gold standard method for analysing ��-hour variations in vital signs such as SBP. The

approaches typically employed in the literature include the rhythmometric cosinor method [���,

���, ���], cubic smoothing splines [���, ���], and a double logistic model [���]. Of these methods,

cosinor analysis has traditionally been the most common approach for statistical modelling of

circadian variations. For example, ABPM data is traditionally analysed through a double-cosinor

model (the summation of two cosinors with ��-hour and ��-hour periods respectively) [���, ���].

This approach has been shown to be able to model the early morning BP peak [���] as well as

demonstrate signi�cant di�erences in the PD and PND BP phenotypes [���].

Figure �.�(b) provides an outline of the steps implemented in our analysis of the circadian

rhythm of the following signals: SBP, HR, RR, PAT, and all PPGfts.
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�.�.� Double-cosinor model

The rhythmometric cosinor method was initially developed in the ����s by Halberg in order

to analyse short sparse data series, such as the breakdown of births and deaths according to the

hours of the day [���, ���]. At the time, methods typically used to analyse periodic data (such as

periodograms) required data to be equidistant and cover multiple cycles. The cosinor method is

a curve �tting method that attempts to �t a sinusoid to data through least squares procedures,

thus removing the limitations of data length and uniform sampling [���]. However, limitations

in this method still exist, primarily through the sensitivity to outliers.

Fitting a single-cosine model to observations of signal Yi taken at time ti for a patient can be

written as:

Yi = M + A cos(2fiti/· + „) + ‘i, i = {1, . . . , Nmeas} (�.�)

where M represents the midline estimating statistic of rhythm (MESOR) or the level around

which the oscillations cycle, A is the amplitude (half the extent of predictable variation within

a cycle), · is the period (duration of one cycle) and „ the acrophase (the time of overall high

values recurring in each cycle). Nmeas is the number of signal observations for a patient. The

parameter ‘i represents the error at time ti, with the error terms assumed to be normally distributed

with zero mean. For the case of assessing circadian rhythms, · was �xed to �� hours. This

allowed equation (�.�) to be written as:

Yi = M + —xi + “zi + ‘i, i = {1, . . . , Nmeas} (�.�)

where:

— = A cos „; “ = ≠A sin „; xi = cos(2fiti/·); zi = sin(2fiti/·) (�.�)

Equation (�.�) is therefore linear in terms of M , —, and “ and can be solved using least squares.

The principle underlying the least squares method is the minimisation of the residual sum of squares

(RSS), the sum of the squared di�erences between reference measurements Yi and modelled values:

RSS =
Nmeasÿ

i

(Yi ≠ (M + —x + “z))2 (�.�)

RSS is minimised by di�erentiating equation (�.�) with respect to M, —, and “ and setting

the resultant to �. This results in the following set of equations:
S

WU
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where the values of M, —, and “ can be computed by solving:

u = S≠1d (�.��)

A and „ can then be computed using trigonometric relations from equation (�.�):

A =
Ò

—2 + “2 „ = tan≠1(≠“

—
) (�.��)

The single-cosinor model is easily extended to include the summation of multiple cosinor

components at harmonic frequencies of the fundamental ��-hour component (i.e. components

with ��-hour, �-hour, �-hour etc periods) [���]. Multiple components are often more appropriate

for modelling data that contain multiple peaks and nadirs and so deviate from perfect sinusoidality.

For example, the ��-hour pro�le of SBP typically includes two peaks, one soon after awakening and

one in late afternoon (see section �.�.�), and as a result, is commonly analysed using a double-cosinor

model consisting of cosines with both ��-hour (also known as a ultradian pattern) and ��-hour

periods [���, ���, ���, ���]. The double-cosinor model is de�ned as:

Yi = M + A1 cos(2fiti/·1 + „1) + A2 cos(2fiti/·2 + „2) + ‘i, i = {1, . . . , Nmeas} (�.��)

where ·1 is �� hours, and ·2 is �� hours. The system increases from � equations with � unknowns to

� equations with � unknowns (M and � pairs of (Aj and „j)). It is for this reason that we required

all patients to have a minimum of � valid measurements of each signal. The parameters can be

computed using the same method as the single component cosinor, through solving equation (�.��).

The multiple-component cosinor model also introduces two new parameters: orthophase and

bathyphase. Orthophase (◊Orth) is the time to the nadir of the model. Bathyphase (◊Bathy) is the

time to the peak of the model. For signals such as SBP, these parameters have been shown to be

especially important to distinguish ’dippers’ and ’reverse-dippers’ [���].

�.�.� Goodness-of-�t F-test

A goodness-of-�t test assesses model adequacy based on how well the model �ts the observed data.

In this work, we assessed the goodness-of-�t of the double-cosinor model for each signal and each

patient based on an F-test. An F-test provides a statistical assessment of the presence of a rhythm

(i.e. the amplitudes of the two cosinor terms are non-zero) in the observed data [���]. The test

statistic, Frhythm, is computed as the ratio of the RSS (de�ned in equation (�.�) as the variance

of the observed data that is unexplained by the model), and the model sum of squares (MSS, the

variance of the observed data that is explained by the model). MSS is computed as:

MSS =
Nmeasÿ

i=1
(M + A1 cos(2fiti/·1 + „1) + A2 cos(2fiti/·2 + „2) ≠ 1

Nmeas

Nmeasÿ

j=1
(Yj)) (�.��)
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If there is a rhythm present in the data, then the majority of the variance in the data would be

captured by the double-cosinor model and so MSS would be notably larger than RSS. Thus,

Frhythm is computed as:

Frhythm =

3MSS
4

4

3 RSS
Nmeas ≠ 5

4 (�.��)

where � and Nmeas ≠ 5 are the degrees of freedom attributed to the model (� model parameters

- �) and to the error term (Nmeas ≠ 5 model parameters). Frhythm follows the F -distribution

and thus, the null hypothesis (H�) that there is no rhythm present is rejected at a �% con�dence

level when Frhythm > F95%(4, Nmeas ≠ 5). For each signal, the proportion of patients that pass

the F-test is referred to as % rhythm. Signals that have their own endogenous circadian rhythm

are likely to exhibit high % rhythm values.

�.�.� Population-level double-cosinor model

In order to investigate the circadian rhythm pro�le present across the whole cohort, we computed

a representative population-level double-cosinor model for each signal.

As outlined in the previous chapters, when estimating BP using PAT or PPGfts, individual-

speci�c calibration coe�cients are often handled by subtracting a calibration data point and

as such changes in SBP (�SBP) are often predicted using changes in PAT (�PAT) or PPGfts

(�PPGfts). To account for this, for each patient and each signal we subtracted the corresponding

MESOR value around which the double-cosinor models oscillate. As a result, in this chapter,

we analysed circadian rhythm deviations for all signals.

To compute the population-level model for each signal, each patient in the cohort was �rst

modelled by the double-cosinor model to yield estimates of uj = [—1j, “1j, —2j, “2j], j =
{1, . . . NCirc} where NCirc is the number of patients in the cohort. Patients that did not pass

the F-test for the presence of a rhythm were removed from the population-level analysis. The

resulting population size for each signal is labelled N Õ
Circ

.

Individual vectors uj are assumed to be a random sample from a �-dimensional, multi-variate

Gaussian distribution with mean: uú = [—ú
1 , “ú

1 , —ú
2 , “ú

2 ]. The population estimates are unweighted

averages of the individual parameters [���]:

uú = 1
N Õ

Circ

N
Õ
Circÿ

i=1
[—1i, “1i, —2i, “2i] = [—ú

1 , “ú
1 , —ú

2 , “ú
2 ] (�.��)



�. Analysis of the circadian rhythm of pulse arrival time and photoplethysmogram features ���

and the population Aú
1, Aú

2, „ú
1 and „ú

2 parameters can be estimated using the relations:

Aú
1 =

Ò
—ú2

1 + “ú2
1 , „ú

1 = tan≠1(≠“ú
1

—ú
1
), Aú

2 =
Ò

—ú2
2 + “ú2

2 , „ú
2 = tan≠1(≠“ú

2
—ú

2
) (�.��)

For each signal, the population-level double cosinor model was subsequently computed using

equation (�.��) (with M set to �). Agreement between each signal’s population-level pro�le was

characterised by visual inspection of the pro�les as well as linear correlation, flp. To examine their

consistency across BP phenotypes, these results were grouped into PD, PND, and PRD cohorts.

�.�.� Distributions of double-cosinor parameters

Analysing the distributions of the double-cosinor parameters provides an insight into the response

at a patient level (which is then explored in more detail in chapter �). Here we outline our steps to

produce con�dence intervals for ◊Orth and ◊Bathy as well as a comparison of model parameters

across BP phenotypes.

�.�.�.� Con�dence intervals for ◊Orth and ◊Bathy

The orthophase (◊Orth) and bathyphase (◊Bathy) of double-cosinor models indicate times of signal

nadirs and peaks respectively. This is especially important for non-invasive tracking of circadian

rhythms of BP in order to indicate timings of night-time dips and whether these timings are

consistent across individuals. As ◊Orth and ◊Bathy are not thought to take on a normal distribution

[���], ��% con�dence intervals for the population mean ◊Orth (CI◊Orth
95 ) and ◊Bathy (CI

◊Bathy
95 ) were

approximated by a bootstrap estimate using �,��� repeats [���, ���]. Wide CI◊Orth
95 or CI

◊Bathy
95 for a

given signal, indicate notable inconsistencies of nadir or peak timings respectively across all patients.

Bootstrapping is a sampling technique used to estimate the distribution of a parameter of

interest [���]. By randomly resampling (with replacement) ◊Orth and ◊Bathy from the cohort, a

bootstrap estimate of the population mean can be calculated for these parameters. Furthermore,

the distribution of each parameter around its population mean can be used to calculate CI95. For

each signal, the procedure starts by selecting a random sample (also known as a replicate), with

replacement, of ◊Orth and ◊Bathy from all patients that passed the F-test for the presence of a rhythm.

From this replicant the sample mean ◊̄Orth and ◊̄Bathy were computed. As phases represent a circular

parameter (◊Orth, ◊Bathy œ [0, 2fi]), the standard linear mean would not account for the circular

properties. As a result, the circular mean equivalent was implemented (see appendix C.�). Repeating

this process �,��� times (as recommended [���]) a large number of estimations of ◊̄Orth and ◊̄Bathy are

derived. For each parameter, taking the �.� and ��.� percentiles of this set of values returns theCI95.
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�.�.�.� Comparison of double-cosinor parameters across phenotypes

To test the null hypothesis that the circadian features derived using the double-cosinor models

([A1, „1, A2, „2, ◊Orth, ◊Bathy]) did not di�er between patients grouped in the PD and PRD

cohorts (see table �.�), a non-parametric comparison of these features was performed. For A1

and A2 this assessment was performed using a Mann-Whitney U Test. Details of this statistical

test are provided in appendix C.�. For the phase parameters („1, „2, ◊Orth, and ◊Bathy) this was

performed using a non-parametric test for equal circular medians [���]. Details of this statistical

test are provided in appendix C.�. We adjusted the p-values for multiple comparisons using the

Benjamini-Hochberg method (see appendix C.�.�).

�.� Results

�.�.� Dataset

Table �.� shows the overall demographics of the cohort of patients evaluated. A total of �,���

patients made up the cohort. ��.�% of patients were male, and on average stayed for �.� days in the

ICU. The mean Oxford Acute Severity of Illness Score (OASIS), a severity of illness score used for

predicting patient outcomes, was ��.�, suggesting that, on average, a patient in our cohort had a

�.��% chance of dying in the ICU [���]. On average, around �� measurements of SBP, HR, RR,

and PAT were recorded for each patient during the ��-hour period of analysis. In comparison,

there were, on average, ��.� hourly estimates of PPGfts.

�.�.� Population-level double-cosinor model

Table �.� provides an overview of the evaluation metrics computed by estimating the population-

level circadian rhythm deviations for all signals, grouped into vital signs (�SBP, �HR, �RR),

�PAT, and �PPGfts. Intra-group signals are ordered by their absolute correlation with the

population-level circadian rhythm pro�le of �SBP across all patients.

Of the patients studied, ��.�%, ��.�%, and ��.�% exhibited a rhythm in �SBP, �HR, and �RR,

respectively. Both �HR and �RR were highly correlated with �SBP across the whole cohort

(flp = �.�� for both). However, this relationship was not consistent across phenotypes, as a weak

negative correlation (flp = -�.�� for �HR and -�.�� for �RR) was reported for ’reverse dippers’.

Most of the patients (��.�%) exhibited a rhythm in �PAT, which had a strong negative

correlation (flp = -�.��) with �SBP across the whole cohort. This result was consistent across BP

phenotypes (PD : flp = -�.��; PND : flp = -�.��; PRD : flp = -�.��).
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Table �.�: Demographics of the subset of patients selected from the MIMIC database. Data was
recorded during the last �� hours of a patient’s stay in the ICU. Parameters such as height and weight
were not recorded for all patients and so are not presented here. The admission location provides
information about the previous location of the patient prior to arriving in the intensive care unit
(ICU). The reference BP phenotype was computed using DRSBP.

Descriptor Value
Number of patients ����

Male ���
Female ���

Age (years)� ��.� (��.�)
Length of stay in the ICU (days)� �.� (�.�)
OASIS�, � ��.� (�.�)
Ethnicity�

White ��� (��%)
Black ��� (��%)
Unknown ��� (��%)
Hispanic �� (�%)
Asian �� (�%)

Admission location�

Referral ��� (��%)
Emergency room admission ��� (��%)
Transfer from hospital ��� (��%)

BP phenotype�

Dipper (PD) ��� (��%)
Non-dipper (PND) ��� (��%)
Reverse dipper (PRD) ��� (��%)

# measurements�

SBP ��.� (�.�)
HR ��.� (�.�)
RR ��.� (�.�)
PAT ��.� (�.�)
PPGfts ��.� (�.�)

� Patient-wise mean (standard deviation). � Oxford Acute Severity of Illness Score (OASIS), a severity
of illness score used for predicting patient outcomes [���]. � Values given as count (% of total number
of patients)

Approximately ��% of patients exhibited a rhythm across all �PPGfts. �Gauss‡4/A1 was

reported to be the lowest % rhythm metric, ��.��%. For �� (��.��%) �PPGfts there was a strong

(|flp| > 0.7) correlation with �SBP across the whole cohort. �� (��.��%) �PPGfts had consistent

directional relationships across all BP phenotypes. � �PPGfts had strong correlations across all

phenotypes with consistent directions: �VPG PCA�, �Sys‡ , �PPG PCA�, �STT, and �Width50.

These results are visualised in �gure �.� showing the population-level double-cosinor deviation

pro�les for all signals. Figure �.� shows these pro�les for all signals grouped by BP phenotype. As

expected, a clear distinction between the phenotypes was observed for �SBP. �HR and �RR

showed di�erences in their pro�les only during the night, with daytime values appearing to
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be nearly identical across all phenotypes. �PAT and certain �PPGfts show clear di�erences in

their pro�les across the three phenotypes.

�.�.� Distributions of double-cosinor parameters

Table �.� reports CI◊Orth
95 and CI

◊Bathy
95 as hours relative to midnight, so for example, CI

◊Bathy
95 =

[≠1.69, 3.06] indicates that there was ��% con�dence that the mean peak timing existed between

��.��pm to �.��am for that signal. Signals with tight phase con�dence intervals indicate consistent

peak and nadir timings. The intersection of these con�dence intervals with that of SBP suggests

the signals were synchronous. The nadir of �SBP typically occurred between �.��am and �.��am.

The peak of �SBP typically occurred between �.��pm and �.��pm. The nadirs and peaks of �HR

were delayed compared to �SBP and occurred between �.��am and �.��am, and between �.��pm

and �.��pm respectively. Note that for signals such as �PAT where an inverse relationship to SBP

was expected, the peaks occurred at similar times to the nadirs of SBP, and vice versa. Typically,

�PPGfts reported much wider con�dence intervals than any of the vital signs or PAT.

Figure �.� additionally highlights the CI◊Orth
95 and CI

◊Bathy
95 for all signals. Note that there is no

guarantee that CI◊Orth
95 and CI

◊Bathy
95 align with the respective nadir and peak of the population-level

pro�le. This is a result of the di�erent methods through which the two were estimated. The

population level pro�le was produced by computing the population mean of [—1, “1, —2, “2] (see
section �.�.�) across the cohort and using the trigonometric relations to produce the phases of the

population double-cosinor model, whereas the con�dence intervals were produced by bootstrap

circular mean resampling. An example of these two methods not producing the exact same

results can be viewed for the peak of �SBP in �gure �.� where the bathphase of the population-

level circadian rhythm proceeds CI
◊Bathy
95 .

Table �.� provides the results of the non-parametric statistical analysis of circadian parameters

between patients in the PD and PRD cohorts. As previously reported [���, ���] and demonstrated

in �gure �.�, SBP contains a number of circadian parameters that exhibit notable di�erences

between the two phenotypes. Signi�cant (p < 0.001) di�erences were observed between the

peak and nadir timings of the SBP double-cosinor model. Additional signi�cant di�erences were

found for A1 (p < 0.001), „1 (p = 0.0016), and „2 (p = 0.017). A number of other signals

also exhibited statistically signi�cant di�erences between the PD and PRD cohorts. � (non-SBP)

signals exhibited more than � signi�cant di�erences at the p < 0.01 level: �HR, �PAT, �VPG

PCA1, �Sys‡, �PPG PCA1, �Kurtosis, and �d/a.
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Table �.�: Results of double-cosinor analysis for all signals evaluated divided into three groups: vital signs (containing �SBP, �HR and �RR), �PAT, and
�PPGfts. ’Population-level correlation’ indicates the strength of agreement of the signal to the population-level double-cosinor pro�le of �SBP for All patients as
well as those in the PD , PND , and PRD cohorts. Intra-group signals are ordered by their |flp| with �SBP on all patients. CI

◊Orth
95 and CI

◊Bathy
95 values are reported

as hours relative to midnight. ’Double-cosinor model parameters across phenotypes’ provides a statistical analysis of circadian parameters between patients in the
PD and PRD cohorts. For A1 and A2, the comparison was performed using a Mann-Whitney U Test. For phases („1, „2, ◊Orth, ◊Bathy), the comparison was
performed using a non-parametric test for equal circular medians.

Population-level correlation ◊Orth & ◊Bathy ��% CI Double-cosinor params across phenotypes
Signal name % rhythm All PD PND PRD ◊Orth ◊Bathy A1 A2 „1 „1 ◊Orth ◊Bathy

Vital signs
�SBP 68.89% ——- ——- ——- ——- [1.88, 4.86] [16.54, 18.32] *** n.s. * n.s. *** ***
�HR 82.21% 0.91 0.87 0.92 ≠0.42 [4.89, 6.23] [18.34, 19.35] *** n.s. n.s. n.s. * n.s.
�RR 55.47% 0.91 0.98 0.98 ≠0.79 [4.19, 5.84] [16.69, 18.15] n.s. n.s. n.s. n.s. n.s. n.s.

�PAT
�PAT 88.20% ≠0.99 ≠0.99 ≠0.98 ≠0.83 [16.61, 18.58] [2.32, 6.54] ** n.s. *** n.s. *** **

�PPGfts

�VPG PCA� 73.36% ≠1.00 ≠0.98 ≠1.00 ≠0.76 [15.09, 17.34] [9.59, 21.59] ** * n.s. * n.s. n.s.
�Sys‡ 71.08% ≠0.97 ≠0.91 ≠0.97 ≠0.70 [15.13, 17.48] [≠3.28, 8.72] ** ** n.s. n.s. n.s. n.s.
�PPG PCA� 71.46% ≠0.94 ≠0.94 ≠0.91 ≠0.86 [14.33, 16.61] [≠1.69, 3.06] ** * n.s. n.s. n.s. ***
�APG PCA� 74.98% ≠0.94 ≠0.92 ≠0.97 ≠0.11 [16.34, 18.12] [2.00, 14.00] ** * n.s. n.s. n.s. n.s.
�STT 72.69% 0.91 0.90 0.99 0.95 [9.81, 21.81] [14.02, 17.29] ** * n.s. ** * n.s.
�APG PCA� 73.17% 0.90 0.85 0.54 ≠0.80 [2.30, 14.30] [16.02, 18.94] n.s. n.s. n.s. n.s. n.s. n.s.
�e / a 60.50% 0.84 ≠0.14 0.73 0.03 [11.74, 20.62] [13.89, 19.54] n.s. n.s. n.s. n.s. n.s. n.s.
�Width�� 72.41% 0.83 0.84 0.85 0.78 [21.16, 25.20] [13.07, 15.38] ** * ** n.s. *** n.s.
�‡g3 66.51% ≠0.77 ≠0.29 ≠0.81 0.70 [13.66, 23.24] [7.75, 19.75] * n.s. n.s. n.s. n.s. n.s.
�b / a 68.41% ≠0.76 ≠0.55 ≠0.36 0.78 [17.33, 19.99] [5.67, 10.30] * n.s. n.s. n.s. n.s. **
�APG PCA� 75.07% 0.74 0.82 0.63 0.61 [15.43, 20.02] [10.19, 13.75] n.s. n.s. *** n.s. n.s. **
�‡g1 66.79% 0.72 0.77 0.86 0.68 [10.46, 14.43] [15.96, 19.02] n.s. n.s. n.s. n.s. n.s. n.s.

Continued on next page.. .
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Population-level correlation ◊Orth & ◊Bathy ��% CI Double-cosinor params across phenotypes
Signal name % rhythm All PD PND PRD ◊Orth ◊Bathy A1 A2 „1 „1 ◊Orth ◊Bathy

�APG PCA� 75.07% 0.74 0.82 0.63 0.61 [15.43, 20.02] [10.19, 13.75] n.s. n.s. *** n.s. n.s. **
�‡g1 66.79% 0.72 0.77 0.86 0.68 [10.46, 14.43] [15.96, 19.02] n.s. n.s. n.s. n.s. n.s. n.s.
�Gauss‡4/A1 49.48% 0.71 0.84 0.75 ≠0.42 [≠2.12, 9.88] [14.84, 18.10] n.s. n.s. n.s. n.s. n.s. n.s.
�Dia‡ 61.46% ≠0.71 ≠0.84 ≠0.83 ≠0.67 [16.95, 19.76] [5.25, 17.25] n.s. n.s. n.s. n.s. n.s. n.s.
�Skewness 71.93% ≠0.70 ≠0.75 ≠0.82 ≠0.88 [12.99, 14.93] [21.83, 24.80] ** * ** n.s. n.s. ***
�Gauss AIR 66.03% ≠0.68 ≠0.72 ≠0.66 ≠0.19 [17.13, 19.68] [7.33, 19.33] * n.s. n.s. n.s. n.s. n.s.
�VPG PCA� 76.50% 0.67 0.55 0.78 ≠0.86 [5.23, 8.18] [16.62, 18.29] * n.s. n.s. n.s. n.s. n.s.
�Gauss LVET 69.17% 0.62 0.86 0.58 0.72 [9.83, 18.43] [16.76, 20.01] n.s. n.s. n.s. n.s. ** *
�PPG PCA� 75.26% ≠0.54 ≠0.18 ≠0.17 0.93 [15.78, 17.76] [1.22, 9.03] n.s. n.s. n.s. n.s. n.s. n.s.
�slopebd 71.93% 0.50 ≠0.41 ≠0.63 ≠0.89 [8.70, 14.56] [17.37, 19.94] n.s. n.s. *** n.s. * *
�Gauss RIR 71.08% 0.49 0.83 0.68 0.48 [20.74, 24.24] [12.32, 14.63] n.s. n.s. n.s. n.s. ** n.s.
�Ag� 63.56% 0.41 0.66 0.29 0.35 [12.01, 17.26] [17.88, 21.46] n.s. n.s. n.s. n.s. n.s. n.s.
�Kurtosis 72.22% ≠0.37 ≠0.81 ≠0.75 ≠0.89 [12.31, 14.92] [18.95, 22.49] ** * *** n.s. * ***
�VPG PCA� 73.74% ≠0.34 0.20 ≠0.03 0.79 [18.59, 21.44] [10.74, 13.55] ** n.s. n.s. n.s. ** n.s.
�IPA 75.55% 0.31 0.51 0.44 ≠0.95 [22.16, 25.83] [13.21, 15.04] n.s. n.s. n.s. n.s. n.s. *
�c / a 69.55% 0.24 0.40 ≠0.30 ≠0.53 [18.39, 23.04] [12.45, 15.73] n.s. n.s. n.s. n.s. n.s. n.s.
�PPG PCA� 75.64% ≠0.23 ≠0.43 ≠0.44 ≠0.07 [11.84, 14.33] [19.51, 22.94] n.s. n.s. n.s. n.s. n.s. n.s.
�IHAR 72.88% ≠0.22 ≠0.42 ≠0.41 0.84 [12.90, 14.78] [21.44, 25.08] n.s. n.s. n.s. n.s. * n.s.
�Ag� 73.36% 0.20 0.33 0.54 0.62 [20.77, 23.37] [11.94, 14.01] * * * n.s. ** n.s.
�Gauss AI 73.17% ≠0.20 ≠0.42 ≠0.59 ≠0.63 [12.07, 14.21] [20.48, 23.28] n.s. n.s. *** n.s. n.s. **
�Gauss RI 73.26% 0.18 0.08 ≠0.24 ≠0.46 [11.64, 13.71] [18.61, 22.01] n.s. n.s. n.s. n.s. n.s. *
�NHA 60.50% 0.17 0.04 ≠0.10 ≠0.73 [10.36, 15.38] [16.17, 19.59] ** * n.s. n.s. n.s. n.s.
�d / a 71.93% 0.15 ≠0.75 ≠0.52 ≠0.80 [11.66, 15.53] [18.56, 21.51] n.s. n.s. *** n.s. n.s. **

n.s. Indicates non-signi�cant di�erences. * p < 0.05, ** p < 0.01, *** p < 0.001.
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Figure �.�: Visual comparison of the population-level double-cosinor circadian deviation models.
The results for all signals are shown: vital signs (�SBP, �HR, and �RR), �PAT, and �PPGfts. The
error bars denote the distributions of the signal recorded for each hourly bin. The grey area indicates
the ��% con�dence interval for the resulting double-cosinor model. The red and blue areas show the
CI

◊Orth
95 and CI

◊Bathy
95 respectively for all signals.
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Figure �.�: Visual comparison of the population-level double-cosinor circadian deviation models for
all signals grouped by BP phenotypes. PD - Dipper, PND - Non-dipper, PRD - Reverse dipper.
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�.� Discussion

Patient care in the ICU typically involves maintaining homeostasis or ’normalisation’ of vital

signs [���]. Routine clinical interventions, combined with drug treatments such as sedatives;

and external factors such as ventilation, environmental light, and noise levels can disrupt a

patient’s natural circadian rhythm [���]. Despite this, previous work by Davidson et al. [�] has

highlighted that circadian patterns of vital signs can be observed during the �nal ��-hours of

stay in patients who recovered from the ICU, as opposed to patients who did not survive or

were discharged with palliative care.

In this work, the periodic nature of vital signs (SBP, HR, RR), PAT, and PPGfts was characterised

in a simple manner using the rhythmometric double-cosinor model. The vital-sign population-

level circadian rhythm deviations conform to those documented in a non-hospital setting [��, ���,

���], see �gure �.�. This suggests that the rhythms observed in �PAT and �PPGfts also represent

endogenous natural variations in the signals rather than being governed by environmental in�uences.

However, proving this to be the case is not possible for the ICU dataset we analysed.

Despite the cohort including patients across all SBP phenotypes, the population-level pattern of

�SBP contained the salient characteristics of a typical healthy individual in a non-hospital setting.

This includes a dip at night-time (with a nadir typically around �am), a morning surge (typically

around �am), and an afternoon peak (typically around �pm). The population-level rhythm of

HR reported a strong correlation with that of SBP; however, this relationship was not consistent

across phenotypes. In numerous clinical studies, a strong link between nocturnal BP reduction and

increased barore�ex sensitivity has been established [���, ���, ���]. This relationship subsequently

plays a signi�cant role in the weakening association between HR and SBP in the PRD cohort. As a

result, HR on its own is not able to track SBP circadian rhythms reliably across all BP phenotypes.

With ��.�% of patients exhibiting a rhythm, double-cosinor modelling of �PAT across ��

hours appears to be appropriate. A clear and observable population-level circadian rhythm of

�PAT was present in the cohort and was in synchronicity with the circadian pro�le of �SBP.

The peak timings of �PAT were closely aligned with the nadirs of �SBP, and vice versa. When

subdividing the data according to BP phenotype this relationship persisted. We propose, therefore,

that these results suggest that PAT has its own endogenous, phenotypically modi�ed, circadian

pattern that aligns closely with that of SBP. Furthermore, as demonstrated in chapter �, calibrating

PAT measurements to an individual requires estimation of both a calibration intercept and

slope. In this work, the calibration intercept was accounted for by computing circadian rhythm

deviations around the computed MESOR (the midline around which the double-cosinor models
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oscillate). However, the individualised calibration slopes were not appropriately handled. It is likely,

therefore, that accounting for these individual di�erences in slopes would signi�cantly improve the

modelled population-level circadian rhythm pro�le of PAT. Failing this, it appears that longitudinal

monitoring of PAT as its own signal may provide vital insights into long-term BP variability (BPV)

in the general population without the need for cumbersome cu� measurements. Indeed, there is

increasing evidence across multiple clinical studies that increased long-term BPV is independently

associated with cardiovascular mortality [���, ���] and neurodegenerative cognitive impairment

[���, ���]. PAT may provide a simple unobtrusive method through which BPV can be assessed.

Many �PPGfts exhibited an observable, phenotypically modi�ed, circadian pattern (see �g-

ure �.�). However, only a handful of these signals reported consistently strong correlations with SBP

across the three phenotypes analysed. �VPG PCA�, �Sys‡, �PPG PCA�, �STT, and �Width50

all reported strong (|flp| > �.�) correlations with SBP, with consistent directional relationships

across all BP phenotypes. There were, however, some notable inconsistencies with the results of the

previous chapter where Kurtosis, ‡g1, and Gauss‡4/A1 were all found to have the highest feature

importance for accurate BP estimation. This lack of consistency may be driven by the fact that non-

linear relationships between PPGfts and SBP were observed in the MOLLIE dataset (see �gure �.�),

whereas the analysis performed in this chapter largely favours linear relationships. �Kurtosis

for example, shows a clear rhythm with tight ◊Orth and ◊Bathy con�dence intervals (see �gure �.�).

However, a weak negative correlation (flp = -�.��) with �SBP was reported, whereas in �gure �.�

a positive correlation was reported (median flp = �.��). This supports the recent conclusions

from Lin et al. [���] that there are inconsistencies in the relationships between certain PPGfts

and SBP depending on the physiological mechanisms through which changes in SBP are induced.

This may be a signi�cant limitation to BP estimation using PPGfts and requires further work.

Nonetheless, the aforementioned PPGfts that demonstrated strong population-level correlations

across all phenotypes in this work may well o�er a linear relationship to estimate BP circadian

rhythms as opposed to the non-linear relationship reported in the previous chapter.

Strong performance at a population level, however, does not indicate similar performance

on a patient level. Indeed, all �PPGfts signals reported wide CI◊Orth
95 and CI

◊Bathy
95 limits that were

inconsistent with the peak and nadir timings of�SBP (see�gure �.�). This demonstrates that PPGfts

show signi�cantly greater inter-patient variability than PAT. One possible cause of this behaviour

may be small random errors in �ducial point detection (see section �.�.�), which are then averaged

out when computing the population-level circadian rhythms. Nevertheless, poor performance of

individual PPGfts at a patient level does not suggest that individual circadian rhythms cannot be
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identi�ed from the PPG as BP estimation typically involves combining a number of features using

a machine learning approach. We explore this in more detail in the subsequent chapter.

Additionally, we have demonstrated that there are statistically signi�cant di�erences in double-

cosinor model parameters between patients in the PD and PRD phenotype cohorts. � (non-SBP)

signals exhibited more than two signi�cant di�erences at the p < 0.01 level: �HR, �PAT, �VPG

PCA1, �Sys‡, �PPG PCA1, �Kurtosis, and �d/a. In general, these di�erences stemmed from

the phases of the double-cosinor models, however, �HR, �VPG PCA1, and �Sys‡ all reported

signi�cant di�erences for A1, the amplitude of the ��-hour period cosine. More appropriate

calibration (by, as discussed above, incorporating calibration slopes) should improve the ability

of cosinor amplitudes to separate individuals into PD and PRD cohorts. Regardless, these results

propose a completely calibration-free procedure through which cosinor features of PAT and PPGfts

may be able to classify nocturnal blood pressure patterns into one of the three phenotypes. We

additionally explore this in more detail in the subsequent chapter.

�.�.� Limitations

There are several noteworthy limitations to the conclusions made in this chapter.

Firstly, our approach was based on prior research indicating the presence of vital sign circadian

rhythmicity during the �nal �� hours of stay in the ICU for patients who ultimately recovered

[�, ���]. However, the ICU environment is far from ideal for circadian rhythm analysis, given

the frequent medical interventions, disruptions in environmental conditions, and irregular sleep

patterns experienced by patients. These complex factors can signi�cantly confound the accurate

identi�cation and analysis of circadian patterns.

Moreover, ICU patients are under signi�cant physiological stress. The median length of stay in

our dataset was �.� days (see table �.�), which is relatively short compared to ICU stays in other

countries [���, ���]. This implies that the ��-hour period analysed covered a substantial portion

of each patient’s ICU stay. During their ICU stay, patients often receive heavy medication, and

although we excluded measurements taken while patients were under the in�uence of medications

likely to impact the vital signs being measured (e.g., vasopressors and —-blockers), accurate

documentation of medication administration may not always have been feasible due to the demands

of patient care. Consequently, some vital sign measurements in this dataset may re�ect the e�ects

of speci�c medications rather than endogenous variations. The high proportion of ’reverse-dippers’

(��%) compared to a community dataset (��%) [�] further suggests that the observed patterns may

not represent typical circadian variations in the wider population.
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Furthermore, it is important to distinguish between circadian and diurnal patterns (see

section �.�.�). While our analysis primarily focused on circadian rhythms, some of the variations

observed may actually be diurnal in nature, in�uenced by factors other than the internal circadian

clock. The distinction between circadian and diurnal patterns is particularly complex in a clinical

setting where patients are exposed to irregular schedules and medical interventions.

The circadian rhythms we studied were computed at the population level by averaging across

the cohort. Circadian rhythms can signi�cantly di�er between individuals [�], and accurately

characterising individual-level patterns would have required more extensive longitudinal data than

available in the MIMIC dataset. The absence of individual-level analysis makes it challenging to

determine whether the observed patterns are consistent across all patients, potentially overlooking

critical individual di�erences. Additionally, our study did not stratify results based on factors like

sex, age, or ethnicity, all of which have been shown to in�uence circadian rhythms. These factors

can introduce substantial variations in circadian patterns, underscoring the need for caution when

generalising our �ndings to diverse populations. Additionally, averaging signals, particularly in

the context of cu�ess surrogates, presents a signi�cant challenge. While the calibration issue was

partially addressed by computing circadian rhythm deviations around the MESOR, it did not

fully account for individualised calibration slopes. Proper handling of these calibration slopes is

essential to enhance the accuracy in capturing population-level circadian rhythms. The presence of

inter-individual variability in calibration may further impact the reliability of cu�ess surrogate

signals for monitoring circadian rhythms.

Finally, there is no accepted gold standard technique for analysing circadian rhythms in a

cohort, and the double-cosinor model employed in this study relies on speci�c assumptions. Two

core assumptions of the double-cosinor modelling are the stationarity of the rhythms and the

linearity of their representation as combinations of cosine functions [���]. Indeed, it is noteworthy

that only ��% of patients exhibited a rhythm in RR. Given the typical circadian pattern of RR,

which often comprises a single peak during late afternoon and a trough during sleep [���], it may

have been appropriate to employ a single-cosinor model, as previously utilised [���], for a more

accurate representation of the RR circadian pattern. This phenomenon (that more appropriate

modelling may be achieved through fewer or more than two cosinor terms) may also exist for

PAT and PPGfts. However, in order to maintain a consistent comparison with SBP (where double-

cosinor modelling has been previously reported to be appropriate [���, ���, ���, ���]), we decided

to implement double-cosinor modelling for all signals.
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�.� Conclusion

In this chapter, we explored ��-hour variations in PAT and PPGfts across a large, heterogenous,

cohort of patients in the ICU. To our knowledge, the work presented in this chapter presents

the largest cohort of individuals from which ��-hour variations of PAT and PPGfts have been

examined. We have demonstrated that many of these signals have their own endogenous circadian

rhythm that can be modelled using the rhythmometric double-cosinor model at the population

level. Strong correlations between the population-level pro�le of �SBP and �PAT were observed

and this relationship persisted across all BP phenotypes. A number of �PPGfts also exhibited a

strong population-level relationship with �SBP. However, we noted inconsistencies in the peak

and nadir timings for these signals, suggesting weaker relationships at the patient level. Finally,

we showed statistically signi�cant di�erences in the double-cosinor parameters of HR, PAT, and

a subset of PPGfts between patients in the PD and PRD phenotype cohorts.

The results of this chapter o�er a strong indication that it may be possible to compute a

cu�ess estimate of the circadian rhythm of BP at the patient level. In the next chapter, we

extend this analysis to propose two novel methods to classify an individual’s BP phenotype using

the signals evaluated in this chapter.
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�.� Introduction

The results of chapter � suggest that PAT, and a subset of features from the PPG waveform,

have an endogenous circadian rhythm at the population level. A number of these signals were

also found to be synchronous with BP across all BP phenotypes and we highlighted statistically

signi�cant di�erences in the circadian parameters of these signals between patients in the PD

and PRD cohorts. In this chapter, we present two novel methods to classify BP phenotypes

at the individual level. Our �rst approach requires calibration measurements taken while the

individual is awake, while the second approach is completely calibration-free. Both methods can

���
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be easily integrated into primary care practice without the need for ABPM, the current gold

standard for evaluating ��-hour BP patterns.

�.� Methods overview

Data was gathered from the MIMIC-III ICU dataset constructed in the previous chapter. In

this chapter, we propose two new signal-based methods for BP phenotype classi�cation through

analysis of the PAT and PPGEA PPGfts signals. As a reference comparison, we implemented a

baseline reference method that examined the extent to which an individual’s phenotype may be

estimated from their age and sex alone.

The �rst proposed method (’regularised individual calibration’) utilised measurements of SBP,

PAT, and PPGfts, taken between �am and midnight, as training data for mixed-e�ects regression

models (linear mixed-e�ects model and mixed-e�ects random forest) to estimate nocturnal

(midnight to �am) SBP values. A patient’s BP phenotype was subsequently classi�ed using the

estimated nocturnal SBP, and the reference daytime measurements. This approach addresses

a major limitation of ABPM where nocturnal cu� in�ations have been shown to cause sleep

disruption as well as sleep arousal, wherein BP increases as the measurement is taken [��, ���].

The second method (’calibration-free’) did not require any SBP calibration measurements

altogether. Instead, characteristic circadian features, including double-cosinor parameters and dip

ratios, of the ��-hour pro�le of PAT and PPGfts were extracted. We subsequently trained linear

(logistic regression) and non-linear (random forest) ordinal classi�cation models to classify a

patient’s BP phenotype.

�.� Cohort selection

We made use of the MIMIC dataset constructed in the previous chapter (see section �.�). From

this dataset, we selected the subset of the patients whose ��-hour SBP time series passed the

double-cosinor F-test for the presence of a rhythm at the p < 0.05 level. This step reduced

the likelihood of predicting phenotypes for patients whose ��-hour SBP pro�le was signi�cantly

corrupted by noise such that their true phenotype will have been di�erent from that determined

by the day-to-night SBP dip ratio (DRSBP). Additionally, these individuals exhibited patterns in

SBP that were most similar to those circadian patterns observed in a community setting. Hence

they were likely to be individuals well enough to have a valid assessment of circadian rhythms [���].



�. Classification of blood pressure phenotypes ���

Figure �.�: Schematic of the ’regularised individual calibration’ phenotype classi�cation pipeline. SBP,
ECG, and PPG time series data was recorded during each patient’s �nal �� hours in the ICU. Hourly
averaged measurements of SBP, PAT, VPG PCA�, Sys‡ , PPG PCA�, STT, andWidth50 were extracted.
We used patient-wise sampling without replacement with a sample size of Np/5 (where Np is the
number of patients in the cohort). Mixed e�ects regression models (LMEM and MERF) were then
trained on data collected while the patient was likely to be awake (�am to midnight) to produce
cu�ess estimates of SBPˆ

Night and correspondingly DR̂SBP from which an estimate of the individual’s
BP phenotype could be determined.

�.�.� Blood pressure phenotype labelling

Each patient’s reference phenotype label (i.e. the ground truth): PD, PND, orPRD, was determined

using the DRSBP criterion outlined in table �.�.

�.� Method �: Regularised individual calibration

Our proposed �rst method (’regularised individual calibration’) utilised data collected while the

patient was awake (de�ned as �am to midnight), to enable the estimation of nocturnal (midnight

to �am) SBP without the use of a cu�. A schematic representation of the steps we implemented

for this method is shown in �gure �.�. We extracted SBP, PAT, and a relevant subset of the PPGEA

PPGfts signals from all patients. Data gathered between �am to midnight was used to produce

cu�ess estimates of the SBP time series during the night-time. To evaluate this method and its

generalisability, we used patient-wise sampling without replacement with a sample size of Np/5

(where Np is the number of patients in the cohort).

An estimate of DRSBP (DR̂SBP) was then computed as the percentage di�erence between

the mean estimated night-time SBP (SBPˆ
Night) and the mean reference daytime (��am to �pm)
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SBP (SBPDay), normalised by the latter:

DR̂SBP =

1
NN

NNÿ

i

SBPˆ
i, Night ≠ 1

ND

NDÿ

j

SBPj, Day

1
ND

NDÿ

j

SBPj, Day

· 100% (�.�)

where ND and NN are the number of observations during the day and night, respectively. A

patient’s BP phenotype was subsequently classi�ed based using DR̂SBP, and the standard SBP

day-to-night dip ratio classi�cation rules (see table �.�).

�.�.� Feature extraction

In the previous chapter, we demonstrated that the population-level circadian rhythms of PAT

and a subset of �ve PPGEA PPGfts had strong and consistent linear correlations with the circadian

rhythm of SBP, across all phenotypes. These �ve PPGfts were: VPG PCA�, Sys‡, PPG PCA�,

STT, and Width50
�. We extracted hourly-averaged measurements of each of these � signals and

SBP from all patients.

Any poor-quality values from the PAT or PPGfts signals, de�ned as having a SQIPAT or SQIEAPPG
equal to � respectively, were not included in the hourly window. Similarly, any hourly window

with an averaged SQIPAT or SQIEAPPG less than the “SQI = 0.6 threshold de�ned in section �.�

was removed from analysis.

As this method implements a regularised form of individual calibration, patient demographics

were not included in the feature set. To explore BP phenotype classi�cation using a single source

of data (i.e. only the PPG signal), we also compared performance when using only the �ve

PPGfts as input signals.

�.�.� Model construction

Two mixed-e�ects regression models: linear mixed-e�ects model (LMEM) and mixed-e�ects ran-

dom forest (MERF), were developed for nocturnal SBP (SBPNight) estimation. These mixed-e�ects

regression models address the interdependence of multiple observations from the same patient

by separating terms into �xed-e�ects (population-level trends) and random-e�ects (individual-level

variations).

As the mixed-e�ects models perform a regression task prior to the patient’s phenotype classi�ca-

tion, SBPNight and DRSBP estimation was assessed using the following metrics: flp, RMSE, and MAE.

�Note that HR was not extracted as a feature in this method.
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�.�.�.� Linear mixed-e�ects model

A random slopes LMEM was developed in order to explore the linear relationship between the

input feature set and SBP while additionally incorporating individual linear calibration slopes for

all signals (see appendix D.�.�). Starting from the foundations of an ordinary least squares model,

for the jth signal (e.g. PAT), from the pth patient, xp

j
, patient-speci�c linear calibration slopes can

be modelled by —j + up

j
where —j is the �xed-e�ect model coe�cient and up

j
is the random-e�ect

deviation for that patient. The LMEM model can, therefore, be summarised as:

yp = (—0 + up

0) + (—1 + up

1)xp

1 + · · · + (—M + up

M
)xp

M
+ ‘p (�.�)

= —0 + —1x
p

1 + · · · + —Mxp

M

�xed-e�ect

+ up

0 + up

1xp

1 + · · · + up

M
xp

M

random-e�ect

+‘p (�.�)

= X— + Zup + ‘ (�.�)

The target vector, yp, represents the SBP values and the residuals are captured in the vector,

‘. The number of signals in the feature set, M , is � when only PPGfts are used, and � when

PAT is added. The �xed e�ects component, X—, is similar to an ordinary least squares model.

As individual calibration slopes were modelled for each signal, the random e�ects design matrix,

Z , was equivalent to the feature set, X .

The random e�ect parameters, up, are assumed to be sampled from amultivariate Gaussian: u ≥

N (0, G), where G is the covariance matrix. As a result, an individual’s calibration slope for a given

signal was regularised against the response across all patients, facilitating a regularised individual

calibration approach. This e�ect helped to mitigate against potential over�tting for patients who

had only a few calibration datapoints taken during the period between �am and midnight or whose

data was heavily corrupted by motion artefacts. A more in-depth analysis of the impact of mixed-

e�ects regularisation is provided in appendix G. We refer to an LMEM model using only PPGfts as

input signals as LMEMPPG and as LMEMPPG+PAT when also including PAT as a sixth input signal.

For each signal, we additionally analysed the distributions of the modelled, patient-speci�c, lin-

ear calibration slopes —j +up

j
, j = {1, . . . , M}, p = {1, . . . , Np} across all patients in the

cohort.

�.�.�.� Mixed e�ects random forest model

To explore potential non-linear relationships between the feature set X and SBP, while still

accounting for multiple observations from the same patient, a MERF model was developed [���]�

(see section �.�.�). MERF maintains the same random-e�ect structure as LMEM, which assumes
�Implemented using the merf Python package: https://pypi.org/project/merf/
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linear patient-speci�c variations from the population �xed-e�ects model. However, the structure

of the �xed e�ect component is de�ned as an RF regression model, f(X), with the number

of features randomly selected at each node (mtry) set to the default value of M/3 [���]. The

MERF model can be summarised as:

yp = f(X) + Zup + ‘ (�.�)

with the same nomenclature as equation (�.�). Again, individual calibration slopes were modelled

for all signals and so the random e�ects design matrix, Z , was equal to the feature set X . We

refer to a MERF model using only PPGfts as input signals as MERFPPG and as MERFPPG+PAT

when including PAT as an input signal.

�.�.� Model generalisability

Model generalisability was established through patient-wise sampling without replacement with a

sample size of Np/5. For each iteration, approximately� ��% of the patients in the overall cohort

were selected and used to train and evaluate the performance of the mixed-e�ects regression models.

This procedure was iterated �ve times, in order to evaluate all patients in the cohort.

�.� Method �: Calibration-free

Our proposed second method (’calibration-free’) classi�ed a patient’s BP phenotype based on a

��-hour analysis of the PAT and PPGEA PPGfts signals, without any requirement for reference

calibration BP values. A schematic representation of the steps we implemented for this method is

shown in �gure �.�. We computed estimates of PAT and a relevant subset of the PPGEA PPGfts

signals from each patient in our cohort and extracted a set of features to parameterise the ��-

hour pro�le of each signal. Using these features, we implemented a �-fold ordinal classi�cation

cross-validation (CV) procedure for individual patient BP phenotype classi�cation.

�.�.� Feature extraction

In the previous chapter, we demonstrated that parameters derived from double-cosinor modelling

of certain signals exhibited signi�cant di�erences between the PD and PRD phenotypes. We

selected the seven signals that reported signi�cant di�erences between these phenotypes for at

least two cosinor parameters at the p < 0.01 level (see section �.�.�). These seven signals were

HR, PAT, and �ve PPGfts: VPG PCA1, Sys‡, PPG PCA1, Kurtosis, and d/a. From each of these

�Approximately ��% because Np may not divide perfectly by �
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Figure �.�: Schematic of the ’calibration-free’ phenotype classi�cation pipeline. SBP, ECG, and PPG
time series data, as well as age and sex demographics, were recorded during each patient’s �nal ��
hours in the ICU. The patient’s reference phenotype was identi�ed from their SBP dip ratio (DRSBP).
We estimated HR, PAT, VPG PCA1, Sys‡ , PPG PCA1, Kurtosis, and d/a signals from the ECG and
PPG time series. From each patient and each signal, we extracted seven features that characterise
the signal’s ��-hour pro�le. Using �-fold CV we trained, tuned and evaluated ordinal classi�cation
models to predict a patient’s BP phenotype.

seven signals, we extracted seven features [A1, A2, „1, „2, ◊Bathy, ◊Orth, D̃R] (see below) that

parameterised di�erent aspects of its ��-hour pro�le.

To explore phenotype classi�cation using a single source of data (i.e. only the PPG signal),

we compared performance when using only the PPGfts as input signals, to then adding PAT to

the feature set. In this analysis, HR was included in the de�nition of PPGfts. Although HR was

computed from the ECG in the MIMIC database, it has been demonstrated in prior research that

HR computed from both the ECG and PPG signals has a strong agreement [���]. Finally, we

added the patient’s sex and age to the feature set as static features.

�.�.�.� Double-cosinor modelling

The double cosinor modelling technique was applied to each signal. This technique decomposes the

signal’s ��-hour pro�le into the summation of a ��-hour cosine (C1, see �gure �.� (a)) and a ��-hour

cosine (C2, see �gure �.� (b)). The amplitudes (A1 and A2) and phases („1 and „2) of these cosinors

were included as features. The overall model is given by C1 + C2 (see�gure �.� (c)), with the phase

of this model at its peak (◊Bathy) and nadir (◊Orth) also included as two of the seven features.

�.�.�.� Modi�ed dip ratio

To characterise the diurnal to nocturnal variations of each signal, we introduced a modi�ed version

of the day-to-night dip ratio (DR), labelled as D̃R. This modi�cation addresses two limitations



��� �.�. Method �: Calibration-free

of the standard de�nition of DR: the assumption that baseline values represent a comparable

physiological state across the population (hence normalisation by the daytime value), and the

assumption that values of the signal do not decrease below zero. For both PAT and PPGfts, the �rst

of these assumptions is not valid and for PPGfts the second assumption is not valid (for example,

PCA features may go below zero). To overcome these limitations, D̃R was calculated by �rst

z-normalising the signal over the full ��-hour period, and then computing the mean day to mean

night di�erence. An example of computing D̃R is shown in �gure �.� (b).

(a) (b)

(c) (d)

Figure �.�: Overview of the seven features extracted from each signal (in this instance the d/a PPGEA
signal is used as a visual reference) to parameterise their ��-hour pro�le. Double cosinor modelling
of the signal was performed as in the previous chapter. (a) C1, the cosinor with a ��-hour period,
from which the amplitude A1 and phase „1 were derived. (b) C2, the cosinor with a ��-hour period,
from which the amplitude A2 and phase „2 were derived. (c) C1 + C2, the double-cosinor model, the
phase of this model at its peak (◊Bathy) and nadir (◊Orth) were also included as features. (d) Overview
of computing the modi�ed dip ratio, D̃R. First, d/a is z-normalised by subtracting the mean (µ) and
dividing by the variance (‡). D̃R is then computed as the mean day to mean night di�erence of the
z-normalised signal.

�.�.� Model construction

Classifying BP phenotypes presents an ordinal classi�cation problem, where PD æ PND æ PRD

indicates transitions of increasing DRSBP. To address this, the class labels were treated as an ordered
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set, and ordinal classi�cation was performed as proposed by Frank et al. [���]. This method

transforms the �-class ordinal classi�cation problem into two interlinked binary classi�cation

tasks. First, a classi�cation model was trained to predict individuals not in the PD cohort (PD vs.

rest). Then, a separate classi�cation model of the same type was trained to estimate individuals not

in either the PD or PND cohorts (PD+PND vs. rest). Using the results of these two models, the

probability of an individual, yi, belonging to each of the three phenotypes was computed as follows:

Pr(yi = PD) = 1 ≠ Pr(PD vs. rest)

Pr(yi = PND) = Pr(PD vs. rest) ≠ Pr(PD + PND vs. rest)

Pr(yi = PRD) = Pr(PD + PND vs. rest)

(�.�)

To classify the phenotype of a patient, the two binary classi�ers were applied and the phenotype

with the highest predicted probability was assigned to the patient. Ordinal classi�cation using

this approach requires models that return predicted class likelihoods.

Logistic regression (LR) was implemented to map the input feature set to the class probabilities

through a linear combination of features. This model is introduced in appendix D.�.�. To prevent

over�tting, remove redundant features, and improve model interpretability, we applied the Least

Absolute Shrinkage and Selection Operator (LASSO) regularisation method (see appendix D.�.�).

When using only PPGfts as input signals, we refer to the model as LASSO+LRPPG. When including

PAT as an input signal, we refer to themodel as LASSO+LRPPG+PAT. We optimised the regularisation

hyperparameter (⁄) using a nested �-fold CV to maximise the accuracy of each classi�cation task.

To investigate non-linear combinations of the input feature set, we additionally implemented

an RF classi�cation model. This model is introduced in section �.�. The optimal number of features

randomly selected for each node (labelled mtry) was determined through a nested �-fold CV to

maximise the accuracy of each classi�cation task. We refer to an RF model using only PPGfts as

input signals as RFPPG and as RFPPG+PAT when including PAT as an input signal.

�.�.� Model generalisability

The generalisability of this method was determined through �-fold, patient-wise, CV. After CV

partitioning patients into training and test sets, phenotype class imbalances (unequal proportions

of patients in the PD, PND, and PRD cohorts) existed. Without accounting for this imbalance,

the classi�cation models would be biased towards predicting the phenotype with the highest

occurrence. Solutions for handling class imbalances include cost-sensitive and resampling methods

[���]. Cost-sensitive methods require learning the costs associated with misclassifying examples.

This procedure can be subjective, as it depends on the clinical use case. Therefore, we handled

phenotype class imbalances by random upsampling of minority classes in the training set until

all classes were equally represented [���].
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�.�.�.� Shapley additive explanation values feature importance

We assessed the importance of each feature for phenotype classi�cation through SHAP values.

SHAP values, „i

j
, re�ect the marginal contribution of the jth feature to the ith prediction. For clas-

si�cation tasks, „i

j
measures the change in predicted probability assigned to the positive class when

the jth feature is added to the feature set. In this work, we used an ordinal classi�cation approach

which involved two nested binary classi�cation tasks (PD vs. rest, and PD + PND vs. rest), so the

SHAP value of each prediction was split into two parts: „i

j
(PD) and „i

j
(PD + PND) respectively.

For each fold of the CV, we assessed the overall importance of each feature over the training set

as:

impj = 1
Ntrain

Ntrainÿ

i=1
(|„i

j
(PD)| + |„i

j
(PD + PND)|)/2 (�.�)

where Ntrain is the number of observations in the training set. impj indicates the average impact

of the jth feature on model output magnitude. The distributions of impj across CV folds were

assessed using a ranking coe�cient, which ranks the impj values between � and � at each fold.

�.� Baseline reference method

Demographic variables such as age and sex, are known to correlate with BP [��, ��]. It is important

to establish the extent to which these demographic parameters alone are su�cient for accurate

phenotype classi�cation. For example, if an individual’s BP phenotype can be mainly predicted

by age and sex, then there would be no requirement for a cu�ess device. Therefore, as proposed

by Mukkamala et al. [��], reference performance metric values were computed using only patient

age and sex. We refer to this model as baseline reference.

Equivalent to Method �, the baseline reference was computed using the same �-fold CV process

and an ordinal classi�cation framework. AnRF classi�cationmodel was implementedwithmtry =

2.

�.� Evaluation and generalisability of methods

�.�.� Evaluation metrics

We used the following metrics to evaluate phenotype classi�cation performance: accuracy (Acc),

weighted F� score (wF�), and Cohen’s kappa (Ÿ). Acc is the simplest metric, it corresponds to

the proportion of correct predictions. However, in situations where there is a class imbalance in
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the dataset, Acc can be an unreliable metric. Therefore, metrics that are more robust to these

imbalances were additionally reported. The F� metric for PD, F�PD , was computed as:

F�PD = 2 · precisionPD · recallPD

precisionPD + recallPD

(�.�)

where precisionPD is the proportion of patients, classi�ed as ’dippers’, that were actually ’dippers’.

recallPD (also known as true positive rate) is the proportion of ’dippers’ that were correctly

classi�ed. To compute a single metric across all labels, wF� was computed by weighting the mean

of F� by the number of true instances for each phenotype label.

wF� = 1
N

(
ÿ

Pœ{PD,PND,PRD}
|P| · F�P) (�.�)

where the | · | operator returns the number of true instances for that phenotype. N is the number

of observations. We additionally used a recall confusion matrix to summarise the agreement

between predicted labels and ground truth, or reference, labels.

Ÿ is also a robust classi�cation performance metric that accounts for imbalanced data, as

well as chance agreement [���]. Ÿ is de�ned as:

Ÿ = Acc ≠ pe

1 ≠ pe

(�.��)

where pe is the estimated probability of random agreement, computed as:

pe = 1
N

ÿ

k

nGT
k

nest
k

(�.��)

where nGT
k

and nest
k
denote the number of instances which are labelled as the kth state in the ground-

truth (GT) and estimated values respectively. Unlike wF�, Ÿ is a more conservative metric. Values

near �.� denote almost perfect classi�cation and values close to �.� tend towards chance agreement.

We additionally recorded the proportion of patients in thePD cohort that were incorrectly clas-

si�ed as PRD, and vice versa. We refer to this metric as the severe-misclassification rate (SMR) as it in-

dicates the proportion of patients whose predicted phenotype was � steps away on the ordinal scale.

�.�.� Generalisability of methods

In this chapter, we presented three methods for BP phenotype classi�cation: two signal-based

methods (Method �: ’regularised individual calibration’, and Method �: ’calibration-free’) and

a baseline reference method. Method � and the baseline reference are population-based methods,

meaning that the BP phenotypes for a set of patients were classi�ed using a classi�cation model

trained on a set of other patients. Method �, on the other hand, utilised a regularised individual
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calibration approach in which nocturnal SBP (and therefore subsequently the BP phenotype) for

a set of patients was estimated using a mixed-e�ects regression model trained on data collected

only from that set of patients. As a result, when classifying the BP phenotypes for the same

set of patients, method � has a di�erent training set requirement to method � and the baseline

reference. To ensure a direct comparison of the evaluation metrics, the methods were evaluated

simultaneously in a modi�ed CV procedure.

The overall modi�ed CV process is as follows: the cohort of patients, denoted �, was randomly

divided into �ve disjointed subsets of patients: Â1, Â2, Â3, Â4, Â5 where � = t
jœ[1,5] Âj . For

method � and the baseline reference, for the ith fold of the CV, the
t

jœ[1,5]\i Âj sets of patients

were used to train and tune ordinal classi�cation models which were then evaluated on the Âi

set of patients�. Whereas, for method �, the data collected between �am and midnight from

the Âi set of patients was used to train a mixed-e�ects regression model to predict nocturnal

SBP also in the Âi set of patients�. As a result, for each fold of the modi�ed CV, phenotype

classi�cation was performed on the same Âi set of patients across all methods. This modi�ed

CV approach, therefore, facilitated a direct comparison of the classi�cation performance metrics,

and their distributions, across the cohort.

CV is often repeated with varying random splits in order to reduce bias in data splitting

and to report the distributions of the performance metrics [���]. The number of CV repetitions

is often determined based on computational limitations. In this work, the modi�ed �-fold CV

was repeated �� times. Di�erences in performance metrics across the �� repetitions of the CV

procedure from the models were evaluated for statistical signi�cance by a two-tailed Wilcoxon

signed-rank test (see appendix C.�). We adjusted the p-values for multiple comparisons using

the Benjamini-Hochberg method (see appendix C.�.�).

�.� Results

�.�.� Dataset

Table �.� presents the demographic information of the patient cohort. The dataset consists of ���

patients, with a majority of them being male (��.�%). The average length of stay in the ICU was �.�

days, with a mean Oxford acute severity of illness score (OASIS) score of ��.�, suggesting that, on

average, a patient in our cohort had a �.��% chance of dying in the ICU [���]. The distribution of

BP phenotypes among the ��� patients was PD (��.�%), PND (��.�%), and PRD (��.�%).

�This process is equivalent to a patient-wise �-fold CV
�This process is equivalent to Np/� patient-wise sampling without replacement
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Table �.�: Demographics of the subset of patients selected from the MIMIC database. Data was
recorded during the last �� hours of a patient’s stay in the ICU. Parameters such as height and weight
were not recorded for all patients and so are not presented here. The admission location provides
information about the previous location of the patient prior to arriving in the ICU. The reference BP
phenotype was computed using DRSBP.

Descriptor Value
Total Number of patients� ���

Male ��� (��.�%)
Female ��� (��.�%)

Age (years)� ��.� (��.�)
Total length of stay in the ICU (days)� �.� (�.�)
OASIS�, � ��.� (�.�)
Ethnicity�

White ��� (��%)
Black �� (��%)
Unknown �� (��%)
Hispanic �� (�%)
Asian �� (�%)

Admission location�

Referral ��� (��%)
Emergency room admission ��� (��%)
Transfer from hospital �� (��%)

Reference BP phenotype�

Dipper (PD) ��� (��%)
Non-dipper (PND) ��� (��%)
Reverse dipper (PRD) ��� (��%)

� Patient-wise mean (standard deviation). � Oxford Acute Severity of Illness Score (OASIS), a severity
of illness score used for predicting patient outcomes [���]. � Values given as count (% of total number
of patients)

�.�.� Overall performance

The results of BP phenotype classi�cation using the baseline reference and the two proposed methods

are presented in Figure �.�. The median performance statistics, along with their interquartile range

(IQR), for eachmethod are reported for the �� repetitions of the CV procedure. Themedian baseline

reference wF�, Acc, Ÿ, and SMR values were: �.��, �.��, �.��, and ��.�% respectively. The proposed

methods showed improved performance with respect to the baseline reference, with statistically

signi�cant improvements across all performance metrics (p < 0.001).

Figure �.� shows the median and IQR of the recall confusion matrices for the best-performing

models from Method � (LMEMPPG+PAT), Method � (RFPPG+PAT), as well as for the baseline reference,

computed across the �� repetitions of CV. In general, the two methods classi�ed each phenotype

with similar recall. Non-signi�cant di�erences were observed between the two models for wF�,

Acc, and Ÿ. Notably, both models showed poor recall values for estimating the PD phenotype
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(a) (b)

Figure �.�: Median BP phenotype classi�cation results using the methods proposed in this chapter
across the �� repetitions of the CV. The baseline reference, which classi�ed BP phenotypes based on
patient age and sex, results are shown in red. The two Method � models are shown in grey. The two
Method � models are shown in green. (a) PAT + PPGfts, (b) PPGfts. Error bars indicate upper and
lower quartiles. Note that for all metrics apart from SMR, a higher value indicates better performance.

(recall Method � = ��.�%, Method � = ��.�%) with the majority of ’dippers’ being classi�ed as ’non-

dippers’ (Method � = ��.�%, Method � = ��.�%). LMEMPPG+PAT reported a statistically signi�cantly

(p < 0.001) lower SMR value than RFPPG+PAT and this can be observed by the relatively lower

upper-right and lower-left cells of the confusion matrices. RFPPG+PAT reported a higher recall

for PND than LMEMPPG+PAT, whereas LMEMPPG+PAT was comparatively better at estimating the

PD and PRD phenotypes.

�.�.� Method �: Regularised individual calibration

Method � estimated SBPNight ( ˆSBPNight) leading to subsequent estimation of DRSBP (D̂RSBP) and

BP phenotype. The regression performance metrics for these values are presented in table �.� and

visualised in �gure �.�. In order to account for the calibration procedure, �gure �.� shows the

deviation (�) of the estimated values from the mean reference SBPDay for each patient, colour and

marker-coded. For both the PPGfts+PAT and PPGfts feature sets, LMEMoutperformedMERF across

all regression performance statistics. The absolute di�erence in mean flp, RMSE, andMAE between

LMEMPPG+PAT and MERFPPG+PAT was �.�� (p < 0.001), �.�� mmHg (p < 0.001), and �.�� mmHg

(p = 0.0076) respectively. The absolute di�erence inmean flp, RMSE, andMAEbetween LMEMPPG

and MERFPPG was �.�� (p < 0.001), �.�� mmHg (p < 0.001), and �.� mmHg (p < 0.001)
respectively. However, overall performance was still poor with mean RMSE values greater than

�� mmHg for both LMEMPPG+PAT and LMEMPPG. Despite implementing regularised individual

calibration through mixed-e�ects modelling, �gure �.� shows a large calibration issue whereby
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(a) (b)

(c)

Figure �.�: Median, upper, and lower quartile phenotype classi�cation recall confusion matrices
across the �� repetitions of the CV procedure. (a) Method �: LMEMPPG+PAT, (b) Method �: RFPPG+PAT,
and (c) baseline reference.

small values of �SBPNight were overestimated and large values of �SBPNight were underestimated.

This calibration issue persists for DRSBP estimation; however, its severity appears to be reduced

with the least squares regression line being closer to unity.

Figure �.� shows the distributions of �xed + random e�ects for the LMEMPPG+PAT model. Each

subplot shows a distribution of the modelled calibration slopes for each signal, highlighting the

regularisation e�ect of mixed-e�ects modelling.

For both the PPGfts+PAT and PPGfts feature sets, LMEM and MERF reported similar classi-

�cation performance statistics, with LMEM reporting marginally better results. However, these

di�erences were not found to be statistically signi�cant. For both models, adding the PAT signal

to the feature set was found to signi�cantly improve performance. The absolute di�erence in

median wF�, Acc, Ÿ, and SMR between LMEMPPG+PAT and LMEMPPG was �.��� (p < 0.001), �.���

(p < 0.001), �.��� (p < 0.001), and �.�% (p = 0.00013) respectively.
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Table �.�: Regularised individual calibration SBP regression performance statistics of SBPNight and
subsequent DRSBP estimation using the models proposed in method �. Results are given as patient-
wise mean (standard deviation). Entries in bold indicate the best performance for that metric. These
results are depicted in �gure �.�.

Model name flp RMSE MAE

SBPNight
�

LMEMPPG+PAT �.�� (�.��) ��.�� (�.��) �.�� (�.��)
MERFPPG+PAT �.�� (�.��) ��.�� (�.�) �.�� (�.��)
LMEMPPG �.�� (�.��) ��.�� (�.�) �.�� (�.��)
MERFPPG �.�� (�.��) ��.�� (�.��) ��.�� (�.�)

DRSBP
�

LMEMPPG+PAT �.�� (�.��) �.�� (�.��) �.�� (�.��)
MERFPPG+PAT �.�� (�.��) �.�� (�.��) �.�� (�.��)
LMEMPPG �.�� (�.��) �.�� (�.��) �.� (�.�)
MERFPPG �.�� (�.��) �.�� (�.��) �.�� (�.��)

� Error values given in units of mmHg, � Error values given in units of %.

�.�.� Method �: Calibration-free

RF models signi�cantly outperformed LASSO+LR models for both PPGfts+PAT and PPGfts feature

sets (p < 0.001 for all performance metrics). Adding PAT to the feature set signi�cantly

improved performance, with all corresponding p values less than �.���. The absolute di�erence

in median wF�, Acc, Ÿ, and SMR between RFPPG+PAT and RFPPG (see �gure �.�) was �.���, �.���,

�.���, and �.�% respectively.

To mitigate against variations in the training data between folds of the repeated CV, overall

feature importance was assessed through mean absolute SHAP values and a ranking coe�cient.

Figure �.� illustrates the median (across all repeated CV folds) LASSO+LRPPG+PAT and RFPPG+PAT

ranking coe�cients for all signals using a spider plot, such that the relative contribution of each of

the � features derived from each signal can be easily compared. Between the two models, there

was a large disparity in the relative importance placed on the features. LASSO+LRPPG+PAT placed

a considerably higher emphasis on cosinor amplitudes (A1 and A2) than RFPPG+PAT. Higher sex

and age demographics ranking coe�cients were observed for LASSO+LRPPG+PAT (median ranking

coe�cients �.�� and �.�� respectively) than RFPPG+PAT (median ranking coe�cients �.�� and �.��

respectively). For RFPPG+PAT, features derived from PAT consistently exhibited high importance

values. Across all signals, D̃R and ◊Ortho were found to o�er a large contribution to classi�cation

performance. D̃RPAT had the highest feature importance for ��% of all folds across all CV repetitions.

�.� Discussion

We have introduced two methods for estimating BP phenotypes without the requirement for

night-time cu� measurements (as with ABPM), which could be integrated into everyday primary
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(a) (b)

(c) (d)

Figure �.�: Regularised individual calibration, regression analysis for estimating SBPNight and subse-
quent DRSBP using Method �. (a)-(b) shows LMEMPPG+PAT model performance. (a) SBPNight and the
estimated SBPˆ

Night values. In order to normalise the e�ect of the calibration procedure, for each
patient their mean SBPDay was subtracted from the reference and estimates to report the deviations
(�). (b) DRSBP and estimated DR̂SBP values. (c)-(d) show LMEMPPG model performance. (c) SBPNight
and the estimated SBPˆ

Night values. (d) DRSBP and estimated DR̂SBP values. Data from individual
patients are colour and marker-coded.

care practice. Our methods were compared to a baseline reference that relied solely on demographic

information. Constructing a dataset of healthy volunteers with a large variation in DRSBP is not

feasible practically given the low user acceptability and tolerance of ABPM [��]. We, therefore,

conducted a retrospective observational study on a large cohort of ICU patients during their

�nal �� hours in the unit.

Despite the implementation of class-balancing solutions (random upsampling of minority

classes), the low prevalence of the PD phenotype (��.�%) in the dataset still had a signi�cant

impact on the accuracy of its classi�cation (recall Method � = ��.�%, Method � = ��.�%). This

prevalence is comparable to other hospital datasets (��.�% in [�]), but much lower than the typical
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PPG PCA1 STT Width50

Figure �.�: Regularised individual calibration, visualising the �xed and random e�ects of the
LMEMPPG+PAT model. Each subplot shows the distribution of modelled calibration slopes for each
signal. The mean of each distribution indicates the �xed e�ect, the spread indicates the added
patient-wise random e�ect.

Figure �.�: Calibration-free median feature ranking coe�cient for all signals implemented for method
�. Each signal contributed � features to the calibration-free classi�cation method: [A1, A2, „1, „2,
◊Bathy, ◊Orth, D̃R]. Values at the edge of the spider plot indicate a high importance for phenotype
classi�cation. (a) LASSO+LRPPG+PAT, the median ranking coe�cients for sex and age were �.�� and
�.�� respectively. (b) RFPPG+PAT, the median ranking coe�cients for sex and age were �.�� and �.��
respectively.
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prevalence observed in the general population (around ��% [�, ��]). To address this issue, further

improvement in the accuracy of PD classi�cation could be achieved by either increasing the size

of the cohort through the inclusion of new individuals or by implementing cost-sensitive methods

that increase the penalty for incorrect ’dipper’ classi�cation [���]. Accurately determining an

appropriate penalty for misclassi�cation necessitates a careful evaluation of the associated costs.

For example, an individual classi�ed as a ’reverse-dipper’ may be required to perform ABPM with

a validated cu�, or be asked to take anti-hypertensive medication before sleeping [��].

The prevalence of the PRD phenotype (��.�%) was much higher than has been previously

observed in the general population (around ��% in [��]). This high prevalence of PRD phenotype

facilitated the development of e�ective methods for its classi�cation, which would otherwise have

been a challenging task due to its rarity. This was re�ected in the relatively high recall values

reported for PRD prediction (Method � = ��.�%, Method � = ��.�%). The PRD phenotype has been

linked with an increased risk for various cardiovascular and neurodegenerative diseases, regardless

of daytime blood pressure values [��, ��, ��]. Therefore, early detection of this phenotype may

be possible using the methods proposed in this chapter.

�.�.� Method �: Regularised individual calibration

Method � used data recorded between �am to midnight to train mixed-e�ects regression models

for regularised individual cu�ess SBPNight estimation. This approach addresses a major limitation

of ABPM, which requires cu�-based BP measurements to be taken during the night-time causing

sleep disruption and low user compliance [��, ���]. A more favourable alternative to ABPM is

HBPM, in which a user manually records multiple BP measurements during the daytime, including

one reading in the morning and one reading before sleep, over a period of between � to � days

[���, ���, ���]. Combining the regularised individual calibration method with HBPM in a primary

care setting could facilitate an assessment of BP phenotypes in the general population, without

the need for nocturnal cu�-based measurements.

The individualised relationship between BP and PAT or PPGfts should be taken into account

to estimate night-time BP accurately. One approach towards this would be to build individual

regression models for each patient. However, this approach would require a large amount of

longitudinal data over a clinically useful range of BP, which was not available in the current

dataset. We, therefore, implemented mixed-e�ects regression (LMEM and MERF) modelling

to predict BP values across the cohort while accounting for the inter-dependency of multiple

observations of the same patient. Appendix G provides additional analysis of the regularisation
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e�ect of mixed-e�ects modelling, and how this is advantageous when recording data in a noisy

environment such as the ICU, over individual modelling.

The computational cost of the LMEM maximum likelihood algorithm scales to the quadratic

of the number of random-e�ect covariance terms [���]. Therefore, we decided to limit the

number of signals incorporated into the feature set based on the population-level analysis of the

previous chapter. This signal selection process largely favoured signals that exhibited strong linear

relationships with SBP. Although the relationship between PPGfts and BP may be non-linear, as

indicated in chapter �, the decision to use LMEM and MERF, which both assume linear random-

e�ect contributions, was still deemed appropriate. However, as reported by Rutten et al. [���]

and Gottard et al. [���], when the relationship between predictors and target is largely linear,

LMEM outperforms MERF. As a result, for both the PPGfts and PPGfts+PAT feature sets, LMEM

was found to have slightly better (but not statistically signi�cant) classi�cation performance

in comparison to MERF (see �gure �.�).

Despite implementing an individual calibration strategy, the regression performance of SBPNight

estimation was clearly limited by inadequate calibration (see �gure �.�). The LMEMPPG+PAT model

achieved weak correlations (median flp = �.��) and large errors (median RMSE = ��.�� mmHg)

with respect to the reference SBPNight values. Assessing the �xed and random e�ect distributions

(see �gure �.�) provides an interpretation for this. All distributions contained both positive and

negative values, highlighting uncertainty in the calibration slopes. This uncertainty limits the

e�ectiveness of the random e�ect regularisation across the cohort (i.e. allowing a, non-physiological,

positive PAT calibration slope [��]). As a result, individual calibration could not be appropriately

handled and so any dependence between observations was maintained. As MERF handles random

e�ects in the same manner as LMEM, this issue persisted for both mixed-e�ects models.

The issue of poor calibration is very likely to be the result of comparatively low BP variability

during the day [��], coupled with errors in signal recording (such as motion artefacts) in the

ICU that cannot be appropriately accounted for in a post-hoc assessment of the MIMIC database.

Indeed, analysis of CI◊Orth
95 and CI

◊Bathy
95 in the previous chapter suggested that at the patient level,

the selected PPGfts showed signi�cantly greater inter-patient variability than BP, possibly driven

by a higher susceptibility to motion artefacts (see �gure �.�). A single day of measurements may,

therefore, not provide su�cient data for appropriate individual calibration.

The use of devices that record user motion, such as accelerometers, in primary care home

recordings, may help in the �ltering of noisy data or outliers. Additionally, multi-day measurements

(as is typically required when monitoring blood pressure at home [���]) can enable the creation

of a larger, longitudinal dataset for each individual, which may enhance performance.
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Unlike Method �, regularised individual calibration facilitates assessing DRSBP as a continuous

variable, as opposed to discretisation into phenotypes based on arbitrary thresholds, as suggested by

multiple studies [���, ��, ���]. The LMEMPPG+PAT model recorded comparatively better results in

estimating DRSBP (median flp = �.��, median RMSE = �.��%), and the limitation of poor calibration

may be reduced for this metric. When compared to other methods in the literature, Radha et

al. [���] reported a comparable mean flp = �.�� value for dip estimation using a long short-term

memory (LSTM) neural network with only PPGfts as inputs. This further indicates that the ECG

or PPG-derived signals may be better suited for an assessment of macro changes in BP, as opposed

to beat-by-beat, or even hour-by-hour variations.

�.�.� Method �: Calibration free

Method � is a calibration-free approach that estimates a patient’s BP phenotype based on features

derived from the ��-hour pro�les of multiple signals. The aim was to provide a convenient and

e�cient way of determining an individual’s BP phenotype without the need for reference BP

measurements. The double-cosinor phases (in particular peak timings) of all signals were a large

contributing factor in RF model estimations (see �gure �.�). As these phase features are circular

parameters (they exist in the range [0, 2fi]), the relative performance gains of the non-linear RF

model over the linear LASSO+OLS becomes clear. Relying on signal phases rather than amplitudes

o�ers several bene�ts, including the avoidance of the need for individual-speci�c calibration

and increased robustness against signal noise. The double-cosinor amplitudes of PPGfts were

found to o�er little contribution to RFPPG+PAT model performance. The relative amplitude of

diurnal to nocturnal di�erences (D̃R) was of high importance across all signals. PAT consistently

reported higher feature importance than individual PPGfts, and RFPPG+PAT reported signi�cantly

better performance metrics than RFPPG.

Armitage et al. [�] previously suggested that ’reverse-dippers’ tended to be older and more

frequently male. Despite this, in our results, sex and age demographics had the lowest and third-

lowest RFPPG+PAT feature ranking coe�cients respectively. This suggests that the in�uence of

age and sex on phenotypes is not a prominent factor in our ICU data, and helps to explain the

poor performance of the baseline reference method. Factors such as ICU admission and medication

may have proved to be more important than age and sex, which are more likely to be relevant

in a community study.

With a median SMR of �.�%, this calibration-free approach could o�er a practical and cost-

e�ective initial evaluation of dipping status in the wider population. The potential for further
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improvement may be derived from a more extensive, longitudinal dataset for each individual. Por-

taluppi et al. [���] suggests that cosinor modelling is consistent across multiple days, indicating the

reproducibility of daily routines. Bymodelling the variations in signals overmultiple days, the signal-

to-noise ratio of each signal can be improved, leading to more accurate cosinor feature estimates.

�.�.� Limitations

The work presented in this chapter has some limitations that are worth discussing.

Firstly, as detailed in the previous chapter, the ICU is not an ideal dataset for an analysis

of circadian phenotypes. Patients in the ICU exhibit distinct physiological responses to critical

illness and medication, which may not align with typical primary care or ambulatory environments.

The noisy nature of the data and the presence of medical sta� may have in�uenced the results,

raising questions about the generalisability of the �ndings to uncontrolled, real-world settings.

Given the focus on patient-wise analysis conducted in this chapter, this limitation is likely more

signi�cant than in the previous chapter.

The estimation of patient-wise BP phenotypes presents a challenge due to the subjective nature

of the ground-truth phenotype labelling. This process is based on the de�nition of arbitrary

thresholds of DRSBP, which inherently includes a degree of uncertainty. Measurements of BP

using sphygmomanometer cu�s have known limitations depending on posture, cu�-in�ation

hypertension, and cu� size [���, ���]. Slight errors in the BP measurements can result in a patient

being mislabelled into a di�erent phenotype group. As a result, it was expected that the confusion

matrices shown in �gure �.� would reveal a signi�cant number of misclassi�cations.

In order to mitigate against this occurrence, we selected patients for analysis whose ��-hour

SBP time series passed the double-cosinor F-test for the presence of a rhythm at the p < 0.05
level. However, it is crucial to recognise that this selection approach introduces speci�c biases

and assumptions into the study. The selection of patients with SBP data that �ts a double-cosinor

model assumes that these patients have relatively regular circadian rhythms in their BP. This

assumption may not hold for all patients, as individuals can exhibit varying degrees of rhythm

regularity or irregularity. Consequently, the study may inadvertently favour patients with more

predictable BP patterns, potentially excluding those with atypical or irregular circadian rhythms.

Finally, a critical limitation is the challenge of translating the developed methods from the ICU

to an at-home monitoring environment. The controlled and supervised nature of data collection in

the ICU di�ers signi�cantly from the independence and variability of home-based monitoring. Fac-

tors such as patient movement, variable adherence to measurement schedules, and di�erent signal

qualities in home settings could substantially impact the accuracy and applicability of the methods.
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�.�� Conclusion

In this chapter, we developed two methods for classifying an individual’s BP phenotype using PAT

or PPGfts. Both methods are suitable for integration into current primary care practices. We found

that the two methods showed similar classi�cation performance, with non-signi�cant di�erences

observed for Acc, wF�, and Ÿ. The regularised individual calibration method was able to estimate

DRSBP as a continuous variable, allowing for a more nuanced interpretation of an individual’s BP

patterns. However, we encountered challenges in mixed-e�ects modelling due to the presence of

noise in the dataset that couldn’t be accounted for when performing a post-hoc assessment. The

calibration-free method used circadian features of the PPGfts or PAT signals. This calibration-free

approach may provide an unobtrusive and cost-e�ective assessment of dipping status in the wider

population. Adding PAT to the feature set could result in improved performance for phenotype

identi�cation, but requires the additional recording of an ECG signal.

This assessmentwas performed on a cohort of patients close to recovery in the ICU. In the follow-

ing chapter, we extend this approach to a population of healthy individuals in an ambulatory setting.
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�.� Introduction

To address the increasing global burden of CVD, there is a pressing need for BP monitoring in

at-home environments [�, �]. In this chapter, we expand upon the research conducted in this

thesis by exploring the estimation of ambulatory BP in healthy individuals seven days after their

initial calibration. Speci�cally, we assess the performance of two calibration strategies: individual

���
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calibration and hybrid calibration. These strategies aim to provide accurate assessments of both

absolute BP values and relative BP changes.

�.� Methods overview

Figure �.�: Schematic of the methodology used to estimate Day7 BP using data collected during
Day0 in the nABPM study. The accelerometer data was employed to detect periods of activity and
remove them from the analysis of the ECG and PPG signals. These signals were then used to compute
reference HR (HRRef) values and ensemble-averaged PAT and PPGfts. Two ML regression models,
regularised ordinary least squares and random forest, were trained on the data collected during Day0
to estimate the Day7 BP from the PAT and PPGfts signals.

Data was gathered from the �� participants enrolled in the nABPM study, presented in

section �.�. This study consisted of two ��-hour sessions, spaced one week apart, during which

participants carried out their normal daily activities while physiological data was recorded. During

the two ��-hour sessions, PPG, ECG, and accelerometer signals were continuously recorded using a

portable physiological monitoring device (Stowood, Oxford, UK). Reference BPmeasurements were

recorded using an ABPM device (A&D Instruments, Tokyo, Japan). The �rst session, referenced

Day0, and the second session, referenced Day7, each began with a �-minute calibration period

during which all data, including a reference BP measurement, was recorded with the participants

at rest. During the day, BP was recorded every ��minutes. During the night-time, BP was recorded

hourly. Participants reported their sleep times and sleep quality at the end of each session using

the sleep questionnaire provided in Appendix B.

Figure �.� provides an overview of the methodology used, which was developed using only

data collected during Day0. In order to mitigate against motion artefacts, the accelerometer signal



�. Towards cu�ess estimation of ambulatory blood pressure ���

was used to detect periods of sustained activity. During these active periods measurements of

the PPG and ECG signals were labelled as being of poor quality. Subsequently, we established

ensemble-averaged estimates of PAT and PPGfts during all inactive periods (see section �.� for

further details). A reference HR (HRRef) signal was computed by averaging the heart rate values

extracted from the ECG and PPG waveforms. To record the availability of good-quality HRRef,

PAT, and PPGfts data across all sessions.

Disagreements betweenHRRef and theHR value recorded by the ABPMdevice (HRCu�) enabled

the removal of poor-quality BP values. The resulting good-quality ABPM data was smoothed using

a double-cosinor model to attenuate high-frequency variations.

Finally, we trained linear (regularised ordinary least squares, OLS) and non-linear (random

forest, RF) ML regression models implementing both individual calibration (personalised regression)

and hybrid calibration (leave-one-out regression) strategies to estimate a participant’s Day7 BP (BP̂)

using only data recorded during Day0. Additionally, we compared estimates of DRSBP (DR̂SBP)

to the reference values computed from the ABPM. We assessed the importance of each feature,

and their stability, from Day0 to Day7, using SHAP values.

�.� Activity detection

In uncontrolled settings, such as individuals performing their normal daily tasks, recordings of

physiological signals may be heavily corrupted by motion artefacts [���]. To mitigate the impact

of noise resulting from motion artefacts, we utilised the motion signal recorded by a three-axis

accelerometer located in the Stowood device to detect periods of sustained activity. Stowood’s

proprietary software computed a single vector magnitude time series with arbitrary units (a.u)

from the three-axis accelerometer signal. The original motion signal exhibited short sharp bursts

of unknown origin. Consequently, we processed this signal using a ��-second running average

mean to avoid �agging these bursts whilst still �agging periods of sustained activity. The result

of this smoothing is shown in �gure �.�(a) for a typical ��-hour recording.

We located periods of signi�cant participant activity through a threshold (“acc) of the smoothed

motion signal. Figure �.� shows the cumulative distribution function (CDF) of the smoothed

motion signal grouped into periods of self-reported sleep, and wakefulness during Day0 recordings.

Setting the value of “acc involved a trade-o�; at high values, periods of motion would not be

adequately detected and removed from analysis, and at low values, a signi�cant proportion of

each session would be discarded from analysis because of perceived activity. With these factors

in mind, based on where the CDF of data collected during sleep reached a plateau in �gure �.�,
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(a)

(b)

(c)

Figure �.�: Example of detecting periods of activity in the dataset. (a) Original accelerometer signal
recorded by the Stowood device. This signal was processed by a ��-second moving average �lter
to reduce the impact of short sharp bursts and to indicate periods of sustained activity. (b) The
��-second moving average accelerometer signal and threshold “acc. (c) Periods of activity detected by
the accelerometer signal crossing “acc. Periods labelled as ’Active’ were removed from analysis.

we set “acc to ��. Figure �.� provides an example of the activity detection results. Periods during

which the ��-second moving average motion signal crossed the “acc threshold were labelled as

’Active’. The majority of these periods occurred during the day with short periods of activity

resulting from movement during sleep.

�.� Ensemble averaged pulse arrival time and photoplethysmo-
gram features

We computed an approximation of the underlying PAT and PPGfts signals through an ensemble-

averaged technique. We followed the steps outlined in section �.� to preprocess the PPG and ECG

waveforms, detect their respective cardiac beats and assess their signal quality (SQIPPG and SQIECG

respectively). Note that the signal quality assessment included the combined SQI which set both

SQIPPG and SQIECG to zero when the estimated heart rates in the two signals di�ered by more than

� beats/min. Additionally, during any detected ’Active’ periods, SQIECG and SQIPPG were set to zero.
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Figure �.�: Determining “acc as a threshold that appropriately separates the accelerometer values
recorded during self-reported periods of sleep to those recorded during the day. As a result for this
analysis “acc was set to ��.

�.�.� Ensemble averaged pulse arrival time

We implemented a three-stage strategy to compute an ensemble-averaged estimate of PAT (PATEA).

We �rst computed the PPGR-R waveform as the average of the PPG signal segmented between

two consecutive R-peaks in the ECG signal within a ��-second sliding window with a step size

of �� seconds. At the end of each stage, each PPGR-R waveform was included only if it passed

that stage’s criterion (see below). Subsequently, the valid PPGR-R waveforms were normalised to

have unit amplitude and were averaged, with the length of the averaged waveform set to be the

median R-R interval within the window. PATEA was �nally computed from the ensemble-averaged

PPGR-R waveforms using the intersecting tangents method [���].

The stages involved in computing PATEA are outlined in �gure �.�. For the �rst stage, a PPGR-R

waveform was removed from analysis if any of the following criteria were met:

• If either of the R-peaks de�ning PPGR-R had a corresponding SQIECG value of �.

• If within PPGR-R, the number of previously detected PPG onsets was not one (see �gure �.�

for two examples where this criterion was not met in the cohort).

• If the single PPG beat within PPGR-R had a corresponding SQIPPG value of �.

In the second stage, the ensemble average was computed using valid PPGR-R waveforms (from the

�rst stage) whose amplitude was within the mean ± three standard deviations for that window.

Finally, in the third stage, the linear correlation (flp) of each PPGR-R waveform with the ensemble-

averaged PPGR-R waveform was computed, and any waveforms with flp < �.� were discarded. The

resulting SQI of the PATEA for each ��-second window, w, (SQIEAPAT(w)) was computed as:

SQIEAPAT(w) = 1
Nw

ÿ

jœ�
min(SQIECG(j), SQIPPG(kj)) (�.�)
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(a)

(b)

(c)

(d)

Figure �.�: Overview of the three stages used to compute PATEA and SQIEAPAT. At each stage, beats
that did not pass the stage criterion are shown in red and the resulting ensemble averaged PPGR-R for
that stage is shown in the right-hand column. n indicates the fraction of PPGR-R in the window that
met the stage criteria up to that stage. (a) ECG signal with detected R-peaks. (b) Stage �: PPGR-R
waveforms with corresponding SQIs equal to � were removed. (c) Stage �: PPGR-R waveforms that
exceed the mean ± three standard deviations for that window were removed. (d) Stage �: PPGR-R
waveforms that have a flp < �.� with the ensemble average were removed.

where Nw is the total number of ECG beats initially in w (i.e. prior to stage �), � is the subset of

ECG beats that were not discarded from analysis post stage � (i.e. de�ning the onsets of PPGR-R),

kj is the index of the PPG beat succeeding j (i.e. the index of the PPG beat within PPGR-R).

Outlier values of PATEA were subsequently detected within a ��-minute window with a ��-

minute step (see section �.�.�.�). The SQIEAPAT for any detected outliers was set to zero. Subsequently,

Kalman �ltering was applied to reduce the e�ect of transient artefacts caused by noise. Figure �.�

visually compares PAT computed on a beat-by-beat basis (computed using the steps outlined

in section �.�) to PATEA for a typical participant in the study. PATEA represents a smooth

approximation of the overall trend of PAT.

�.�.� Ensemble averaged photoplethysmogram features

We computed the ensemble-averaged PPG waveform (PPGEA) within a ��-second window with

a step size of ��-seconds, following the methods described in section �.�. With the exception of

the systolic peak (S), which was detected as the maximum of the PPGEA, we used the criteria
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(a) (b)

(c) (d)

Figure �.�: Examples of two PPGR-R waveforms where the number of previously detected PPG onsets
was not one. In both of these examples, movement of the index �nger introduced an artefact into
the PPG signal, leading to a misinterpretation as a pulse. (a) & (b): Example ECG waveforms whose
R-waves de�ne the start and end of the PPGR-R. (c) & (d): Corresponding PPGR-R and the onsets
previously detected using the bSSF algorithm.

Figure �.�: Visual comparison of PAT computed on a beat-by-beat basis (computed using the steps
outlined in section �.�) to PATEA for a typical participant in the study. PATEA represents a smooth
approximation of the overall trend of the PAT signal. Only data corresponding to an SQI=� is shown.
The shaded area indicates night-time.
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outlined in section �.�.� to detect the characteristic �ducial points of the PPGEA. The �� PPGfts

de�ned in table �.� were extracted from each PPGEA. We similarly processed the PPGfts using

outlier detection to remove notable deviations in values and a Kalman �lter to reduce the e�ect

of transient artefacts caused by noise.

�.� Establishing a reference blood pressure signal

Two forms of noise can corrupt BP data recorded by an ABPM device. Firstly, there is a dependence

on the precision of the device itself. The TM-���� ABPM used in the nABPM study has been

validated against the ISO �����-�: ���� protocol. This protocol requires that the mean ±

standard deviation of error must be < 5 ± 8mmHg when compared to a reference mercury

sphygmomanometer operated by a trained professional [���, ���]. Secondly, data recorded by

an ABPM device also exhibit non-stationary noise, typically caused by movement. For example,

often ABPM data will exhibit fewer high-frequency �uctuations during the night than during

the day [��]. Training ML regression models in the presence of signi�cant ground truth noise can

lead to over�tted models that assume this variation represents the structure of all data. Models

trained in such circumstances will often not generalise well to new data [���]. To address this

issue, we �rst detected and removed erroneous BP values, and subsequently smoothed the resulting

time series in order to attenuate high-frequency components.

As the blood pressure cu� de�ates, the oscillations measured in the sensing cu� are utilised by

the ABPM device to report an estimate of HR (HRCu�). To indicate the presence of signi�cant

measurement uncertainty during each cu� de�ation, we compared theHRCu� values to the reference

HR signal (HRRef) computed from the ECG and PPG signals.

�.�.� Computing a reference heart rate

For each session, HRRef was computed by calculating the heart rates in the ECG and PPG signals

and averaging the results. HR values were computed for each signal separately (labelled HRECG

and HRPPG respectively) using the average of the instantaneous heart rates (IHR) within a sliding

window, w, of length �� seconds and step size of �� seconds. To compute IHR, the time delay

between consecutive R-peaks was used for the ECG signal, while the time delay between consecutive

beat onsets was used for the PPG signal. Only beats of good quality (de�ned as an SQI > � for

both signals) were included in the analysis. The agreement between HRECG and HRPPG computed

across all Day0 recordings is shown in �gure �.� via a Bland-Altman and scatter plot. The two
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HR measurements showed very strong agreement� with lower dispersion at low HR values, most

probably because of the good quality of both signals during sleep.

For each window, HRRef and its corresponding signal quality index (SQIHR) were computed

as the average of the respective values from HRECG and HRPPG.

(a) (b)

Figure �.�: Agreement between HRECG and HRPPG computed across all Day0 recordings. (a) Bland-
Altman plot (b) Scatter plot. The colour of the values indicates the density of the data. HRRef was
computed as the average of these signals.

�.�.� Heart rate-based removal of poor-quality blood pressure values

Poor-quality BP values were detected based on disagreements between HRRef and HRCu�. For each

HRCu� observation, we averaged the HRRef time series within a window of size wHR centred on

the HRCu� measurement. The % error for each measurement was computed as:

% error = |HRCu� ≠ HRRef|
HRRef

· 100% (�.�)

if % error exceeded ��% (the ANSI/AAMI maximumHRmeasurement % error for cardiac monitors

[���]), then it was assumed that there was signi�cant noise in themeasurement and it was considered

to be of poor quality. Additionally, if the averaged SQIHR within the window wHR was less than a

threshold, “HR

SQI
, then it was assumed that there was signi�cant noise present during data recording

and so the measurement was considered to be of poor quality.

To determine the optimum values of the hyperparameters wHR and “HR

SQI
, a sensitivity analysis

was performed to evaluate their impact on the RMSE agreement between the good-quality HRRef

andHRCu� values, as well as the number of windows labelled as poor-quality, across all Day0 sessions.
�Note that previously, periods with signi�cant deviation in the heart rate between the two signals were removed

from analysis, and so a strong agreement was expected.
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The goal was to minimise the RMSE, suggesting a close agreement between the two measurements,

while also minimising the number of detected poor-quality windows, to achieve a high speci�city.

(a) (b)

(c) (d)

Figure �.�: Sensitivity analysis of wHR and “
HR

SQI
to determine their optimum values. (a) and (b):

sensitivity of the variables on participant-wise median RMSE between HRRef and HRCu� and the
number of poor-quality windows respectively. From this analysis wHR was set to be ���s. (c) and (d):
sensitivity of “

HR

SQI
on RMSE and the number of poor-quality windows respectively at a wHR value of

���s. From this analysis “
HR

SQI
was set to be �.�. These thresholds are shown in green in the relevant

plots.

Figures �.�(a) and �.�(b) show the impact of wHR and “HR

SQI
on the participant-wise median

RMSE and the number of poor-quality windows respectively. For wHR values between �s and ���s,

RMSE values improved as wHR increased, across all “HR

SQI
. However, for window sizes larger than

���s, RMSE was largely independent of wHR. Additionally, the number of poor-quality windows

showed little sensitivity to wHR. As a result, wHR was set to ���s.

Figures �.�(c) and �.�(d) show the participant-wise sensitivity to “HR

SQI
at wHR = 120s.

Increasing values of “HR

SQI
decreased the RMSE between the two HR measurements; however,

there was a corresponding rapid increase in the number of windows rejected. “HR

SQI
was there-

fore set at a value of �.�.

Figure �.� shows an example from our proposed HR-based detection of poor-quality BP values

for a typical participant in the nABPM study.
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(a)

(b)

Figure �.�: HR-based detection of poor-quality BP values for a typical participant in the nABPM
study. BP values were removed from analysis if the % error between HRRef and HRCu� was greater
than �� %, or if SQIHR exceeded “

HR

SQI
(a) HRRef and HRCu� values. (b) SBP time series recorded by

the ABPM.

�.�.� Double-cosinor model

For each participant, we processed the reference good-quality ABPM signal using a double-cosinor

statistical model (see section �.�.�). The double-cosinor model performs a �ltering operation such

that high-frequency components are attenuated, resulting in a smooth approximation of the overall

ABPM time series [���, ���]. Figure �.�� shows the results of the double-cosinor model �tted

to the good-quality SBP measurements for the Day0 data from all participants. Assessing model

goodness-of-�t using an F-test (see section �.�.�) indicated that the double-cosinor model was

appropriate, at the p < 0.05 level, for all participants apart from ID: ����. For this participant

(who reported signi�cant di�culty sleeping due to the measurement equipment) there was a

signi�cant dispersion in nocturnal BP values.

The di�erences betweenDRSBP values computed from the double-cosinor smoothedABPM time

series and the original good-quality data were found to be statistically non-signi�cant (Wilcoxon

signed-rank test: p = 0.123). This suggests that the smoothing process and attenuation of high-

frequency variations did not result in a loss of information related to an individual’s dipping

status. All participants reported a fall in BP during night-time hours. Using the DRSBP values

computed with the smoothed BP signal and the phenotype classi�cation rules outlined in table �.�,

we classi�ed three participants (ID: ����, ����, and ����) as ’non-dippers’, while the remaining

participants were classi�ed as ’dippers’.
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Figure �.��: Double-cosinor model smoothing for Day0 ABPM data for all participants to compute
the reference BP time series. The timestamp at the left-hand edge of the plot indicates the time at
which the BP monitoring started for that study participant, and it notably varies across di�erent
participants. For one participant (ID: ����) the double-cosinor model did not pass the goodness-of-�t
F-test at the p < 0.05 level. The shaded area indicates self-reported sleep time.

�.� Estimating Day7 blood pressure

The main aim of this chapter was to report the accuracy of the estimation of ��-hour BP values, �

days after initial calibration. In particular, we compare the performance of individual calibration

(personalised regression) to hybrid calibration (leave-one-subject-out regression) strategies. For each

of these strategies, we derived di�erent baseline references against which performances were evaluated.

We developed linear (ordinary least squares, OLS) and non-linear (random forest, RF)ML regression

models, using two di�erent feature sets, X œ {PPG, PPG+PAT}. The PPG feature set included all

PPGEA PPGfts and HRPPG. The PPG+PAT feature set included all PPGEA PPGfts, PATEA, and HRRef.

For each ��-hour session, observations of X , xi, and the regression target vector y, yi, were
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established in a feature window wf of length �� minutes and step �� minutes. We computed

xi by taking the mean average of the relevant features for each wf , including only data points

with a corresponding SQI > 0 in the window.

Window-based SQIEAPPG(wf ), SQIEAPAT(wf ), and SQIHR(wf ) were then computed as their mean

values within each window, wf . For each of PPGEA, PATEA, and HR, if their respective window-

based SQI fell below a “SQI threshold, then we excluded that window from further analysis. To

determine the optimum value of “SQI we conducted a sensitivity analysis to evaluate its impact

on the proportion of wf windows with valid measurements of PPGfts, PATEA, or HR across all

Day0 sessions, for each ��-minute window of the day.

The proportion of good-quality windows varied throughout the day, with fewer windows

meeting the SQI threshold during the day than at night. This is demonstrated in Figure �.��,

where participant-wise median values are shown for each signal over �� hours. As a reference,

�gure �.�� (d) shows the participant-wise median accelerometer values for each ��-minute window,

wf , demonstrating high activity levels during the day. Compared to HR, PPGEA and PATEA

showed higher sensitivity to changes in “SQI, indicating that their respective SQIs were more

stringent than that of HR. Based on the sensitivity analysis, we set “SQI to �.� (shown by the

green circle in �gure �.��), resulting in the exclusion of ��.�% of PPGEA, ��.�% of PATEA, and

��.�% of HR measurements during the daytime, and �.�%, ��.�%, and �.�% during the night-time

across all Day0 sessions.

We handled missing data by participant-wise cubic splines imputation. Subsequently, for

each participant we smoothed each feature with a moving median �lter � samples long (corre-

sponding to �� minutes) in order to mitigate the impact of spurious data, which is common

in a free-living context.

To establish the regression target vector y, for each session, double-cosinor modelled BP time

series were sampled every �� minutes (corresponding to the centre of wf ).

�.�.� Individual calibration

Individual calibration accounts for the individualised nature of calibrating PAT or PPGfts to BP.

In this study, we implemented individual calibration through independent personalised regression

models, trained on a participant’s Day0 data and tested on the same participant’s Day7 data.
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(a) (b)

(c) (d)

Figure �.��: Sensitivity analysis of “SQI on the participant-wise median % good-quality windows
across all Day0 sessions for (a) HRRef, (b) PATEA, and (c) PPGEA. For each ��-minute window of the
day (shown by the perimeter of the plot as the hour of the day), “SQI (shown by the radius of the
plot, starting at � at the centre and ending at � at the circumference) was varied and the heatmap
shows the participant-wise median % good-quality wf windows (i.e. at values close to the centre, the
“SQI threshold is low and so the majority of windows were considered to be good-quality, as “SQI

increases a higher proportion of windows are labelled as poor-quality). From this analysis, “SQI

was set as �.�, as shown by the green circle. For reference, (d) shows the participant-wise median
accelerometer values (a.u.) for each ��-minute window.

�.�.� Hybrid calibration

To minimise the number of calibration measurements required before measuring an individual’s

BP, commercial cu�ess BP devices adopt hybrid calibration strategies [��]. To model this approach,

we implemented hybrid calibrationmodels trained in a nested leave-one-subject-out cross-validation

(LOSOCV) framework. Within this framework, Day7 BP values were estimated for the pth

participant using data collected from Day0 sessions for all participants apart from p.

As with �BP estimation in the MOLLIE dataset (see chapter �), we implemented hybrid

calibration by subtracting a reference calibration value from each BP measurement and waveform

feature. The participant-wise calibration value of BP (BPp, calib) and the jth waveform feature

(fp, calib
j

) were computed as their respective mean values during the �-minute calibration period

at the start of the Day0 recording. The Day0 calibration values were also used for Day7 test
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data in order to establish whether this calibration was still relevant � days later. Therefore,

yp

i
and xp

ij
took the form:

i = {1, . . . , N},

yp

i
= BPp

i
≠ BPp, calib, xp

ij
= fp

ij
≠ fp, calib

j
, j = {1, . . . , M},

p = {1, . . . , Np}

(�.�)

where N and M are the number of observations and features in X respectively. Np is the number

of participants. Finally, we added participant age, sex, height, weight, and BMI as static features

to the input feature set.

�.�.� Regression models

To estimate the Day7 BP time series, linear combinations of features using regularised ordinary least

squares (OLS), and non-linear combinations using a RF regression model were both investigated.

We have previously implemented LASSO regularisation to minimise the likelihood of linear models

over�tting to the training set. LASSO imposes the L�-norm penalty on the feature coe�cients. The

regularisation value, ⁄, is typically optimised based on the minimisation of RMSE in a validation

set. However, in situations where the validation data contains a signi�cant degree of noise, it is

not uncommon for LASSO regularisation to set all feature coe�cients to �, leading to predictions

that use only the intercept term [���]. As a result, we employed elastic net regularisation (see

appendix D.�.�). This includes an L�-norm penalty in addition to the L�-norm imposed by LASSO,

overcoming the limitations of LASSO by signi�cantly reducing the tendency of the regularisation

to set a feature coe�cient to zero [���]. We refer to this model as ELAS+OLS.

Model hyperparameters (⁄ for ELAS+OLS and mtry for RF) were optimised using CV to

minimise the median RMSE in the validation set. For individual calibration, a �-fold CV approach

was repeated �� times with new random partitions in order to reduce the bias in resampling. For

Hybrid calibration, a nested LOSOCV approach was implemented.

Finally, model outputs were smoothed using the double-cosinormodel to compute the estimated

BP time series, BP̂. Separate models were trained for estimating SBP, MAP, and DBP.

�.�.�.� DRSBP estimation

Estimates of DRSBP (DR̂SBP) were computed as the percentage di�erence between the mean

estimated night-time SBP (SBPˆ
Night) and the mean estimated daytime SBP (SBPˆ

Day), normalised

by the latter. In this study, night-time was de�ned as the self-reported sleeping period from each

participant for each session. Daytime was de�ned as �� am to � pm.
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�.�.� Baseline references

To establish reference performance statistics, separate baseline references were developed for individ-

ual and hybrid calibrations. For individual calibration, the baseline reference assumed no BP changes

for each participant from their Day0 calibration value BPp, calib (i.e. BP̂p

i
= BPp, calib

i
for all i and p).

For hybrid calibration, following the work of Mieloszyk et al. [���], we trained both ELAS+OLS

and RF regression models using features not derived from the PPG or ECG signals that have previ-

ously demonstrated a signi�cant relationship with BP over �� hours. These models incorporated

demographic static features such as age, sex, height, weight, and BMI, which have been linked

to the circadian rhythm of BP [�, ���]. We additionally modelled the time of measurement by

accounting for its circular nature using the sine & cosine transforms:

tc = cos(2fi
hour
24 ), ts = sin(2fi

hour
24 ) (�.�)

where ’hour’ is the time of the day in hours. These hybrid calibration baseline references models were

trained within a LOSOCV framework as outlined in section �.�.�.

�.� Evaluation and generalisability of models

We used the following metrics to evaluate BP estimation performance: flp, RMSE, and MAE. DRSBP

estimation was assessed as the absolute di�erence with respect to the reference. Di�erences in

performance metrics across all folds from the models were evaluated for statistical signi�cance by

a two-tailed Wilcoxon signed-rank test (see appendix C.�). We adjusted the p-values for multiple

comparisons using the Benjamini-Hochberg method (see appendix C.�.�).

�.�.� Shapley additive explanation values feature importance and feature stabil-
ity

To determine the importance of each feature, we utilised the mean absolute SHAP value („j)

computed across the training data. SHAP values, which represent the contribution of each feature

to the model predictions, were computed as detailed in section �.�. To account for variability

in the training data across folds, we employed a ranking coe�cient that normalised the SHAP

values between � and � at each fold, as described in section �.�.�. We further evaluated the

SHAP values for each model prediction to highlight variations in feature contributions from

training and test observations.

It remains unclear whether the best-performing features for an individual on one day are stable,

and therefore equally as important for the same individual seven days later. Moreover, whether the
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’optimum’ features (de�ned as the features most relevant at test time) for an individual may be

ascertained using LOSO regression also remains to be explored. To investigate feature stability, we

identi�ed each participant’s ’optimum’ feature rankings by training ELAS+OLS and RF regression

models on data collected during their Day7 session. The agreement between the Day0 feature

rankings and the ’optimum’ Day7 feature rankings was assessed by fls (see section �.�.�).

�.�.� Model complexity

Highly complex models require a large number of features in order to make accurate predictions.

However, these models also tend to su�er from over�tting whereby they perform well in one

context but are not generalisable [���]. We assessed the complexity requirements of the models

by analysing the validation performance (flp and RMSE) as more features were included in the

feature set X . Starting with a null feature set, X?, PPG+PAT features were ordered by their

absolute fls with the training target vector y: {f1, f2, . . . , fM}. Ordered features were then

sequentially added to the feature set and the models outlined above were trained, with their

optimum validation performance then reported.

�.� Results

�.�.� Data recording in a free-living context

Table �.� summarises the recording durations and data availability for all sessions in the nABPM

study. Accurate data recording in a free-living context can be challenging, and approximately

��-��% of each session was classi�ed as ’Active’ during which all ECG and PPG data were removed

from analysis. A valid HRRef signal was available for approximately ��-��% of each session. There

was a considerably lower and more varied availability of PATEA and PPGfts across all sessions.

The reference Day7 SBP time series was computed using double-cosinor modelling, as shown

in �gure H.� in the appendix. The double-cosinor model was found to be appropriate, at the

p < 0.05 level, for all individuals apart from one, ID: ����. This participant reported signi�cant

di�culty sleeping during the session because of the high night-time temperature at the time of

recording. Across all Day7 recordings, the DRSBP values between the good-quality SBP data and the

double-cosinor smoothed SBP time series also showed non-signi�cant di�erences (Wilcoxon

signed-rank test: p = 0.091).
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Table �.�: Recording durations and data availability for the nABPM study. The summary row indicates
the median statistic over the recordings.

Total recording
ID time (HH:mm:ss) ’Inactive’ HRRef PATEA PPGfts # BP meas.

Day0 recordings (training set)
���� ��:��:�� ��.��% ��.��% ��.��% ��.��% �� (��.��% )
���� ��:��:�� ��.��% ��.��% ��.��% ��.��% �� (��.��% )
���� ��:��:�� ��.��% ��.��% ��.��% ��.��% �� (��.��% )
���� ��:��:�� ��.��% ��.��% ��.��% ��.��% �� (��.��% )
���� ��:��:�� ��.��% ��.��% ��.��% ��.��% �� (��.��% )
���� ��:��:�� ��.��% ��.��% ��.��% ��.��% �� (��.��% )
���� ��:��:�� ��.��% ��.��% ��.��% ��.��% �� (��.��% )
���� ��:��:�� ��.��% ��.��% ��.��% ��.��% �� (��.��% )
���� ��:��:�� ��.��% ��.��% ��.��% ��.��% �� (��.��% )
���� ��:��:�� ��.��% ��.��% ��.��% ��.��% �� (��.��% )
���� ��:��:�� ��.��% ��.��% ��.��% ��.��% �� (��.��% )
���� ��:��:�� ��.��% ��.��% ��.��% ��.��% �� (��.��% )
���� ��:��:�� ��.��% ��.��% ��.��% ��.��% �� (��.��% )
Summary ��:��:�� ��.��% ��.��% ��.��% ��.��% �� (��.��% )

Day7 recordings (test set)
���� ��:��:�� ��.��% ��.��% ��.��% ��.��% �� (��.��% )
���� ��:��:�� ��.��% ��.��% ��.��% ��.��% �� (��.��% )
���� ��:��:�� ��.��% ��.��% ��.��% ��.��% �� (��.��% )
���� ��:��:�� ��.��% ��.��% ��.��% ��.��% �� (��.��% )
���� ��:��:�� ��.��% ��.��% ��.��% ��.��% �� (��.��% )
���� ��:��:�� ��.��% ��.��% ��.��% ��.��% �� (��.��% )
���� ��:��:�� ��.��% ��.��% ��.��% ��.��% �� (���.��% )
���� ��:��:�� ��.��% ��.��% ��.��% ��.��% �� (��.��% )
���� ��:��:�� ��.��% ��.��% ��.��% ��.��% �� (��.��% )
���� ��:��:�� ��.��% ��.��% ��.��% ��.��% �� (��.��% )
���� ��:��:�� ��.��% ��.��% ��.��% ��.��% �� (��.��% )
���� ��:��:�� ��.��% ��.��% ��.��% ��.��% �� (��.��% )
���� ��:��:�� ��.��% ��.��% ��.��% ��.��% �� (��.��% )
Summary ��:��:�� ��.��% ��.��% ��.��% ��.��% �� (��.��% )

’Inactive’ indicates the proportion of the recording that the motion signal crossed the “acc threshold.
HR, PATEA, and PATEA indicate the proportion of the recording for which a valid estimate of the
respective signal was available. # BP meas. indicates the number (and proportion) of good-quality BP
measurements.

�.�.� Model performance

Figure �.�� shows the flp and RMSE validation performance curves as PPG+PAT features were

cumulatively added to the feature set. Note that di�erent validation sets were implemented for

individual (�-fold CV) and hybrid calibration (LOSOCV) strategies and so a direct comparison of

absolute performance values between the two is not possible. Overall, all models showed smooth

improvements in validation performance as more features were added. For each calibration strategy,

better validation metrics were observed in RF models than in ELAS+OLS models. These non-linear
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(a) (b)

Figure �.��: Assessingmodel complexity based on the participant-wise median validation performance
curves as PPG+PAT features were sequentially added to each model. Features were ranked by their
absolute Spearman’s rank correlation (|fls|) with the target vector. (a) Median flp computed across
the validation data. (b) Median RMSE across the validation data.

models also tended to reach their optimum performance for a fewer number of input features.

ELAS+OLS displayed consistent improvements in performance as more features were added,

demonstrating that the LASSO limitation of setting all feature weights to zero was addressed

through the elastic net. Hybrid calibration models reported notably sharper improvements in

validation performance across the �rst �ve features. The performance across all models reached

a plateau after around �� features, after which marginal improvements were recorded.

Table �.� shows the median and IQR performance metrics for SBP estimation by all models

computed across the Day7 sessions for all �� participants. Additionally, the results of DRSBP

estimation are provided. The corresponding results for MAP and DBP estimation are provided

in the appendix tables H.� and H.� respectively.

Using individual calibration, all models outperformed the results obtained using the baseline

reference method. With the exception of ELAS+OLSPPG+PAT, all models reported statistically

signi�cant p-values indicating that consistent improvements in all performance statistics were

observed (p < 0.05 for all). For both the PPG and the PPG+PAT feature sets, the RF model,

compared to ELAS+OLS, resulted in decreased error values (RMSE and MAE), for estimating

absolute values of BP, with weaker flp and DRSBP error values for tracking relative changes in BP.

The corrected Wilcoxon signed-rank test failed to reject the null hypothesis of equal medians

between ELAS+OLS and RF across RMSE, MAE and flp. A signi�cant (p < 0.001) di�erence
was noted for DRSBP estimation. Adding PATEA to the feature set did not yield a consistent and

signi�cant improvement in SBP estimation. Overall, the RFPPG model reported the lowest median
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Table �.�: Performance statistics of Day7 SBP estimation using the models proposed. DRSBP errors
are given as absolute di�erences with respect to the reference. Results are given as median (IQR)
across all participants. Entries in bold indicate the best performance for that metric.

Model name flp RMSE * MAE * DRSBP
†

Individual calibration
Baseline reference - (-) ��.�� (�.��) �.�� (�.��) ��.�� (�.��)
ELAS+OLSPPG �.�� (�.��) �.�� (�.��) �.�� (�.��) �.�� (��.��)
RFPPG �.�� (�.��) �.�� (�.��) �.�� (�.��) ��.�� (��.��)
ELAS+OLSPPG+PAT �.�� (�.��) �.�� (�.��) �.�� (�.��) �.�� (��.��)
RFPPG+PAT �.�� (�.��) �.�� (�.��) �.�� (�.��) ��.�� (��.��)

Hybrid calibration
Baseline reference ELAS+OLS �.�� (�.��) ��.�� (�.��) ��.�� (�.��) �.�� (�.��)
Baseline reference RF �.�� (�.��) ��.�� (��.��) ��.�� (�.��) �.�� (�.��)
ELAS+OLSPPG �.�� (�.��) ��.�� (��.��) ��.�� (��.��) �.�� (��.��)
RFPPG �.�� (�.��) ��.�� (�.��) ��.�� (�.��) ��.�� (��.��)
ELAS+OLSPPG+PAT �.�� (�.��) ��.�� (��.��) �.�� (��.��) �.�� (��.��)
RFPPG+PAT �.�� (�.��) ��.�� (�.��) �.�� (�.��) ��.�� (��.��)

* results given in units of mmHg. † results given in units of %.

RMSE (�.��mmHg) and MAE (�.��mmHg) values, whereas the ELAS+OLSPPG+PAT had the highest

median flp (�.��) values and lowest median DRSBP (�.��%) errors.

Using hybrid calibration, none of the models outperformed the baseline reference RF for RMSE,

MAE, or DRSBP. ELAS+OLS models resulted in improved flp values, however, with the associated

wide IQR resulting in this di�erence being non-signi�cant. For both the PPG and PPG+PAT feature

sets, the RF model produced signi�cantly (p < 0.05 for all) weaker flp values and DRSBP errors than

the two ELAS+OLS models. The RF models had lower median error values (RMSE and MAE) with

considerably tighter IQR than the ELAS+OLS models, suggesting better consistency of results.

The corrected Wilcoxon signed-rank test suggests there were no notable di�erences between

any of the hybrid calibration models for either RMSE or MAE. Of the waveform-based mod-

els, ELAS+OLSPPG had the lowest DRSBP errors, although this error was �.�% higher than the

baseline reference ELAS+OLS.

When comparing individual calibration and hybrid calibration strategies, we observed large

and statistically signi�cant (p < 0.01 for all) di�erences in the error values between the RF

models, indicating that the individual calibration models were signi�cantly more appropriate for

estimating absolute BP. Whereas, non-signi�cant di�erences were observed in flp and DRSBP

between the two ELAS+OLS models, suggesting that both calibration strategies were able to

equivalently track relative changes in BP.

All models reported large IQR values demonstrating inconsistencies in estimation performance

between participants. Comparing the results reported in table �.� to the validation errors reported

in �gure �.�� suggests that over�tting occurred.
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Figure �.��: Comparison of reference and estimated Day7 SBP values for each participant. Individual
calibration is from the ELAS+OLSPPG+PAT model, whereas hybrid calibration is from the ELAS+OLSPPG
model. These two models reported the lowest DRSBP error values for each calibration strategy. The
timestamp at the left-hand edge of the plot indicates the time at which the BP monitoring started for
that study participant, and it notably varies across di�erent participants

.

�.�.� Participant-level results

Figure �.�� shows the reference and estimated Day7 SBP values, for each participant. For individual

calibration, we show the results of the ELAS+OLSPPG+PAT model. For hybrid calibration, we show

the results of the ELAS+OLSPPG model. These two models are associated with the lowest DRSBP

error values for each calibration strategy. In general, the former model provides a much closer

�t to the reference values than the latter. The largest individual calibration error was reported

for ID: ����, ��.�� mmHg. As reported in �gure �.��, this individual’s Day0 SBP time series

did not pass the goodness-of-�t F-test at the p < 0.05 level. For the hybrid calibration model,

a notable DC o�set was observed for a number of participants, IDs: ����, ����, ����, ����,
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����, and ����, contributing to the high RMSE and MAE values found in table �.�. The largest

error was reported for ID: ����, ��.�� mmHg.

Both calibration strategies reported similar DRSBP values and non-signi�cant (p = 0.68)
di�erences were observed between the two. The di�erences between the median reference

and estimated DRSBP was �.��% (p = 0.047) and �.��% (p = 0.027) for individual and hybrid

calibration models respectively.

Figure �.�� shows the individual calibration RMSE as a function of the range (max-min) of BP

values in Day0 and Day7. For RF models, large errors only occurred when the Day0 range was

lower than the Day7 range demonstrating their inability to extrapolate out of the range they were

trained on. ELAS+OLS models did not exhibit the same dependence.

(a) (b)

Figure �.��: Individual calibration (a) ELAS+OLSPPG+PAT and (b) RFPPG model RMSE as a function of
the range (max-min) of BP values in Day0 and Day7. RMSE is denoted by the marker size, with larger
markers indicating higher estimation error. The dotted line shows the line of unity, any data above
this line refers to participants whose training data had a lower range than their test data.

�.�.� Feature importance

Figure �.�� shows the median SHAP („j) values feature ranking coe�cients for the top �� (chosen

as the number for which the performance reaches a plateau in �gure �.��) features computed across

all participants. Figure �.��(a) shows the results for individual calibration RFPPG and Figure �.��(b)

shows the results for ELAS+OLSPPG+PAT. These two models achieved the lowest MAE for each

calibration strategy. The top �ve features for individual calibration as determined by their median

ranking coe�cient were: HR, NHA, Skewness, APG PCA�, and Sys‡ . The top �ve features for

hybrid calibration were Sex, PPG PCA�, IPA, c/a, and Width��. The correlation between the two

feature rankings was weak (fls = -�.��). Extreme ranges were observed in �gure �.�� with the

majority of features being both the lowest and the highest ranked feature for di�erent participants.
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(a) (b)

Figure �.��: Top �� median (across participants) SHAP („j) values feature ranking coe�cient for
(a) Individual calibration RFPPG and (b) Hybrid calibration ELAS+OLSPAT+PPG. Features are ordered
by their respective median ranking coe�cients. Error bars denote the range. Demographic features
are shown in blue for clarity. The Spearman’s correlation coe�cient between the two strategies was
negative and weak: fls = -�.��.

Figure �.�� extends this analysis to evaluate the stability of the best-performing features from

the Day0 training set to the ’optimum’ features determined when training equivalent models on

Day7 data for each participant. This comparison was performed using fls. Only ELAS+OLSPPG+PAT

models resulted in a median fls value statistically greater than zero for MAP and DBP using

individual calibration. In general, the overall agreement was weak, with all absolute median fls

values below �.�. There were no signi�cant di�erences in the fls values computed with individual

calibration and hybrid calibration procedures.

Figures �.�� and �.�� provide a more in-depth analysis of the individual calibration RFPPG

model estimations for the two participants for whom the lowest (ID: ����) and highest (ID:

����) RMSE values were obtained. Mean |„j| values for the top �� ranked features across the

training set are shown. The contribution of the remaining features is denoted ’� Remaining’.

For ����, predictions were largely dominated by Width50, with minimal contributions from ’�
Remaining’. The sharp changes in „j values for Width50 estimations are not uncommon for RF

models, especially when trained on a small dataset size, due to features values at the edges of

the decision tree splitting criteria [���].

For participant ����, a much more signi�cant contribution of ’� Remaining’ was observed,

suggesting a highly complex model that has over�t to the training data. This over�tting was likely

the result of the double-cosinor model not adequately modelling participant ����’s Day0 SBP over

the �� hours of recording (see �gure �.��). Additionally, the reference Day0 SBP data existed in
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a b c

d e f

Figure �.��: SHAP values feature rankings stability from theDay0 training set to the ’optimum’ features
determined when training equivalent models on Day7 data for each participant. The comparison of
features was performed using fls. The top row (a-c) shows ELAS+OLSPPG+PAT models. The bottom
row (d-f) shows RFPPG+PAT models. The left, middle, right columns show the results for SBP, MAP,
and DBP prediction respectively. Any models where the median fls was statistically signi�cantly
greater than � are shown by: * p < 0.05, **p < 0.01.

a tight range, ���-��� mmHg. This resulted in predictions within the same range, despite the

reference Day7 SBP values existing in the range of ��-��� mmHg.

Figures �.�� and �.�� provide a similar analysis of hybrid calibration ELAS+OLSPPG+PAT model es-

timations for the two participants that reported the lowest (ID: ����) and highest (ID: ����) RMSE

values respectively. For hybrid calibration, more complex models were expected (see �gure �.��) and

the model estimates for participant ���� were largely dominated by ’� Remaining’. For participant

����, a clear calibration error of PPG PCA2 (the most important feature for this participant)

existed. The range of values for this feature in the test set fell to the extreme end of the distribution

for the training set. As a result, the importance of this feature was over-in�ated at estimation time.

�.� Discussion

The nABPM study was designed to extend the analysis developed throughout this thesis towards

estimation of ambulatory BP using PATEA, PPGfts, and HR, � days after initial calibration. We

developed interpretable linear and non-linear regression models implementing both individual

and hybrid calibration strategies. As they are signi�cantly more convenient for the user (often

requiring only a single calibration point before BP may be recorded), hybrid calibration strategies
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Figure �.��: Participant ID: ����, individual calibration, RFPPG model. Analysis of „j in both training
and test sets. (a) Shows the top �� features ranked by mean |„j | across the Day0 training set. The
cumulated |„j | of the remaining features is denoted ’� Remaining’. (b) Shows the Day7 ground truth
SBP values, SBPˆ , and the double-cosinor smoothed SBPˆ . (c) Shows the „j values (colour-coded by
(a)) for each Day7 estimation. RMSE = �.�� mmHg, flp= �.��.

Figure �.��: Participant ID: ����, individual calibration, RFPPG model. Analysis of „j in both training
and test sets. (a) Shows the top �� features ranked by mean |„j | across the Day0 training set. The
cumulated |„j | of the remaining features is denoted ’� Remaining’. (b) Shows the Day7 ground truth
SBP values, SBPˆ , and the double-cosinor smoothed SBPˆ . (c) Shows the „j values (colour-coded by
(a)) for each Day7 estimation. Note that the y-axis has a much smaller range than in �gure �.�� (c).
RMSE = ��.�� mmHg, flp= -�.��.
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Figure �.��: Participant ID: ����, hybrid calibration, ELAS+OLSPPG+PAT model. Analysis of „j in both
training and test sets. (a) Shows the top �� features ranked by mean |„j | across the Day0 training set.
The cumulated |„j | of the remaining features is denoted ’� Remaining’. (b) Shows the Day7 ground
truth SBP values, SBPˆ , and the double-cosinor smoothed SBPˆ . (c) Shows the „j values (colour-coded
by (a)) for each Day7 estimation. RMSE = �.�� mmHg, flp= �.��.

Figure �.��: Participant ID: ����, hybrid calibration, ELAS+OLSPPG+PAT model. Analysis of „j in both
training and test sets. (a) Shows the top �� features ranked by mean |„j | across the Day0 training set.
The cumulated |„j | of the remaining features is denoted ’� Remaining’. (b) Shows the Day7 ground
truth SBP values, SBPˆ , and the double-cosinor smoothed SBPˆ . (c) Shows the „j values (colour-coded
by (a)) for each Day7 estimation. RMSE = ��.�� mmHg, flp= �.��.
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are unanimously employed by commercial cu�ess devices [��]. Therefore, previous equivalent

studies in this �eld have restricted their analysis to this strategy and have not attempted to develop

individual personalised regression models [���, ���].

Our analysis of the ABPM data in this study highlights the need for a cu�ess solution to

monitor ambulatory BP changes in the general population. For � sessions out of the �� recorded

(��.�%), participants reported trouble sleeping, de�ned as individuals who answered ’Very bad’

or ’Fairly bad’ on the ABPM sleep questionnaire after each session (see appendix B). This high

proportion of disrupted sleep is consistent with previous reports in the literature and is one of

the many factors driving intolerance for cu�-based BP monitoring [��].

Additionally, the reference ABPM time series exhibited high levels of noise, as participants

lived freely during the recordings. Even during sleep, it is believed that cu�-based BPmeasurements

may induce an arousal e�ect, temporarily increasing the measured physiological signal [��]. The

low sampling frequency of the recorded data (every �� minutes during the day, and every hour

during the night) made detecting values corrupted by noise challenging. We addressed this by

�rst removing observations associated with large di�erences between HRCu� and HRRef, and then

subsequently using double-cosinor modelling to smooth high-frequency variations. We additionally

smoothed the estimated BP values using the double-cosinor model.

�.�.� Model performance

Prior work has suggested that vascular ageing progressively reduces the relevance of an initial

calibration procedure, leading to the accuracy of calibrated cu�ess BP monitors degrading over

time. The severity of this degradation remains to be established, with commercial devices typically

recommending recalibration every month [��]. However, Miao et al. [���] and Ding et al. [���]

showed signi�cant increases in cu�ess BP estimation errors after � days and � weeks respectively.

In this study, we evaluated BP estimation � days after initial calibration.

From a clinical point of view, there are a number of di�erent use cases for cu�ess BP

monitoring in an ambulatory environment for the general population. For many of these uses,

accurate calibration is important to ensure that absolute BP values are appropriately recorded. For

example, current clinical guidelines for assessing hypertension and hypotension rely on accurate

measurements in units of mmHg. In that respect, our results suggest that individual calibration

models outperform hybrid calibration models, with median errors (RMSE and MAE) of the former

around half of the latter (p < 0.01). Figure �.�� demonstrates the consequences of inaccurate

devices. Using the hybrid calibration model, participant ���� would be misclassi�ed as a ’reverse-

dipper’ with nocturnal hypertension, and participants ���� and ���� would be misclassi�ed as
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hypotensive [��]. These errors, therefore, may alter an individual’s prescribed medication or

may lead to medication being taken at the wrong time [��]. ���� is analysed in further detail

in �gure �.�� demonstrating that a calibration error for the most important feature PPG PCA�

lead to a signi�cant underestimation of SBP. This error underpins the complications of hybrid

calibration where the subject-speci�c relationship between BP and the ECG and PPG cu�ess

surrogates may not be estimated through a separate cohort.

The larger number of features required by hybrid models (see �gure �.��) is indicative of

the greater complexity of estimating BP using LOSOCV as opposed to personalised regression.

Additionally, the performance of the hybrid calibration strategy may have been limited by the very

small (Np=��) dataset size. A larger dataset may allow for calibration gradients to be approximated

through interactions with an individual’s demographics. However, the validity of BP estimations

that rely on user demographics (such as age, sex, height etc) has been drawn into question [��].

The Aurora project, run by a team at Microsoft [���] and previously introduced in the literature

review (see section �.�.�), covered a much larger (Np = ���) number of participants whose ��-

hour BP was similarly estimated using hybrid calibration in a LOSOCV framework. The authors

implemented the same hybrid calibration baseline reference ELAS+OLS model (using demographics,

and time of day as features) as in this chapter, and found that it outperformed (as determined

by the mean and standard deviation of error) linear and non-linear models. Collectively, these

results suggest that current hybrid calibration strategies may not be su�cient for cu�ess devices

to adequately estimate absolute values of ambulatory BP.

While individual calibrationmodels did result in reductions in RMSE and MAE values (p < 0.01

for both), notable estimation errors persisted in several participants. The ISO has proposed a

preliminary validation error limit of �mmHg for cu�ess devices, although the complete validation

criteria are still in the development stage [��]. For seven participants, the RMSE of the RFPPG

model exceeded this �mmHg limit. One plausible explanation for these elevated error values could

be the degradation of calibration parameters over the �-day gap between recordings. However, with

only two recordings per participant, assessing the severity this degradation was outside the scope of

the dataset. Nevertheless, the fact that ��-hours of ABPM data (equating to over �� measurements

per participant) was inadequate for appropriate individual calibration in seven of the �� participants,

coupled with the already low tolerance for ABPM [��], raises considerable practical concerns for

how to appropriately calibrate accurate BP estimation models in an out-of-clinic setting.



�. Towards cu�ess estimation of ambulatory blood pressure ���

�.�.�.� Relative changes in blood pressure

In the absence of accurate absolute measurements of BP, there are still important clinical bene�ts

that can result from reliably tracking relative changes in BP. For example assessments of nocturnal

BP patterns; variations in BP in response to changes in diet or medication [��]; or blood pressure

variability (BPV) as an early indicator of CVD [��]. The ELAS+OLS models reported similar flp

values for hybrid and individual calibration strategies (and non-signi�cant di�erences were observed

between the two), resulting in equivalent DRSBP values. Therefore, the results of this study suggest

that it may be possible to estimate relative changes in BP using hybrid calibration.

Despite this, there is little evidence that current commercial devices, which implement hybrid

calibration, are able to reliably track relative changes in ambulatory BP. In appendix A we provide

results from a small (Np=�) healthy volunteer study comparing ��-hour BP from a reference ABPM

and estimated BP from an Aktiia device (a commercial device that uses a PPG signal recorded

in re�ectance mode at the wrist to report estimates of BP) [���]. In this study, we suggest that

the Aktiia SBP estimates are primarily scaled HR estimates and that the device signi�cantly

underestimates any deviations from the initial calibration value. This leads to large SBP estimation

error values (median RMSE = ��.��mmHg) which we can now attribute to the use of a hybrid

calibration strategy. Additionally, the median correlation between the estimates and the reference

was �.��, leading to an underestimation of the DRSBP (p = 0.008). Furthermore, we demonstrated

in section �.�.� that HR (which we propose is the signal of primary importance in the Aktiia device)

on its own is insu�cient for reliable tracking of BP for individuals with PND and PRD phenotypes.

These conclusions were recently corroborated by Tan et al. [��] using a larger cohort of ��

individuals. All participants wore the Aktiia device continuously for a period ranging from � to

�� days. At both the study’s outset and conclusion, ��-hour ABPM was conducted. The study

revealed a signi�cant (p < 0.001) underestimation of nocturnal blood pressure �uctuations by the

Aktiia device, leading to a notably higher proportion of participants being classi�ed as non-dippers

compared to conventional ABPM. Furthermore, the study included three hypertensive participants

who wore the Aktiia device continuously for one week before and two weeks after uptitration of

antihypertensive medication. The analysis demonstrated that, following two weeks of uptitration,

the average medication-induced decline in SBP and DBP was –�.�/–�.� mmHg when assessed with

Aktiia, in contrast to –��.�/–��.� mmHg observed with HBPM (p = 0.03 for the di�erence). This

emphasises the Aktiia device’s limitations in accurately tracking medication-induced BP changes.
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�.�.� Feature importance

Figure �.�� demonstrates the notably high inter-participant variability in feature importance (as

opposed to �gure �.�) that is indicative of the stochastic nature of data collected in an ambulatory

environment and the e�ect of limited data on feature selection and CV. Indeed, intrinsic factors

such as age, sex, and autonomic nervous system tone, signi�cantly in�uence BP changes over ��

hours [�, ���, ���]. In addition, BP is a�ected by a variety of external factors such as activity

levels [���], ca�eine intake [���], heart rate variability [���], and sleep/wake cycles [�]. We found

that, as a result, there was little agreement between the highest-ranking features in this study

and the results of the previous chapters.

Computing PAT and PPGfts across �� hours, while individuals live freely, poses signi�cant

challenges. By nature of being recorded from two devices located separately on the body, PAT in

particular is highly susceptible to motion artefacts that give rise to high-frequency noise in the

signal [���, ���]. Equivalently, Hasanzadeh et al. [���] has previously highlighted signi�cant

changes in the PPGfts extracted from PPG signals corrupted with Gaussian noise at varying

signal-to-noise ratios. This warranted the development of an ensemble-averaged approach in

this chapter, in order to provide a smooth approximation of the underlying PAT and PPGfts

signals during periods of movement.

However, the underlying PAT signal is additionally impacted by changes in the contact pressure

between the pulse oximeter and the index �nger as well as variations in hydrostatic pressure due

to posture changes [���, ���]. Additionally, the in�uence of the PEP as well as the hysteresis e�ect

outlined in chapter � remains to be explored in an ambulatory environment. As a result, unlike

chapters � and �, PATEA did not signi�cantly contribute to BP estimation for individual calibration,

suggesting that ambulatory BP estimation may be possible using only a PPG signal. Indeed, adding

PATEA to the dataset led to greater errors, although this di�erence was non-signi�cant.

Signi�cant intra-participant variability of feature importance was additionally reported,

wherein there was little to no agreement between the feature ranking coe�cients learned from a

participant’s Day0 data to the ’optimum’ features determined when training equivalent models on

Day7 data (see �gure �.��). This poor correlation between Day0 and Day7 features, however, did

not result in an associated signi�cant detriment in estimation performance of individual calibration.

It is likely that several possible feature subsets could prove ‘optimal’ and the use of alternative

ML modelling or methods for feature selection may well identify a di�erent subset that achieves

similar performance [���]. As such, the stability of di�erent feature selection algorithms and their

impact on BP estimation needs to be explored in more detail in future studies.
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In the wider context of cu�ess ambulatory BP estimation, these �ndings are particularly

noteworthy. The inter-participant and intra-participant variability of feature importance may

have signi�cant implications for trainingmodels that aim to generalise to the broader population, as

well as models that account for the di�erent mechanisms through which BP may be perturbed. Fig-

ures �.�� and �.�� for instance demonstrate how signi�cant estimation errors may result from errors

of inappropriate feature importance learning both on an individual and a cohort level respectively.

�.�.� Limitations

Although remote cu�ess monitoring of BP has many advantages such as facilitating a unobtrusive,

high-frequency, assessment of cardiovascular health a number of confounding factors must be

considered when taking measurements in real-world non-laboratory scenarios.

For instance, participant adherence to the study protocol varied, resulting in di�ering levels of

data availability reported for each participant in table �.�. Participants were instructed to carry on

with their daily activities during the study, often involving tasks such as working on a computer,

cooking, and eating. Consequently, abrupt changes in the PPG waveform due to hand movements

were not uncommon. These factors collectively contributed to the limited availability of PPGEA,

PPGfts, and PATEA signals throughout the study sessions. Furthermore, there were instances where

participants incorrectly positioned the PPG pulse oximeter on the wrong hand or �nger for short

durations. Additionally, BP was recorded at a relatively low sampling frequency (every �� minutes

during the day and every hour during the night), making it challenging to detect and �lter out

values corrupted by noise. These limitations necessitated the use of a double-cosinor model to

attenuate high frequency variations in both the reference BP signal, and the estimated BP signal.

To manage noisy data, a simple participant activity threshold was used to label time periods

as ’Active’ (¥ ��-��% of each session). ’Active’ periods were removed from the analysis of the

PPG and ECG signals. This was e�ective in removing signi�cantly noisy periods but did not take

into account the impact of increasing activity levels on an individual’s circadian rhythm [���]

and so activity levels may play a role in cu�ess ABPM.

The small number of participants recruited in this study (Np=��) re�ect the practical di�culties

in participant recruitment and running of the study and overall it must be considered that nABPM

was a feasibility study. Such small numbers, however, limit the generalisability of our conclusions.

Importantly, the leave-one-subject-out cross-validation hybrid calibration approach was signi�cantly

confounded by the low subject numbers and any inherent diversity (including di�erent ages,

sex, ethnicity, and skin colour, all factors known to impact the PPG contour independent of

BP [��]) within the cohort.
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�.�� Conclusion

In this chapter, we presented the results of a healthy volunteer study designed to investigate

ambulatory BP estimation � days after initial calibration. While hybrid calibration strategies are

signi�cantly more convenient (requiring only a single calibration value for an individual), they

were shown to result in clinically signi�cant errors when estimating absolute values of BP, and

therefore should be used with caution. Individual calibration, through an ABPM training set, was

shown to reduce the reported error values (p < 0.01), however errors greater than the � mmHg

preliminary ISO validation limit persisted for seven participants. Moreover, we demonstrated

signi�cant inter- and intra-participant variability in feature importance and recommend that the

stability of PPGfts (and its impact on BP estimation) be explored in future studies.

This chapter highlights the di�culty of ambulatory BP estimation using the ECG and PPG sig-

nals. Future work will aim to expand these approaches towards greater generalisability and robust-

ness.
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Conclusions and future work

��.� Introduction

The core objective of this thesis (as presented in chapter �) was "To investigate PPG- and ECG-

derived surrogate measures of ambulatory BP". Conventional ABPMmeasurements have signi�cant

limitations regarding: accessibility, frequency of measurements, and obtrusive cu� in�ations.

Cu�ess BP monitoring using PPG and ECG signals aims to provide solutions to the above issues.

It is thought that in doing so, and embedding the relevant technology into wearable devices

or smartphones, the awareness and early treatment of hypertension, as well as reverse-dipping

nocturnal patterns, in the general population would dramatically improve [��].

This chapter concludes the thesis, beginning with a review of the main results, contributions,

and limitations of each chapter. We then present avenues for future work based on the overall

conclusions presented throughout this thesis. Finally, we provide our concluding remarks.

��.� Thesis review

��.�.� Clinical datasets

In chapter � we introduced the three datasets employed in this thesis: the MOLLIE study, the

MIMIC database, and the nABPM study. The MOLLIE study involved �� healthy volunteers

who underwent a ��-minute phenylephrine infusion that resulted in signi�cant changes in BP

values. The participant-wise median change in SBP, DBP, and MAP from their baseline values to

the point of maximum infusion rate was ��.� mmHg, ��.� mmHg, and ��.� mmHg respectively.

As participants remained supine and still, this dataset provided an ideal setting for the initial

investigation and development of algorithms for cu�ess BP estimation.

MIMIC is an open-source database containing anonymised physiological data from a large,

heterogeneous, ICU patient cohort [���]. Although it is not the objective of this thesis to propose

cu�ess BP measurement in the ICU, analysis of the MIMIC data facilitated a robust assessment of

circadian rhythms and BP phenotype classi�cation. We restricted our analysis to a subset of �,���

patients whose vital-sign pro�les were most likely to be comparable to non-hospitalised individuals.

���
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The nABPM study was designed to extend the analysis developed throughout this thesis

towards cu�ess ambulatory BP estimation in healthy volunteers, � days after initial calibration. ��

participants took part in our study, which consisted of two ��-hour sessions spaced a week apart,

during which participants carried out their regular activities while physiological data (including

ABPM, PPG, ECG, and acceleration) was recorded.

��.�.� Pulse arrival time as a surrogate measure of blood pressure

In chapter �, we evaluated the reliability of PAT as a surrogate measure of BP in the MOLLIE

study. In doing so, we developed a robust signal analysis pipeline to derive estimates of PAT and

PEP, which accounted for periods of low signal quality through SQIs and a Kalman �lter. PTT was

calculated as the di�erence between PAT and PEP. We compared the performance of TT derived

BP estimation using di�erent population-based models to a posterori individual calibration models.

PAT and PTT were found to have strong, negative, linear correlations with SBP (flp = -�.��

and -�.��, respectively), MAP (flp = -�.�� and -�.��, respectively), and DBP (flp = -�.�� and -�.��,

respectively). PEP was found to be a non-negligible but relatively constant contribution to PAT

values. Thus, changes in PTT accounted for most of the changes in PAT in the study.

Population-based models resulted in large error values, while a posteriori models produced

clinically acceptable error values (RMSE< 6mmHg). The results of a likelihood ratio test validated

the need for unique, individualised TT-BP calibration slopes. We also identi�ed a hysteresis e�ect

whereby the TT-BP calibration slope was more shallow during the dose increase phase than the

washout phase of the study (p < 0.05), with the e�ect being more pronounced for PAT than

PTT, suggesting a contribution from PEP.

The conclusions of this chapter are subject to some notable limitations. Firstly, the study’s

participant cohort was relatively small and homogenous, comprising only �� healthy individuals.

This limited sample size, determined by practical constraints rather than power calculations,

raises questions about the extent to which the �ndings can be extrapolated to a more diverse

population. Additionally, the use of phenylephrine to perturb BP, while a controlled approach,

may not fully represent the complex physiological mechanisms governing BP changes in daily

life, potentially limiting the study’s real-world applicability.

��.�.� Features from the photoplethysmogram and electrocardiogram for es-
timating changes in blood pressure

In chapter �, we investigated whether changes in BP (�BP) may be estimated through morphologi-

cal features of the PPG and ECG waveforms (PPGfts and ECGfts respectively), using the MOLLIE
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study data. We extracted a comprehensive set of PPGfts and ECGfts, identi�ed from previous

relevant publications. Changes in the morphology of the PPG, VPG, and APG waveforms were

largely characterised by estimating the relative amplitudes and time delays of the characteristic

�ducial points. The PPG morphology was further parameterised through Gaussian decomposition

and principal component analysis. Changes in the morphology of the ECG waveform were

characterised using complexity features.

We employed a hybrid calibration strategy, using a leave-one-subject-out cross-validation

(LOSOCV) framework, to estimate �BP for each individual. Based on the results of the previous

chapter, it is likely that individual calibration would have improved the results. However, as the

recording period for each participant was short (�� minutes), it was not possible to implement

such a strategy using high-dimensional, personalised, ML models in the MOLLIE dataset.

Feature collinearity was accounted for by removing features with a variance in�ation factor

greater than ��. The non-linear RF model signi�cantly (p < 0.05) outperformed the linear

LASSO+OLSmodel using both PPGfts and ECGfts across all performancemetrics. Estimating�SBP

using PPGfts alone (flp = �.��, RMSE = �.�� mmHg, MAE = �.�� mmHg) performed signi�cantly

better than using ECGfts alone (flp = �.��, RMSE = �.��mmHg, MAE = �.��mmHg), all p < 0.001.
The highest ranking PPGfts, as assessed through SHAP values and a ranking coe�cient, were

associated with increased re�ected wave interference driven by changes in arterial sti�ness. This

�nding was supported by changes observed in the PPG waveform in response to the phenylephrine

infusion. We concluded from this work that PPGfts may be a promising indicator of �BP and

further exploration is warranted. Our results indicate that the use of ECGfts is not justi�ed.

This chapter’s limitations include dataset constraints due to a small number of participants,

hindering the exploration of individual calibration strategies. The single-perturbation study design

may introduce bias, a�ecting generalisability to ambulatory settings. Furthermore, the conventional

systolic peak de�nition in PPG signals may not be suitable for scenarios with motion artefacts,

and cu� accuracy can introduce consistent o�sets in BP estimation.

��.�.� Analysis of the circadian rhythm of pulse arrival time and photoplethys-
mogram features

In chapter �, we investigated whether PAT and PPGfts exhibited endogenous ��-hour oscillations

in synchronicity with that of BP. This analysis was conducted in the MIMIC dataset, and resulted

in, to our knowledge, the largest heterogeneous cohort of individuals from which cu�ess surrogate

BP measures were investigated over �� hours. Statistical, double-cosinor, modelling was employed

to analyse variations from the computed MESOR (the midline around which the signals oscillate).
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At the population level, the circadian rhythms of HR and RR showed inconsistent relationships

with the ��-hour variation of SBP across BP phenotypes. With ��.�% of patients exhibiting a ��-hour

rhythm (as computed by a goodness-of-�t F-test), we concluded that PAT has its own endogenous,

phenotypically modi�ed, circadian pattern that aligns closely (|flp|>�.��) with that of SBP. The

circadian pattern of �ve PPGfts also reported strong (|flp|> �.��) linear correlations with SBP

across all phenotypes. Additionally, PAT and six PPGfts exhibited more than two signi�cant

(p < 0.01) di�erences in their circadian double-cosinor features between patients in the PD and

PRD phenotype cohorts. Wide CI◊Orth
95 and CI

◊Bathy
95 limits were reported for all PPGfts, however,

suggesting that a similar relationship was not present at an individual level.

This chapter’s conclusions should be considered in light of several key limitations. The

ICU environment, with its frequent medical interventions and irregular sleep patterns, may

not be ideal for circadian rhythm analysis. Patients’ physiological stress, short ICU stays, and

potential medication e�ects further complicate the interpretation of circadian patterns. Moreover,

distinguishing between circadian and diurnal patterns is challenging in a clinical setting with

irregular schedules and medical interventions.

��.�.� Classi�cation of blood pressure phenotypes

In chapter �, we investigated the utility of the PPG and ECG waveforms for classifying an

individual’s BP phenotype. Due to dataset requirements this analysis was also performed on

the MIMIC dataset. We proposed two novel methods that overcome many of the challenges

associated with ABPM in primary care settings.

Our �rst proposed method (’regularised individual calibration’) used data recorded during the

period between �am and midnight (a typical monitoring period for HBPM) to train mixed-e�ects

regression models (LMEM and MERF) for patient-speci�c cu�ess estimation of nocturnal SBP.

Non-signi�cant di�erences were observed between the LMEM and MERF models in both the

regression (predicting nocturnal SBP) and classi�cation (predicting BP phenotype) analyses. The

LMEMPPG+PAT model reported an overall median phenotype classi�cation performance of �.�� in

wF�, �.�� in Acc, �.�� in Ÿ, and �.�% in SMR (severe-misclassification rate, the proportion of patients

in the PD cohort that were incorrectly classi�ed as PRD, and vice versa), all outperforming the

demographic-based baseline reference (p < 0.001). However, we encountered challenges in mixed-

e�ects modelling due to the presence of noise in the dataset that could not be accounted for

when performing a post-hoc assessment.

Our second proposed method (’calibration-free’) did not require any BP calibration mea-

surements instead utilising circadian features of the relevant signals. The RFPPG+PAT ordinal
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classi�cation model reported an overall median phenotype classi�cation performance of �.�� in

wF�, �.�� in Acc, �.�� in Ÿ, and �.�% in SMR, all outperforming the demographic-based baseline

reference (p < 0.001). The feature importance analysis using SHAP values showed that the model

heavily relied on D̃R and ◊Ortho across all signals. Utilising signal phases instead of amplitudes

provides several advantages, such as eliminating the requirement for personalised amplitude

calibration and enhancing resistance to signal noise.

The two methods reported similar classi�cation performance metrics and non-signi�cant

di�erences were observed for the values of wF�, Acc, and Ÿ. The only signi�cant di�erence was

reported in the SMR, p < 0.001. Both methods struggled to classify PD patients accurately (recall

Method � = ��.�%, Method � = ��.�%), with the majority (Method � = ��.�%, Method � = ��.�%)

of ’dippers’ being labelled as ’non-dippers’. Conversely, a relatively high recall (Method � = ��.�%,

Method � = ��.�%) of the PRD phenotype was observed. Early detection of this phenotype is vital

to reduce the health burden of cardiovascular diseases. The calibration-free method in particular,

therefore, may provide a cost-e�ective initial assessment of dipping status in the wider population.

The results of this chapter provide the �rst step towards cu�ess BP phenotype estima-

tion. We anticipate further improvements in performance through more longitudinal recordings

of the relevant signals.

The chapter’s limitations stem from the ICU dataset’s uniqueness and constraints, which may

not align with real-world scenarios. The subjectivity in labelling patient-wise BP phenotypes

introduces uncertainty due to potential misclassi�cations caused by minor BP measurement

errors. Patient selection based on circadian rhythm assumptions may bias the study towards

individuals with regular rhythms, excluding those with irregular patterns. Translating methods

from the ICU to at-home monitoring faces challenges like patient movement, adherence variations,

and signal quality di�erences.

��.�.� Towards cu�ess estimation of ambulatory blood pressure

In chapter �, we further developed the methodology implemented throughout this thesis towards

the goal of cu�ess ambulatory BP estimation, using the nABPM study data. In particular, we

compared the performance of individual calibration (personalised regression) with hybrid calibration

(leave-one-subject out) strategies for accurate estimations of both absolute values of BP and relative

changes in BP in free-living individuals. ELAS+OLS and RF regression models were trained on

data recorded during Day0 and evaluated on data recorded during Day7.

Poor-quality BP values were detected based on disagreements between HRRef and HRCu�.

Subsequently, the BP time series were smoothed using double-cosinor modelling to attenuate
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high-frequency components. Valid estimates for PATEA and PPGEA PPGfts were available for

approximately ��%-��% during each ��-hour session, depending on the participant, their activity

levels, and the time of day (higher availability of data at night-time).

We demonstrated signi�cant inter-participant and intra-participant variability in feature

importance and suggest that PPGfts stability needs to be explored in more detail in further studies.

Our analysis also found that PATEA did not signi�cantly contribute to model estimates using

either calibration method, suggesting that cu�ess estimation of ambulatory BP using only the

PPG signal may be feasible.

The results showed that individual calibration resulted in signi�cantly (p < 0.01) lower errors

(RMSE and MAE) for estimating absolute values of SBP in comparison to hybrid calibration.

The absolute di�erence between the individual calibration RFPPG model and the hybrid calibration

ELAS+OLSPPG+PAT model (the two models that reported the lowest MAE for each calibration

strategy) was �.�� mmHg (p = 0.0013) for RMSE and �.�� mmHg (p = 0.008) for MAE.

However, both strategies were able to track relative changes in ambulatory BP equivalently and

non-signi�cant di�erences for flp and DRSBP estimation were reported. Based on the analysis

performed in this chapter, we suggest that hybrid calibration strategies, as they currently exist,

may result in clinically signi�cant errors in BP measurements (for example, a healthy individual

being classi�ed as having nocturnal hypertension).

While individual calibration may improve performance it is not without its limitations, namely

a requirement for multiple BP measurements from a single individual, spanning a clinically useful

range of BP values. Indeed, personalised regression was not su�cient for all individuals with

the RMSE for seven participants exceeding � mmHg.

This chapter’s limitations are primarily driven by the study design and recruitment. Participant

adherence varied, a�ecting data quality as daily activities, like computer work and cooking, caused

abrupt PPG waveform changes due to hand movements. Sensor misplacement and low BP sampling

frequency (�� minutes during the day, hourly at night) introduced noise, necessitating a double-

cosinormodel for high frequency attenuation. Noisemanagement involved labelling ’Active’ periods

(¥��-��% of each session) but didn’t address circadian rhythm variations. A small participant

group (Np=��) limited generalisability, and diverse factors within the cohort complicated leave-

one-subject-out cross-validation for hybrid calibration.
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��.� Future work

The conclusions and limitations presented in this thesis motivate several avenues for future work.

We split the additional avenues of future work into four, related, research themes: "Study design

and considerations", "Predictive modelling", "Developing a deeper understanding of PPGfts", and

"Cu�ess blood pressure device considerations".

��.�.� Study design and considerations

As a result of practical challenges surrounding study design and participant recruitment, the

MOLLIE and nABPM feasibility studies were restricted to low, and relatively homogeneous, cohort

sizes (Np = �� and �� respectively). For example, the nABPM study did not include any participants

whose BP increased overnight (’reverse-dippers’). It is unclear, therefore, whether the conclusions

made using these studies may be generalised to the broader population. While the MIMIC dataset

addressed these limitations, it only allows for a retrospective analysis of critically ill patients, who

are not the target population for cu�ess BP monitoring.

Future studies should aim to expand both the sample size and the diversity of the recruited

cohort, ensuring a more representative distribution of patients across the three major BP pheno-

types. This step is crucial for advancing cu�ess BP monitoring from a consumer-grade device to a

clinically relevant tool. By doing so, we can enhance the applicability of the conclusions derived

from these studies to a wider and more clinically relevant population.

��.�.�.� Recommended future studies

Based on the work concluded as part of this thesis, we recommend two future studies be conducted

in order to expand the research on cu�ess BP monitoring in a meaningful direction.

Firstly, the necessity for an individual calibration procedure signi�cantly diminishes the conve-

nience of cu�ess BP monitoring. Moreover, current devices recommend repeating this calibration

protocol every month [��], making it unlikely that the general population would adopt such

devices. Therefore, it is recommended that future research further investigates the ’regularised

individual calibration’ method introduced in chapter � alongside the objectives of the NHS Blood

Pressure @home programme [���], which aims to distribute home BP monitors to individuals

with suspected hypertension. This approach may allow for the development of a personalised

calibration dataset that balances accuracy and user comfort over a period equivalent to the current

HBPM protocol (�-� days, as per [���]).

Secondly, a longitudinal analysis of cu�ess BP surrogates (in particular their circadian phases)

may uncover early indicators of the progression of cardiovascular or neurodegenerative diseases
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that are currently not feasible through ABPM. For example, notable deviations from an individual’s

’typical’ circadian rhythm trajectory may be an early indicator of disease progression [���]. A

recent meta-analysis [���] suggests that ��% (CI95: ��%-��%) of individuals exhibit inconsistent

BP phenotypes from day to day (i.e. on one day they may be a ’dipper’ and on another day they

may be a ’non-dipper’). Cu�ess BP monitoring may allow for further research on the link between

these transitions and cardiovascular events over a longer period of time [���].

��.�.� Predictive modelling

Throughout this thesis, we have restricted the use of ML models to a comparison of regularised

linear models and non-linear RF models, with the aim of prioritising the interpretability of our

analysis. Although this approach may have limited the performance of our models, it provided a

clear understanding of the relationships between the feature set and the target values. It is worth

noting, however, that numerous other data-driven models have been employed in the literature to

relate PAT or PPGfts to BP [�]. These approaches, if applied to our datasets, could have resulted in

improved performance, as well as derived additional insights over and above those presented.

Tree-based algorithms such as RF can be further improved through the use of gradient-boosted

models such as AdaBoost or XGBoost [���]. These algorithms enhance the performance of decision

trees by combining weak trees in a sequential manner, whereby each new tree corrects the residual

errors of the previous tree. Gradient-boosted tree algorithms are thought to produce lower errors

than RF, but they also tend to be more susceptible to outliers in the data as they increasingly

focus on large residual values [���].

Additionally, it is important to consider the dependence of intra-individual observations

of BP. The models implemented in this thesis failed to account for the time course of BP vari-

ations. Long Short-Term Memory (LSTM) models in particular are capable of incorporating

temporal information and learning long-term relationships between features and the target vector

[���]. Indeed, LSTMs have been successfully applied to ��-hour BP estimation by Radha et

al. [���] and Lee et al. [���].

The PAT and PPGfts signals analysed in this thesis may be combined for the estimation of an

individual’s BP phenotype through techniques such as multivariate Gaussian process regression [���,

���], coupled with activity-based hidden Markov modelling [���]. Bayesian approaches, such as

Gaussian processes, enable the incorporation of prior knowledge through parameter distributions

and subsequently update this knowledge using available data to compute posterior distributions.

This process can enhance circadian rhythm modelling by utilising a prior circadian pro�le derived

from either individual ABPM data or a pro�le from a similar population. Bayesian methods
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also provide an estimate of model uncertainty, which could provide additional information to

clinicians as they interpret the output of the model.

The use of deep learning algorithms has been a recent development in the �eld, with studies by

Slapnicar et al. [���], Schlesinger et al. [���], and Liang et al. [���] showing that they can outperform

classical ML techniques, such as those used in this thesis. Deep learning is highly e�ective in

detecting patterns in data and can be trained directly on raw time series data, avoiding the need

for feature extraction and selection. However, it requires large amounts of data for accurate

predictions, and the availability of such data for continuously estimating BP in all scenarios

remains doubtful. Furthermore, the ’deeper’ the model, the less interpretable it becomes as the

data is transformed in increasingly abstract ways.

Further insights may be derived from additional ML applications such as novelty detection

and clustering. The estimation of BP, particularly in an ambulatory environment, su�ered from

a high susceptibility to noisy data, largely due to the presence of motion artefacts. Novelty

detection, a subset of ML that concentrates on identifying outliers in data, could be applied

using regression-based methods [���].

Clustering is an unsupervised ML task that groups data into distinct clusters based on a

metric of similarity [���]. There are two tasks relevant to this work that could be addressed

through clustering techniques. Firstly, as the time and level of discomfort required to collect

adequate data to train an individual calibration, personalised, model for BP estimation for each

individual may be high, the incorporation of clustered individuals who behave in a similar manner

may have substantial bene�ts. Secondly, we noted in chapter � that the thresholding of DRSBP

for ground-truth phenotype labelling may be arbitrary. Clustering algorithms may be applied

to uncover data-driven circadian BP phenotypes, which may provide more meaningful insights

into cardiovascular diseases [��, ��, ��].

��.�.� Developing a deeper understanding of photoplethysmogram features

In this thesis, changes in the PPG waveforms were characterised by extracting �� morphological

PPG features from each pulse. The PPG-BP relationship was then modelled using a data-driven

approach as opposed to statistical models developed based on physiological principles. This data-

driven approach requires a ’high-quality’ calibration training dataset to establish the PPG-BP

relationship. Developing a deeper understanding of the factors impacting PPGfts could help to

constrain the model [���, �]. Additionally, factors such as the PPG probe contact pressure on

the skin, internal device �ltering, and hydrostatic pressure changes [���, ���, �] can impact the

morphology of the PPG but are rarely considered in the modelling process.
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For a few PPGfts, we observed inconsistencies in their directional relationship with BP. For

instance, Kurtosis showed a positive relationship with SBP in chapter � (flp = �.��), while the

population-level circadian rhythm of Kurtosis exhibited a negative relationship with SBP in

chapter � (flp = -�.��). This discrepancy may be attributed to the di�erent mechanisms through

which BP was perturbed. To develop a generalisable approach for BP estimation, further research is

necessary to understand the impact of various BP change mechanisms on the relationship between

PPG and BP and to incorporate this knowledge into the modelling framework.

Furthermore, there remains a lack of consensus on the ’optimum’ PPGfts for adequate BP

estimation. In chapter �, we further emphasised this point by demonstrating that the ’optimal’

PPGfts for an individual may �uctuate on a daily basis. These �ndings are corroborated by the

works of Sun et al. [���] and Lin et al. [���] respectively. To advance the development of a robust

BP estimation technique, issues such as the stability of PPGfts selection algorithms and the impact

of this selection on estimation accuracy require further investigation [���, ���].

Finally, the requirement for recalibration of the PPG-BP model should also be thoroughly

evaluated on both physiological [���] and experimental [���, ���] grounds.

��.�.� Cu�ess blood pressure device considerations

In this thesis, we adhered to the instrumentation requirements outlined in section �.� emphasising

that both the PPG and ECG signals were to be recorded using clinical grade equipment, on a

synchronised internal clock, in order to ensure precision in signal recording. As a result, in all

studies, PPG signals were recorded using a transmission-mode �nger pulse oximeter and the ECG

signals were recorded using wet electrodes in electrical contact with the skin surrounding the heart.

While this choice ensured signal accuracy, it did limit the portability of our data collection setup.

Indeed, a number of participants reported that the Stowood device employed for the nABPM

study (see �gure �.�) was too cumbersome to wear during daily tasks.

While we recommend that future studies record more longitudinal data from individuals,

enhancing user comfort is a greater priority for device design. It is clear that any cu�ess device

should be comfortable enough for an individual to wear for at least ��-hours without signi�cantly

impeding on their daily life. In particular, a number of wearable devices can record a PPG signal

in re�ectance mode such as smartwatches [���, ��], rings [���, ���], and smartphone cameras [�],

the latter being based on colour �uctuations in the skin (known as iPPG) [���, ���]. However,

due to the smaller fraction of light reaching the photodiode, the quality of the re�ectance mode

PPG signal is known to be considerably lower than for transmission-mode photoplethysmography

[���]. Additionally, as demonstrated by Hartmann et al. [���], the di�erences in the travelled
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arterial path for the two modes gives rise to di�erences in the morphology of the PPG waveform.

Whether the conclusions drawn from this work hold for PPG signals recorded in re�ectance

mode remains to be determined.

Several commercially-available wearable smartwatch devices, including the AppleWatch, Fitbit

Sense and Withings ScanWatch, have the capability to capture a single-lead ECG signal using

capacitive-coupling electrodes instead of wet electrodes [���, ���]. Typically, one electrode is

placed on the back of the watch, in contact with the wrist, and another electrode is placed on the

front of the watch. To initiate an ECG recording, the user must place their opposite hand on the

front electrode and, therefore, currently, these devices are unable to passively record ECG during

sleep. Alternatively, an accurate ECG recording can be achieved using a chest-worn patch like the

VitalPatch [���, ���]. While this enables passive ECG recording, it poses a challenge as the ECG

and PPG would be recorded through separate devices, leading to time synchronisation issues.

��.�.�.� Other modalities

There exist several other modalities and techniques that have the potential to yield valuable insights

into an individual’s cardiovascular health beyond analysis of the PPG and ECG waveforms. For

example, wearable devices are capable of capturing balistocardiogram (BCG) signals [���, ���], as

well as applanation tonometry [���], and phonocardiogram (PCG) signals [���, ���].

��.� Concluding remarks

To conclude, the potential for PPG and ECG waveforms to enhance cardiovascular health mon-

itoring and address the widespread issue of CVD is signi�cant. Throughout this thesis, signal

processing and machine learning algorithms have been developed to support this assertion, and

their applications have been explored across various settings.

In the controlled, single perturbation, environment of the MOLLIE study, both PAT and

morphological features of the PPG enabled reliable and accurate BP measurements. This work

suggested that cu�ess beat-by-beat blood pressure monitoring using the ECG and PPG could

be viable with appropriate calibration.

However, as we transitioned to real-world ambulatory monitoring, several challenges emerged.

The nABPM study demonstrated that estimated ambulatory BP values were notably a�ected by

motion artifacts, inherent intra- and inter-individual variability in PPG features, and inadequate

training data. Furthermore, the insu�ciency of ��-hour ABPM data, amounting to over ��

measurements per participant, for proper individual calibration, combined with a general low
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tolerance for ABPM, highlights signi�cant practical issues in developing accurate, out-of-clinic

beat-by-beat BP estimation models.

Nevertheless, the potential for the ECG and PPG signals to facilitate macro assessments of

cardiovascular health remains promising. For instance, within this thesis, we have introduced

a novel, calibration-free method for classifying BP phenotypes using circadian features of the

PPG and ECG-derived BP surrogates. While macro assessments of cardiovascular health are often

overlooked by the clinical community due to the challenges of long-term BP recording outside

the clinic, they still hold important prognostic value that is currently being overlooked. Given

that these assessments may not require calibration and can be computed over extended periods, it

is plausible that many of the limitations observed in the nABPM study concerning beat-by-beat

monitoring could be addressed through this methodology.

In this concluding chapter we have outlined the recommended further technical and clinical

work required for advancement in this critical �eld of study.
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A.� Introduction

Anumber of companies havemade commercial claims of a cu�ess, non-invasive, blood pressure (BP)

monitoring device. The most prominent example is the Aktiia bracelet, depicted in �gure A.�(a).

The Aktiia bracelet is a consumer wrist wearable proposing to enable cu�ess and continuous BP

measurement [��]. The wrist is illuminated using a set of light-emitting diodes (LEDs) and the light

scattered by the tissues is recorded using a photodiode placed next to the LEDs (a re�ection-mode

PPG). From the morphology and relative timings of the averaged pulse waveforms, Aktiia derives

estimates of systolic blood pressure (SBP) and diastolic blood pressure (DBP). The wrist-worn

wearable optical sensor is usually calibrated with three consecutive cu� measurements (on the

opposite arm) and the calibration is reported to hold for � or � weeks [���].

We ran a small healthy volunteer clinical study in order to test the performance of the Aktiia

bracelet against validated reference measurements from an ambulatory blood pressure monitor

(ABPM), depicted in �gure A.�(b). In this appendix, we present the results of this study.

���
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(a)
(b)

Figure A.�: Devices used in this study. (a) Aktiia bracelet, image from Aktiia website. (b) ABPM
device (AND ���-�), image from AND website.

A.� Methods

A.�.� Dataset

The dataset employed in this paper is from our healthy volunteer study: “Reverse dipping in

blood pressure and its impact on screening for hypertension in the clinic” (CUREC approval

reference number R�����/RE���). Simultaneous data was gathered over a ��-hour period from

a TM-���� ABPM device (A&D Instruments Limited), set to in�ate every �� minutes during

the day and every hour during the night, and an Aktiia wrist-worn blood pressure monitoring

device. Recorded vital signs included SBP, DBP, and heart rate (HR). At the start of each recording

session, the Aktiia device was calibrated as recommended by the manufacturer. Participants

then went about their typical daily life.

A.�.� Data processing

TheAktiia device does not record data at a regular frequency but rather at inconsistent time periods,

with typically one data point within each hour. We assume that this inconsistency is driven by

changes in signal quality, but there is no o�cial documentation for this. The user is then presented

with their ��-hour pro�le as averaged values in �-hour bins. We, therefore, compared Aktiia and

ABPM vital-signs averaged in �-hour bins. The only exclusion criterion applied to the ABPM

data was to discard any reading in excess of ��� mmHg. We additionally compared the DRSBP

computed from the Aktiia and the ABPM in order to answer the question of whether the Aktiia

device can provide a non-invasive assessment of circadian rhythms of blood pressure. We used

the following metrics to evaluate the agreement between Aktiia and reference ABPM: Pearson’s

correlation coe�cient (flp), root mean squared error (RMSE), and mean absolute error (MAE).
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Table A.�: Demographics of the participants in the study.

Descriptor Value
Total number of participants �

Male �
Female �

Age (years)� ��.� (�.�)
Height (cm)� ���.� (��)
Weight (kg)� ��.� (��.�)
Total number of sessions �

� Participant-wise median (inter-quartile range (IQR)).

A.� Results

A.�.� Dataset

The demographics of the participants are shown in table A.�. A total of � individuals made up

the dataset with one individual recording � days of data, and � individual recording � days of

data, for a total of � recorded ��-hour pro�les.

A.�.� Overview

Figure A.� shows the SBP, DBP, and HR recorded from the Aktiia device and reference ABPM for

a full ��-hour period from a typical participant. The ABPM pro�le followed a typical circadian

pattern with a dip at night and a rise in the morning. There was very little variation seen in

the Aktiia estimated SBP and DBP from their initial calibration value. HR computed from the

Aktiia was able to follow the changes recorded from the ABPM.

A.�.� Vital sign estimation

Table A.� provides the results of vital sign estimation using the Aktiia bracelet. HR estimation

was consistently accurate. SBP and DBP had good median flp to their reference measurements,

however, reported poor RMSE and MAE values. Figures A.� to A.� provide a closer interpretation

of the results for SBP, DBP and HR respectively via a scatter and Bland-Altman analysis.

Table A.�: Performance statistics of vital sign (SBP, DBP, and HR) estimation using the Aktiia device
compared to an AND ���� (ABPM) device. Results are given as median (IQR) computed across all
volunteers.

Vital sign flp RMSE MAE
SBP (mmHg) �.�� (�.��) ��.�� (�.��) �.�� (�.�)
DBP (mmHg) �.�� (�.��) �.�� (�.��) �.�� (�.�)
HR (bpm) �.�� (�.��) �.�� (�.��) �.�� (�.��)
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(a)

(b)

(c)

Figure A.�: ��-hour pro�le of vital signs recorded by the ABPM and Aktiia device. (a) SBP, (b) DBP,
and (c) HR.

(a) (b)

Figure A.�: Results of estimating SBP using the Aktiia bracelet. (a) Scatter plot showing a median flp

of �.�� and RMSE of ��.�� mmHg. (b) Bland-Altman analysis showing a bias of -�.� mmHg. Each
volunteer is marker and colour coded.

A.�.� DRSBP estimation

Figure A.� shows the range of DRSBP values computed from the reference ABPM and the Aktiia

bracelet. The Aktiia signi�cantly (p = 0.008) underestimated the dip ratios.

A.� Discussion

It was expected that the Aktiia device would accurately record HR. HR estimation via a wearable

with a re�ectance mode PPG signal has been around for a number of years [���]. The strong

relationship found here, therefore, validated our approach in comparing the vital signmeasurements

from the two devices. We found high error values for both SBP and DBP estimation. Figures A.�
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(a) (b)

Figure A.�: Results of estimating DBP using the Aktiia bracelet. (a) Scatter plot showing a median
flp of �.�� and RMSE of �.�� mmHg. (b) Bland-Altman analysis showing a bias of �.� mmHg. Each
volunteer is marker and colour coded.

(a) (b)

Figure A.�: Results of estimating HR using the Aktiia bracelet. (a) Scatter plot showing a median
flp of �.�� and RMSE of �.�� bpm. (b) Bland-Altman analysis showing a bias of �.� mmHg. Each
volunteer is marker and colour coded.

and A.� suggest that two di�erent forms of discrepancies between the reference and estimated

values exist for SBP and DBP. For SBP, the intra-volunteer variability was low and it is clear that

the estimated values do not change signi�cantly from their calibration value. Further analysis

has additionally shown strong correlations (median flp = �.��) between estimated SBP values

and Aktiia estimates for HR suggesting that for SBP the device doesn’t estimate much more

than a scaled HR. For DBP estimates, the correlation to HR estimates were lower (median

flp = �.��). Figure A.� shows much larger intra-volunteer variations suggesting that estimated

values do deviate from the calibration value. However, large errors were still reported. DRSBP

estimation additionally showed considerable errors with dip ratios being signi�cantly (p = 0.008)
underestimated by a factor of at least �.

These results underpin the recent statement from The European Society of Hypertension
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Figure A.�: DRSBP estimated values using the Aktiia bracelet and the reference ABPM. The triangles
show the median values, the whiskers show the range. A signi�cant di�erence was observed between
the two (Wilcoxon signed-rank, p = 0.008).

Working Group on Blood Pressure Monitoring and Cardiovascular Variability [��], which stresses

that none of the currently available cu�ess devices should be used for the diagnosis or management

of hypertension. The Aktiia documentation suggests that the device only requires re-calibration

after � or � weeks [���]. Our results show large errors �� hours after initial calibration, we,

therefore, suggest that the error values may be even larger after � weeks.

A.� Conclusions

TheAktiia bracelet, reports to be a clinically validated device tomeasure BP. However, as mentioned

in section �.�� the current protocol (mean ± standard deviation of error < � ± � mmHg) for

validating BP devices are inadequate for cu�ess devices and biasedly favour devices that do

not predict signi�cant changes from a calibration value in studies where BP is not signi�cantly

perturbed. The results presented here suggest that the Aktiia device should not be considered

an accurate BP monitor.
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nABPM sleep questionnaire

 
 
 
Investigating non-invasive methods for ambulatory blood 
pressure monitoring 
 
CUREC approval reference: R80677/RE001 
 
Eoin Finnegan 
E-Mail: eoin.finnegan@eng.ox.ac.uk 

 

 
 
Participant identifier: ……………………. 
 
 

Please provide approximate 
values for the following … 

Session date: 

Time in bed (e.g. 23:00)  

How long it took to go to 
sleep (mins) 

 

Time woke up for the final 
time (e.g. 8:00) 

 

How long it took you to get 
out of bed (mins) 

 

Number of times awake 
during the night 

 

Average duration of wake 
ups (mins) 

 

How would you rate your 
sleep overall? 

0 – “Very bad” 
1 – “Fairly bad” 

2 –“Fairly good” 
3 – “Very good” 

 

 
 
 
 
 
 

Figure B.�: nABPM sleep questionnaire completed by all participants.
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C.� Hypothesis testing

Hypothesis testing is a commonmethod for assessing whether data signi�cantly support a particular

hypothesis. First, a null hypothesis (H0) is generated which suggests the absence of a relationship

or characteristic e�ect. Then, an alternative hypothesis (H1) is proposed which de�nes the speci�c

hypothesis being tested (for example, that the mean of a dataset is non-zero). H0 is rejected

(suggesting, but not con�rming H1) if a test statistic, formed under the null hypothesis, is greater

than a critical value. The appropriate test statistic and critical value depend on the type of data and

theH0 being tested. The p-value represents the probability of the test statistic being greater than the

critical value. A low p-value suggests that there is a small chance of obtaining the test data under the

current null hypothesis. If the p-value of a test is less than a pre-de�ned threshold, the signi�cance

level, then the H0 is rejected in favour of H1. Typical signi�cance levels are �%, �% and �.�%.

C.�.� Selecting a statistical test

Appropriate selection of the statistical test is vital in order for the derived p-value to be repre-

sentative of the hypothesis being tested. Hypothesis tests can be divided into parametric and

non-parametric. Parametric tests make assumptions about the data, such as the assumption of

Gaussianity, independence within the data, known variances, or that the data is continuous [���].

Non-parametric tests make no assumptions about the distribution of the data and are typically used

when a Gaussian assumption cannot be made (for example, when the dataset size does not meet

the central limit theorem threshold of �� [���]). Additionally, statistical tests can be divided into

one-tailed and two-tailed tests. One-tailed tests result from an alternative hypothesis that speci�es

���
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a direction, thus providing greater power to detect signi�cant e�ects; however, if the direction is

not known (as is the case for all tests computed in this thesis), a two-tailed test should be used.

C.�.�.� One-sample t-test

The one-sample t-test tests whether the dataset, x, of length N comes from a Gaussian, or normal,

distribution with mean, µ, and known variance, ‡. The test statistic is:

t = x̄ ≠ µ

‡/
Ô

N
(C.�)

where x̄ and ‡ are the sample mean and standard deviation respectively. The p-value is then calcu-

lated by comparing t to a t-distribution with (N ≠ 1) degrees of freedom through reference tables.

C.�.�.� Two-sample t-test

The two-sample t-test tests whether two independent datasets, x and y, of lengthsNx andNy respec-

tively, come from normal distributions with equal means and unknown variances. The test statistic

is:

t = x̄ ≠ ȳ
Ú

‡2
x

Nx
+ ‡2

y

Ny

(C.�)

where x̄ and ‡x are the sample mean and standard deviation of x respectively, similarly for ȳ and ‡y .

C.�.�.� Wilcoxon signed-rank test

The Wilcoxon signed-rank test is the non-parametric equivalent of the t-test, which tests whether

the median of a dataset x, of length N , is equal to zero. To compute the test statistic, �rst

all values of x are ranked in ascending order. The ranking of each value of x is given by Ri.

The test statistic is then computed as:

z =
W ≠ N(N + 1)

4Û
N(N + 1)(2N + 1)

24

(C.�)

where W is:

W =
Nÿ

i=1
sign(xi)Ri (C.�)

and reference tables are used to convert the z-value to the corresponding p-value.

For paired measurements, where two datasets, x and y, are recorded independently and

represent paired measurements, then the Wilcoxon signed-rank test tests the hypothesis that the

medians of x and y are equal. A new variable, d, is introduced where di = xi ≠ yi. d is then

tested to have a median of zero using the same steps outlined above.
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C.�.�.� Mann-Whitney U test

The Mann-Whitney U test is the non-parametric equivalent of the two-sample t-test, which tests

whether the median of two datasets x and y, of lengths Nx and Ny respectively, are equal. To

compute the test statistic U , �rst all observations from both x and y are pooled and ranked in

order. Rx is then de�ned as the sum of the ranks from all elements of x and vice versa for

Ry . U is then de�ned as:

U = min(Rx ≠ Nx(Nx + 1)
2 , Ry ≠ Ny(Ny + 1)

2 ) (C.�)

and reference tables are used to convert U to the corresponding p-value.

C.�.�.� Kruskal-Wallis test

The Kruskal-Wallis test is a non-parametric version of the classical one-way analysis of variance

(ANOVA) test [���]. It compares the medians of two, or more, groups of data to determine if

the samples come from the same population. The Kruskal-Wallis test statistic is computed using

ordered ranks of data across all groups. The ranking of the ith observation of the jth group is

given by Rij . The test statistic, H is then computed as:

H = (N ≠ 1)
q

k

j=1 nj(R̄j ≠ R̄)2
q

k

j=1
qnj

i=1(Rij ≠ R̄)
(C.�)

where nj is the sample size for the jth group; R̄j = 1
nj

qnj

i=1 Rij is the average rank of all

observations in the jth group; R̄ = 1
2N(N + 1) is the average rank of all Rij ; and N is the

overall sample size. Under the null hypothesis that all groups are from the same population, H

is thought to follow a chi-squared distribution with N ≠ 1 degrees of freedom.

C.�.� Correcting for multiple hypothesis testing

When performingmultiple hypothesis tests simultaneously, the likelihood of type I errors (rejections

of true null hypotheses) increases as more tests are undertaken. Therefore, the resulting p-values

are often adjusted (corrected) before they are compared to the signi�cance levels. There is no

general consensus on the optimum correction method. In this thesis, we adjust the computed

p-values for multiple comparisons using the Benjamini-Hochberg method [���]. This technique

aims to reduce the number of type-I errors by in�ating small p values. For N multiple hypothesis

tests performed with corresponding p-values, (p1, p2, ... pN ), ordered in increasing order, each

p-value is then corrected to:

pcorrected
i

= pi

N

i
(C.�)
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Figure C.�: Example of circular data – existing on the unit circle. The circular mean is shown in red.
The circular median is shown in green.

C.� Circular statistics

Circular variables exit in the range [0, 2fi]. In contrast with a linear scale, on this scale the

de�nition of � is arbitrary. For example, two angles, one just above � and one just below 2fi

follow almost exactly the same direction yet exist on opposing ends of the scale. Computing

standard statistical measurements (e.g. the arithmetic mean) would produce wrong or misleading

results. In this section, we outline the circular statistics relevant to this thesis. These techniques

were implemented using the MATLAB toolbox CircStat [���]. We denote the direction of N–

observations as – = [–1 . . . –j . . . –N– ]. These observations are thought to exist on a circle

of unit radius, as shown in �gure C.�.

C.�.� Circular measures of central tendency
C.�.�.� Circular mean

Directions are transformed into unit vectors in the �-D plane by the identity:

rj = cos –j + i sin –j (C.�)

After this transformation, the real and imaginary terms of rj are averaged by:

r̄ = 1
N–

N–ÿ

j=1
cos –j + i

1
N–

N–ÿ

j=1
sin –j (C.�)

= x + iy (C.��)

where the vector r̄ is referred to as the mean resultant vector, the mean angular direction is given by:

–̄ = tan≠1(y

x
) (C.��)

C.�.�.� Circular median

The median direction of –, –̂, is the direction of the diameter for which half of the observations fall

on either side. The median is the endpoint of the diameter closer to the circular mean of the data.
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C.�.� Multi-sample test for equal circular median directions

Similar to the Kruskal-Wallis test outlined in Appendix C.�.�.�, we can test whether multiple

groups of circular data possess the same circular median direction. For S groups of data, each with

a corresponding circular median, –̂i the null and alternative hypotheses are proposed as:

H0 : Any of S samples share a common median direction, i.e. –̂1 = . . . –̂S

H1 : Not all S samples share a common median direction.

The total median direction, –̂, is �rst computed by pooling data from all groups. Subsequently,

we de�ne mi as the number of samples in the ith group, whose angle to –̂, d(–i

j
, –̂) is negative:

mi =
niÿ

j=1
[d(–i

j
, –̂) < 0] i = {1, . . . , S} (C.��)

where the [·] notation, known as Iverson brackets, results in a value of � when a condition is met

and a value of � otherwise. –i

j
indicates the jth sample from the ith group; ni is the number of

samples in the ith group. The test statistic is computed as:

P = N2

M(N ≠ M)
Sÿ

i=1
(m2

i

ni

≠ NM

N ≠ m
) (C.��)

where M = q
S

i=1 mi and N is the total number of observations. Under the null hypothesis

that all groups are from the same population, P is thought to follow a chi-squared distribution

with S ≠ 1 degrees of freedom.
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D.� Linear regression and classi�cation methods

D.�.� Ordinary least squares regression

The simplest method for predictive modelling is ordinary least squares (OLS) regression, where

the ith observation of the continuous response variable y is estimated as:

yi = —0 + —1xi1 + · · · + —MxiM + ‘i (D.�)

= —0 +
Mÿ

j=1
—jxij + ‘i (D.�)

where —j denotes the regression coe�cients (slopes) which explain the linear relationship

between the explanatory and response variables. —0 denotes the constant intercept term. ‘i denotes

the residuals as the discrepancies between yi and the linear model.

Stacking all N observations together results in the matrix form for linear regression:

y = X— + ‘ (D.�)

where ‘ is the vector of residuals, assumed to be drawn from a Normal distribution with a constant

variance, ‘ ≥ N (0, ‡2
‘
I) where I is the identity matrix. — is the vector of coe�cients (including

—0 as the �rst value). X is a matrix of predictors which is �rst concatenated with a column

of ones to account for —0.

The optimised coe�cients —, —̃, can be determined through maximum likelihood estimation

(MLE). MLE �rst derives a probability distribution of the data �t over the parameter space.

���
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Subsequently, the probability distribution is maximised for a speci�c parameter choice. yi

can be considered to be drawn from a Normal distribution with a mean value of xi— and a

covariance matrix ‡2
‘
I , thus:

p(yi|xi) = 1
Ò

2fi‡2
‘

exp(≠(yi ≠ xi—)2

2‡2
‘

) (D.�)

The likelihood function (L) de�nes the likelihood that the observed data were produced by a

given model as a function of the model parameters. Thus for linear regression, it can be shown that:

L(—; y, X) =
NŸ

i=1
p(yi|xi) (D.�)

¸(—; y, X) = ≠N

2 ln(2fi) ≠ N ln(‡2
‘
) ≠ 1

2‡2
‘

(y ≠ X—)T (y ≠ X—)) (D.�)

where ¸ is the log-likelihood and is typically a more convenient representation of the likelihood

function. Di�erentiating equation (D.�) with respect to — and setting the result to � results in

the maximum likelihood estimation of —, —̃, as:

—̃ = (XT X)≠1XT y (D.�)

OLS makes the following assumptions:

• Independent observations, xi.

• Independent and identically distributed (i.i.d) residuals ‘i.

D.�.� Linear mixed e�ects modelling

In cases involving repeated measures (such as multiple tests taken from the same group/subject),

there is likely to be an inter-dependency of the observations on the particular groups and the

OLS assumptions presented above are violated. For linear models, dependence between groups

can be handled through linear mixed e�ects modelling. These models introduce group-speci�c

di�erences in the linear model parameters to ensure that the correlations between the explanatory

variables and the responses are not confounded by inter-group variability.

Mixed e�ects models are so called as they separate the terms into �xed-e�ects (which are

equivalent to the standard linear regression model outlined above), and random-e�ects (which

denote the additional group-speci�c variation).
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D.�.�.� Random intercepts model

The simplest form of the linear mixed e�ects model is the random intercepts model. This

model allows each group, g, to have its own speci�c intercept which has deviated from the

group intercept, —0, by ug

0:

yg

i
= (—0 + ug

0) + —1x
g

i1 + · · · + —Mxg

iM
+ ‘g

i
(D.�)

= —0 + —1x
g

i1 + · · · + —Mxg

iM

�xed-e�ect

+ ug

0 + ‘g

i

random-e�ect

(D.�)

Both ug

0 and ‘g

i
are assumed to be drawn fromNormal distributions, N (0, ‡2

u
) and N (0, ‡2

‘
) re-

spectively.

D.�.�.� Random slopes model

The random intercepts model can be easily extended to a random slopes model by including new

random e�ects for a number of the regression coe�cients. This model allows each group, g, to

have its own speci�c slope for the subset of parameters under interest. For example, a random

slopes model which adjusts the slopes for response variable x1 by ug

1 would be modelled as:

yg

i
= (—0 + ug

0) + (—1 + ug

1)xg

i1 + · · · + —Mxg

iM
+ ‘g

i
(D.��)

= —0 + —1x
g

i1 + · · · + —Mxg

iM

�xed-e�ect

+ ug

0 + ug

1xg

i1 + ‘g

i

random-e�ect

(D.��)

In theory, we can have any number of random slopes for any of the response variables. In

matrix notation the linear mixed e�ects model can be written as:

y = X— + Zu + ‘ (D.��)

where u is the vector of q random e�ects, and Z is the design matrix de�ning the random e�ects.

u and ‘ are assumed to be distributed as:
C
u
‘

D

≥ N (
C
0
0

D

,

C
G 0
0 ‡2

‘
I

D

) (D.��)

where G is the covariance matrix of the random e�ect parameters.

D.�.�.� Training linear mixed-e�ects models

Training the linear mixed e�ects model requires estimation of both the �xed-e�ect parameters

— and the random e�ect parameters u, or more speci�cally G and ‡‘. Again, this is performed

by MLE. Equation (D.��) can be rewritten as:

y = X— + ‘ú, where ‘ú = Zu + ‘ (D.��)
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This is just a linear model with correlated terms since:

‘ú ≥ N (0, V ), where V = ZGZT + ‡2
‘
I (D.��)

The log-likelihood function, ¸, of — and V given the data is:

¸(—, V ; y, X) = ≠1
2(N log(2fi) + log(|V |) + (y ≠ X—)T V ≠1(y ≠ X—)) (D.��)

so the MLE for (—, V ) are those that maximise the right-hand side of this expression.

D.�.� Logistic regression

Despite its name, logistic regression is used for classi�cation tasks. The model uses the sigmoid

function to map the linear combination of predictors to the probability of the target variable

being a certain class. For binary classi�cation, i.e. yi = {0, 1}, the logistic function (which

estimates the probability of yi = 1) is given by:

p(yi = 1|xi, —) = 1
1 + exp(≠xi—) (D.��)

where again, xi— is the linear combination of a feature set observation and —, the parameters

of the logistic regression model. Typically, a threshold of �.� is applied to the output p(yi = 1)

to determine the classi�cation prediction for ŷi.

The optimised coe�cients —, —̃, can be determined through MLE. Logistic regression assumes

yi is drawn from a binomial distribution such that:

p(yi|xi, —) = p(yi = 1|xi, —)yi + p(yi = 0|xi, —)1≠yi (D.��)

where p(yi = 0|xi, —) = 1 ≠ p(yi = 1|xi, —). Thus for logistic regression, it can be shown that:

¸(—; y, X) = ≠
Nÿ

i=1
(yi(xi—) ≠ ln(1 + exp(xi—))) (D.��)

Unlike linear regression (see appendix D.�.�) where MLE takes a closed-form solution, for

logistic regression the log-likelihood has to be maximised through gradient ascent which is an

iterative process. At each iteration the gradient of equation (D.��) is computed and the estimate for

—̃ is adjusted so as to move along the gradient. The second derivative of equation (D.��) is positive

de�nite and so the Newton-Raphson algorithm is an accurate and fast method to �nd theMLE [���].
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D.�.� Least absolute shrinkage and selection operator (LASSO)

Regularisationmethods attempt tomitigate against machine learningmodels over�tting to training

data. Over�tting results in models that are not generalisable and so perform well on training

data, however, have poor performance on unseen test data [���]. For linear models, regularisation

penalises large coe�cient values by assuming a prior distribution for the model coe�cients. One

such regularisation method is the Least Absolute Shrinkage and Selection Operator (LASSO)

[���]. LASSO imposes the L�-norm penalty to the model coe�cients using non-negative values of

shrinkage parameter ⁄. Thus, when implementing LASSO for both linear and logistic regression,

the log-likelihood is updated as:

¸(—; y, X) =
Nÿ

i=1
ln(p(yi|xi)) ≠ ⁄

Mÿ

j=1
|—j| (D.��)

⁄ de�nes how much the model is regularised. As ⁄ increases the number of feature coe�cients,

—, equal to zero increases. Increasing ⁄ is bene�cial in reducing variance in a prediction model

through a reduction in over�tting. However, large values of ⁄ remove potentially important

features. ⁄ must, therefore, be carefully chosen.

D.�.� Elastic net regularisation

Elastic-net regularisation is an additional method to reduce over�tting in linear models. Elastic net

regularisation adds an additional L�-norm penalty that improves upon the performance of LASSO

regularisation when the number of predictors is signi�cantly larger than the sample size (known as

the p > n case) [���]. The log-likelihood when implementing elastic-net regularisation is given as:

¸(—; y, X) =
Nÿ

i=1
ln(p(yi|xi)) ≠ ⁄

2
Mÿ

j=1
|—j| ≠ ⁄

2
Mÿ

j=1
—2

j
(D.��)

Again, the value ⁄ must be carefully chosen.

D.� Evaluation approaches and metrics

D.�.� Cross-validation

The generalisability of a machine learning models is typically assessed using cross-validation (CV)

[���, ���]. CV splits the data into K partitions, or ’folds’. Training is performed on the K ≠ 1 folds

and testing on the remaining left-out fold. By repeating this procedure across all folds, the entirety

of the data is used for both training and testing. A measure of the central tendency and spread

of performance statistics across folds are then reported. In cases where repeated measurements
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from the same subject are present in the dataset it is important to partition the data by subject.

Subject-wise CV, such as Leave-One-Subject-Out CV (LOSOCV), ensures that there is no “leakage”

of subject information between training and testing partitions.

D.�.� Regression metrics

Regression models produce continuous estimates, ŷ. The following regression performance metrics

were used to evaluate ŷ against the ground truth, y: flp, RMSE, and MAE.

Correlation coe�cients provide a metric of the association or dependence between two

variables. The values of correlation are in the range -� to +�, with -� signifying perfect negative

correlation, +� signifying perfect positive correlation, and values close to � signifying weak

or no correlation between the two variables. flp is used to measure the linear correlation y

and ŷ. flp is de�ned as:

flp = cov(y, ŷ)
‡y‡ŷ

=
q

N

i=1(yi ≠ µy)(ŷi ≠ µŷ)
Òq

N

i=1(yi ≠ µy)2 q
N

i=1(ŷi ≠ µŷ)2
(D.��)

where µy and µŷ are the mean of y and ŷ respectively, and ‡y and ‡ŷ are the standard

deviations of y and ŷ respectively.

RMSE is de�ned as:

RMSE =
ı̂ıÙ 1

N

Nÿ

i=1
(yi ≠ ŷi)2 (D.��)

where N is the number of datapoints. MAE is de�ned as:

MAE = 1
N

Nÿ

i=1
|yi ≠ ŷi| (D.��)

Both MAE and RMSE characterise the average error of the prediction. As MAE reports

the average magnitude of errors, its values are easily interpreted across multiple datasets. In

contrast, RMSE gives a higher weight to larger error values, and so it is an important metric

when large errors are undesirable [���].

D.�.� Classi�cation metrics

Classi�cationmodels produce discrete estimates, often referred to as labels or classes. The following

classi�cation performance metrics were used: accuracy (Acc), weighted F� score (wF�), and Cohen’s

kappa (Ÿ). Figure D.� depicts a typical confusion matrix that summarises the agreement between

predicted labels and ground truth labels. The example in �gure D.� is for binary classi�cation
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Figure D.�: Example binary classi�cation confusion matrix. A confusion matrix summarises the
agreement between estimations ŷ and y.

(label � or �); however, it can be easily extended for multi-class classi�cation. By analysing the

true positives (TP), true negatives (TN), false positives (FP), and false negatives (FN), a number

of di�erent performance metrics can be de�ned:

Acc = TN + TP
TN + FP + FN + TP

(D.��)

Acc is the simplest metric and corresponds to the percentage of correct predictions. However, in

cases where there is an imbalance of classes in the dataset Acc can be an unreliable metric. For

example, if a dataset contains ��% true responses, then a simple model that predicts all values

to be true will report a Acc value of ��%. Therefore, metrics that are more robust to imbalances

are often additionally reported, such as F1.

F1 = 2 · precision · recall

precision + recall
(D.��)

where precision = TP
TP+FP and recall = TP

TP+FN . For multi-class classi�cation, F1 is reported as

the mean F1 value across all labels. To further improve robustness to imbalances, wF� is computed

by weighting the mean by the number of true instances for each label.

Ÿ is also a robust classi�cation measure that accounts for imbalanced data, as well as chance

agreement [���]. Ÿ is de�ned as:

Ÿ = Acc ≠ pe

1 ≠ pe

(D.��)

pe is the estimated probability of random agreement between y and ŷ. pe can be estimated as:

pe = 1
N

ÿ

k

nGT
k

nest
k

(D.��)

N is the number of datapoints. nGT
k

and nest
k
denote the number of instances which are labelled

as the kth state in the ground-truth (GT) and estimated values. Unlike wF�, Ÿ is a more con-

servative metric. Values near �.� denote almost perfect classi�cation and values close to �.�

tend towards chance agreement.
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E.� Introduction

In this appendix, we provide additionalmethodology and analysis to supplement thework presented

in chapter �. In appendix E.� we provide a comparative assessment of three di�erent B-point

detection algorithms available in the literature and make conclusions on the appropriate method

for use in the Mapping Of Lower Limb skIn pErfusion (MOLLIE) study. In appendix E.� we outline

the methodology implemented for estimating respiratory rate from the nasal air�ow signal. Finally,

in appendix E.�, we show the relationship between BP and TT for all individuals in the dataset.

E.� Detecting the B-point in the impedance cardiogram

E.�.� Introduction

The pre-ejection period (PEP) is de�ned as the time delay between electrical depolarisation of

the heart’s left ventricle and the opening of the aortic value to pump blood through the aorta

[���]. The timing of the aortic valve opening may be located in the impedance cardiogram (ICG)

by a de�ection in the ICG signal known as the B-point.

However, automatically detecting the B-point has been proven to be a notoriously di�cult

task and remains an active area of research. This di�culty stems from the observation that intra-

and inter-individual appearance of the B-point on the ICG varies and may manifest as one of the

���
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following: a turning point, in�ection, or rapid slope change [���]. Additionally, motion artefacts,

muscle contractions, respiration, and di�erent cardiovascular pathologies signi�cantly impact

the shape of the ICG waveform [���, ���]. Often, expert visual inspection is required to detect

the correct B-point location, however this has obvious limitations. As a result, many di�erent

algorithms have been proposed in the literature for locating the B-point [���, ���, ���].

E.�.� Methods

We implemented three B-point detection algorithms: Forouzanfar et al. [���], Arbol et al. [���],

and Lozano et al. [���]. Details of these algorithms are provided in the following sections.

For each method, the PEP time series (derived using the ECG R-peak as the proximal timing)

was subsequently post-processed and an estimate of the signal quality index (SQIPEP) was computed

using the steps outlined in section �.�.�. Any values where SQIPEP was � (which may be the result

of: errors in ECG, errors in ICG, detected periods of transient outliers as well as PEP values outside

of a physiological range) were removed from any subsequent analysis.

In the absence of a ground truth (which would typically come in the form of expert annotation),

we assessed the performance of di�erent B-point detection algorithms through visual inspection

and an estimate of the level of noise present in the derived PEP time series. This analysis was

performed over all participants in the MOLLIE study (see section �.�).

An estimate of the degree of noise was computed as the standard deviation (‡) in each of

the derived PEP signals. High values of ‡ indicate the presence of a signi�cant level of noise.

However, conversely, very low values of ‡ suggest that the method is unable to track the changes

in PEP expected under an infusion of phenylephrine. Therefore, any conclusions drawn from

analysing ‡ must be corroborated by visual inspection.

E.�.�.� Arbol et al. [���]

Using the Arbol et al. method, the B-point was de�ned as the local maximum of d2ICG/dt2 within

��� ms of the previous C-point. The authors compared this approach to two other methods (zero-

crossing of the ICG, and the maximum of dICG/dt) in a dataset of �� individuals with ground

truth provided by expert annotation. The proposed method had a signi�cantly higher coincidence

with the expert annotation (��.�%) than the other two methods (��.�% and ��.�% respectively).
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E.�.�.� Forouzanfar et al. [���]

Using the Forouzanfar et al. method, the B-point was detected as follows:

• Detect the local minimum (A-point) of the ICG waveform between the ICG onset (ECG

R-peak location) and the C-point (maximum of ICG beat).

• De�ne HICG as the amplitude di�erence between the detected A-point and C-point.

• Find all the monotonically increasing segments between A-point and C-point and select the

one with the highest height that starts from at least two-thirds of the C-point amplitude

and reaches at least three-quarters of C-point amplitude. If no such segment is found, relax

the second condition to one-half of the C-point amplitude. If no such segment is found,

select the last monotonically increasing segment.

• Find all d2ICG/dt2 zero crossings over the �rst two-thirds of the most prominent mono-

tonically increasing segment and discard those with dICG/dt > 6 · HICG/fs, where fs is

the sampling frequency of the ICG signal.

• Find all d2ICG/dt2 maximums over the �rst two-thirds of the most prominent monotoni-

cally increasing segment and discard those with d2ICG/dt2 < 0.002 · HICG/fs.

• Label the last zero crossing or local maximum of d2ICG/dt2 as the B-point. If no zero

crossing or local maximum exist, label the �rst point of the segment as B-point.

B-point detection using this method was compared to expert annotation in a sleep study dataset

containing �� healthy participants. The authors reported lower mean errors in B-point detection

using their proposed method (�.� ms) than using the Arbol et al. method (��.� ms).

E.�.�.� Lozano et al. [���]

The Lozano method avoids the complications associated with detecting the B-point of the ICG

through a data-driven polynomial relationship which estimates PEP using the time delay from

the R-peak to the C-point. Using the Lozano et al. method, PEP was de�ned using the following

quadratic relationship:

PEP = 1.233 · tRC ≠ 0.0032 · t2
RC

≠ 31.59 (E.�)

where tRC is the time between ECG R-peak and ICG C-point. As discussed by Lozano et al.

[���], the ICG beat may contain multiple maxima, in which case selecting the one with the
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largest amplitude may lead to incorrect PEP estimation. We, therefore, de�ned the C-point as

the maximum of a low-pass �ltered ICG signal. A �th-order IIR �lter with a cut-o� frequency

of � Hz was subsequently used. This had the e�ect of combining two adjacent maxima and

resulted in a less noisy PEP time series.

Lozano et al. reported a flp value of �.�� between PEP estimates and expert annotation PEP

values in a dataset of �� healthy volunteers.

E.�.� Results

Table E.� reports upon the comparison of PEP values derived from the three B-point detection

algorithms analysed. ’# detected’ de�nes the total number of estimated PEP values across all

participants. Given that all algorithms were evaluated on the same dataset, low values of ’#

detected’ indicate that a signi�cant proportion of PEP values have been rejected by the SQIPEP for

either representing spurious outliers or for being outside of physiological limits. ‡ provides an

indication towards the level of noise present in each of the PEP time series. The Lozano method

resulted in the largest set of PEP values in addition to a signi�cantly lower ‡ than both the Arbol

(p < 0.001) and Forouzanfar (p < 0.001) methods.

Figure E.� illustrates the PEP time series computed by the three methods across three par-

ticipants. The Lozano method shows good agreement with the overall trends of the other two

methods whilst exhibiting signi�cantly lower high-frequency variations.

Table E.�: Comparison of the three B-point detection algorithms.

Method # detected ‡ (ms) �

Arbol et al. [���] ��,��� �.�� (�.��)
Forouzanfar et al. [���] ��,��� �.�� (�.��)
Lozano et al. [���] ��,��� �.�� (�.��)

� Values given as participant-wise median (IQR).

E.�.� Discussion and conclusion

In the absence of ground-truth data, we cannot conclude which of the proposed methods presents

the highest accuracy for this dataset. We can, however, hypothesise that PEP signals derived using

the Arbol and Forouzanfar methods, which analyse high-order derivatives of the ICG signal, clearly

exhibit a large amount of variation due to errors in B-point detection. This is largely evident in

�gure E.� and is further corroborated by the relatively large ‡ values in table E.�. The Lozano

method on the other hand results in much lower variations in PEP values and appears to follow the
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(a)

(b)

(c)

Figure E.�: The PEP time series computed by the three methods across three example participants in
the MOLLIE study.

overall trend of both the Arbol and Forouzanfar methods suggesting that it is accurately tracking

PEP. In addition, despite being extrapolated, PEP values computed by the Lozano method did

not regularly exceed physiological limits as evidenced by the high ’# detected’ value.

From the analysis presented in this appendix, we concluded that estimating PEP values using

the Lozano method was justi�ed in the MOLLIE dataset.

E.� Estimating respiratory rate from the nasal pressure air�ow sig-
nal

The typical morphology of pressure air�ow signal (Ïnasal) measured using a nasal cannula at the

opening of the nostrils is shown in �gure E.�. To compute an estimate of respiratory rate (RR)

from Ïnasal we followed the work of Jorge [���] and adapted the implemented hyperparameters

for our adult population.

Firstly, components outside of a physiologically accepted RR range, taken to be between � to

�� breaths/min [���], were removed. We, therefore, �ltered the Ïnasal signal using a �th -order
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IIR band-pass �lter with cut-o� frequencies of �.� Hz and �.� Hz. The segmentation of Ïnasal

into individual breaths was performed by adapting the Zong et al. [���] photoplethysmogram

(PPG) segmentation algorithm, slope sum function (SSF), introduced in section �.�.�. In order

to mimic the PPG morphology, Ïnasal was time-reversed i.e:

Ï̄nasal(i) = Ïnasal(Ns ≠ i), i = 1, . . . , Ns (E.�)

where Ns is the number of samples in Ïnasal. We used an analysis window of �.� s to compute the

values of the SSF for Ï̄nasal. When the SSF signal crossed the detection threshold, a �.�-second

window around the crossing point was used to search for minimum and maximum SSF values.

The initial threshold was set based on the �rst �� seconds of each session.

RR was subsequently computed, at a sampling rate of �.� Hz, by a running window mean of

the inter-breath interval between the detected breath onsets in each window. A window length

of �� seconds and step size of � seconds was used.

Figure E.�: Typical nasal pressure waveform for a participant breathing at ��.� breaths/min.

E.� Relationship between transit times and blood pressure

Tables E.� and E.� shows the median and IQR performance statistics for all models over all

individuals in the MOLLIE dataset for MAP and DBP estimation respectively.

Figures E.� and E.� shows the individual relationship for PAT and PTT with MAP for all

participants in the study. Note the large variations in the range of BP values for the y-axis.

Figures E.� and E.� shows similar results for DBP.

E.� Resampling the impedance cardiogram to �KHz

An ICG signal recorded at ��� Hz provides a time resolution of � ms for detection of the B-

point (point of aortic valve opening) or C-point (maximum of ICG pulse). This may lead to

considerable errors in PEP estimates in our dataset. Many bioimpedance monitors will sample

at � kHz to reduce this error. This section compares the PEP estimates used in this paper (from
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Table E.�: Performance statistics of MAP estimation using the models proposed. Results are given as
median (IQR) computed across all participants. Entries in bold indicate the best performance for
that metric for either a posteriori or population-based models.

Model flp RMSE * MAE *

Baseline reference† - (-) �.�� (�.��) �.�� (�.��)

A posteriori models
PAT Random-intercepts �.�� (�.��) �.�� (�.��) �.�� (�.��)

Random-slopes �.�� (�.��) �.�� (�.��) �.�� (�.��)
PTT Random-intercepts �.�� (�.��) �.�� (�.��) �.�� (�.��)

Random-slopes �.�� (�.��) �.�� (�.��) �.�� (�.��)

Population-based models
PAT Poon [���] �.�� (�.��) �.�� (�.��) �.�� (�.��)

Gesche [���] �.�� (�.��) ��.�� (��.��) �.�� (��.��)
Fung [���] �.�� (�.��) �.�� (�.��) �.�� (�.��)

PTT Poon [���] �.�� (�.��) �.�� (�.��) �.�� (�.��)
Gesche [���] �.�� (�.��) ���.�� (����.��) ���.�� (����.��)
Fung [���] �.�� (�.��) ��.�� (��.��) ��.�� (��.��)

* results given in units of mmHg. † Baseline reference assumed no changes in MAP for each participant
from MAPcalib.

the original ��� Hz ICG signal) to PEP estimates from an upsampled ICG at � kHz via cubic

spline interpolation. Figure E.� shows the di�erence in PEP values from the two ICG signals

for all volunteers in the dataset. Figure E.� compares the two signals across the entire dataset.

The di�erences were low (mean di�erence = � ms), there was a bias towards the ��� Hz ICG

over estimating the PEP signal compared to the � kHz ICG. In general, the trends are consistent

across the two signals. We conclude, therefore, that PEP estimates from the ��� Hz ICG were

not a signi�cant limitation to the results in this study.
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Table E.�: Performance statistics of DBP estimation using the models proposed. Results are given as
median (IQR) computed across all participants. Entries in bold indicate the best performance for
that metric for either a posteriori or population-based models.

Model flp RMSE * MAE *

Baseline reference† - (-) �.�� (�.��) �.�� (�.��)

A posteriori models
PAT Random-intercepts �.�� (�.��) �.�� (�.��) �.�� (�.��)

Random-slopes �.�� (�.��) �.�� (�.��) �.�� (�.��)
PTT Random-intercepts �.�� (�.��) �.�� (�.��) �.�� (�.��)

Random-slopes �.�� (�.��) �.�� (�.��) �.�� (�.��)

Population-based models
PAT Poon [���] �.�� (�.��) �.�� (�.��) �.�� (�.��)

Gesche [���] �.�� (�.��) ��.�� (��.��) �.�� (��.��)
Fung [���] �.�� (�.��) �.�� (�.��) �.�� (�.��)

PTT Poon [���] �.�� (�.��) �.�� (�.��) �.�� (�.��)
Gesche [���] �.�� (�.��) ���.�� (����.��) ���.�� (����.��)
Fung [���] �.�� (�.��) ��.�� (��.��) ��.�� (��.��)

* results given in units of mmHg. † Baseline reference assumed no changes in DBP for each participant
from DBPcalib.
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Figure E.�: Individual relationships between MAP (mmHg) and PAT (s) for all �� participants in the
MOLLIE study. The random intercepts regression line is shown in dashed blue. The random slopes
regression line is shown in red.
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Figure E.�: Individual relationships between MAP (mmHg) and PTT (s) for all �� participants in the
MOLLIE study. The random intercepts regression line is shown in dashed blue. The random slopes
regression line is shown in red.
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Figure E.�: Individual relationships between DBP (mmHg) and PAT (s) for all �� participants in the
MOLLIE study. The random intercepts regression line is shown in dashed blue. The random slopes
regression line is shown in red.



��� E.�. Resampling the impedance cardiogram to �KHz

Figure E.�: Individual relationships between DBP (mmHg) and PTT (s) for all �� participants in the
MOLLIE study. The random intercepts regression line is shown in dashed blue. The random slopes
regression line is shown in red.
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Figure E.�: PEP estimates from the original ��� Hz ICG signal (blue) compared to PEP estimates
from the � kHz upsampled ICG signal (red) for all volunteers in the dataset.

Figure E.�: Comparison of PEP estimates from the two ICG signals (original ��� Hz ICG and
upsampled � kHz ICG). The errors were low with a slight bias where PEP estimates from the ��� Hz
signal were generally higher.
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Supplementary results: Features from the

photoplethysmogram and electrocardiogram
for estimating changes in blood pressure

F.� Introduction

In this appendix, we provide additional results to supplement the work presented in chapter �.

F.� Model performance for mean arterial pressure and diastolic
blood pressure estimation

Tables F.� and F.� shows the median and IQR performance statistics for all models across all

participants in the MOLLIE dataset for �MAP and �DBP estimation respectively. Figures F.�

and F.� shows the scatter and Bland-Altman plots for �MAP and �DBP estimation respectively.

Table F.�: Performance statistics of �MAP estimation using the models proposed. Results are
given as median (IQR) computed across all folds of the LOSOCV. Entries in bold indicate the best
performance for that metric.

Model name flp RMSE * MAE *

Baseline reference - (-) �.�� (�.��) �.�� (�.��)
LASSO+OLSPPG �.�� (�.��) �.�� (�.��) �.�� (�.��)
RFPPG �.�� (�.��) �.�� (�.��) �.�� (�.��)
LASSO+OLSECG �.�� (�.��) �.�� (�.��) �.�� (�.��)
RFECG �.�� (�.��) �.�� (�.��) �.�� (�.��)
LASSO+OLSPPG+ECG �.�� (�.��) �.�� (�.��) �.�� (�.��)
RFPPG+ECG �.�� (�.��) �.�� (�.��) �.�� (�.��)
LASSO+OLSPAT �.�� (�.��) �.�� (�.��) �.�� (�.��)
RFPAT �.�� (�.��) �.�� (�.��) �.�� (�.��)

* results given in units of mmHg. † Baseline reference assumed no changes in MAP for each participant
from MAPcalib.

���
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(a) (b)

Figure F.�: Agreement between the reference �MAP values and the estimated �MAP across the
cohort using RFPPG + ECG. Data from individual participants are colour and marker-coded. (a) Scatter
plot, with an overall correlation of �.��, a median participant-wise correlation coe�cient of �.��
with a range of �.�� to �.��. The black striped line shows the regression line. The Grey dotted line
shows the line of unity. (b) Bland-Altman analysis, with the bias of the overall error at �.� mmHg,
with a standard deviation of �.� mmHg

(a) (b)

Figure F.�: Agreement between the reference �DBP values and the estimated �DBP across the
cohort using RFPPG + ECG. Data from individual participants are colour and marker-coded. (a) Scatter
plot, with an overall correlation of �.��, a median participant-wise correlation coe�cient of �.��
with a range of �.�� to �.��. The black striped line shows the regression line. The Grey dotted line
shows the line of unity. (b) Bland-Altman analysis, with the bias of the overall error at �.� mmHg,
with a standard deviation of �.� mmHg
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Table F.�: Performance statistics of �DBP estimation using the models proposed. Results are given as
median (IQR) computed across all folds of the LOSOCV. Entries in bold indicate the best performance
for that metric.

Model name flp RMSE * MAE *

Baseline reference - (-) �.�� (�.��) �.�� (�.��)
LASSO+OLSPPG �.�� (�.��) �.�� (�.��) �.�� (�.��)
RFPPG �.�� (�.��) �.�� (�.��) �.�� (�.��)
LASSO+OLSECG �.�� (�.��) �.�� (�.��) �.�� (�.��)
RFECG �.�� (�.��) �.�� (�.��) �.�� (�.��)
LASSO+OLSPPG+ECG �.�� (�.��) �.�� (�.��) �.�� (�.��)
RFPPG+ECG �.�� (�.��) �.�� (�.��) �.�� (�.��)
LASSO+OLSPAT �.�� (�.��) �.�� (�.��) �.�� (�.��)
RFPAT �.�� (�.��) �.�� (�.��) �.�� (�.��)

* results given in units of mmHg. † Baseline reference assumed no changes in DBP for each participant
from DBPcalib.

F.� Individual results

Figures F.� and F.� shows the individual results for BP estimation using the RFPPG + ECG model

across all participants in the study. Under each participant, we show the summed SHAP values

for each observation grouped into PPG features (PPGfts), ECG features (ECGfts), and demo-

graphics. SHAP values in red indicate observations where a signi�cant accumulated marginal

contribution was reported. Features from the PPG consistently o�ered the largest contribution

to blood pressure estimation.
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Figure F.�: Individual results of �MAP estimation using the RFPPG + ECG model across all participants
in the study. Note the di�erences in the y-axis scale. The reference �MAP values from the cu� are
shown in black and the estimated values are shown in red. Under each participant’s data, we show
the summed SHAP values for each observation grouped into PPGfts, ECGfts, and demographics. Red
hues indicate a positive marginal contribution to the model prediction for each observation. Blue
hues indicate a negative marginal contribution to the model prediction for each observation.
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Figure F.�: Individual results of �DBP estimation using the RFPPG + ECG model across all participants
in the study. Note the di�erences in the y-axis scale. The reference �DBP values from the cu� are
shown in black and the estimated values are shown in red. Under each participant’s data, we show
the summed SHAP values for each observation grouped into PPGfts, ECGfts, and demographics. Red
hues indicate a positive marginal contribution to the model prediction for each observation. Blue
hues indicate a negative marginal contribution to the model prediction for each observation.
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F.� Individual changes in cardiac output

Figure F.� shows the changes in cardiac output (CO) observed for all participants in the dataset

across the full duration of their session. The majority of participants experienced a decrease

in CO driven by a decrease in HR.

Figure F.�: Individual changes in CO observed in all participants across the full duration of their
session.
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Supplementary results: Classi�cation of blood

pressure phenotypes

G.� Introduction

This appendix provides additional analysis to complement the work presented in chapter �. Method

�, as outlined in section �.�, estimated a patient’s night-time (midnight to �am) SBP using data

collected between �am and midnight. In this appendix, we present justi�cation for implementing a

regularised individual calibration approach, through the use of mixed-e�ects modelling, as opposed

to two other modelling approaches (�xed-e�ects and individual).

G.� Methods

In this appendix we analyse three di�erent modelling approaches to map a feature setX , containing

data from Np patients, to the SBP target vector, y, using the dataset constructed in section �.�.

To ease interpretation, we restricted this analysis to the linear relationship between SBP and

PAT (as opposed to multiparameter modelling including PPGfts as performed in chapter �). The

three possible modelling approaches are:

• Fixed-e�ects - A global linear model, irrespective of patient.
y = X— + ‘ (G.�)

• Individual - A unique linear model per patient.
yp = Xp—p + ‘, p = {1, . . . , Np} (G.�)

• LMEM - A mixed-e�ects linear model that accounts for the inter-dependency of multiple

observations of the same patient (see appendix D.�.�). The random e�ect parameters, u are

assumed to be drawn from a Gaussian distribution.
yp = X— + Zup + ‘, u ≥ N (0, G), p = {1, . . . , Np} (G.�)

where the superscript p denotes data from only the pth patient. All other nomenclature are

as de�ned in appendix D.

We analysed the impact of these di�erent approaches on the modelled calibration coe�cients

between PAT and SBP. We then subsequently compared the regression performance of nocturnal

SBP estimation using patient-wise flp, RMSE, and MAE and performance metrics.

���
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G.� Results

Figure G.� provides a visual comparison of the di�erent linear models produced by the three

approaches for a subset of �� patients in the overall cohort. Fixed-e�ect modelling did not

account for the unique and individualised relationship between PAT and SBP, and produced

a global, least-squares, relationship across all patients. This model, therefore, was inadequate

for a number of patients, see for example IDs: ������, ������, and ������, where the �tted

model was far from the training set observations.

Individual models accounted for the individualised relationship, however, for data collected in

a noisy environment (such as the ICU) these models are prone to over�tting, especially for patients

with very few observations. Consider ID: �������, who had only � observations of SBP and PAT

during the training period between �am and midnight. The individual linear model resulted in

a, non-physiological�, positive PAT calibration gradient, demonstrating that the approach has

over�tted to noise present when recording data in the ICU.

LMEM also accounted for the individualised relationship, however, the calibration param-

eters were regularised to reduce over�tting by assuming a Gaussian prior of the random-e�ect

coe�cients, u. The hyperprior covariance matrix is learned across the cohort using the expec-

tation maximisation algorithm presented in appendix D.�.�. As a result, for patients such as ID:

������� (who had only � observations of SBP and PAT), the calibration slope was regularised,

resulting in a negative gradient. This e�ect can additionally be observed for patients such as

ID: ������, and ������.

Figure G.� shows the distributions of patient-wise �SBP/�PAT (the �tted calibration slope)

computed across the cohort using the three approaches. As they were �tted across the cohort, �xed-

e�ect slopes were consistent. LMEM regularised the slopes of the individual approach resulting

in a tighter distribution with fewer values at the non-physiological extremes.

Table G.� shows the results of nocturnal SBP estimation using the three approaches when

trained on PAT and SBP observations collected between �am and midnight when data is recorded

in a noisy environment. LMEM resulted in signi�cantly (p < 0.001) lower error values than both

the �xed-e�ects and individual approaches. Figure G.� shows the RMSE error for nocturnal SBP

estimation grouped by the number of observations between �am and midnight for each patient.

While LMEM resulted in lower errors across all number of observations, the most signi�cant

di�erence between the individual and LMEM approaches occurred for individuals who had only

� observations of SBP and PAT during the training period.

�Chapter � demonstrated that there is a strong prior knowledge that PAT is negatively correlated with SBP.
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Figure G.�: Comparison of di�erent linear models produced by the three approaches for a subset of
�� patients in the overall cohort. Fixed-e�ect models are produced across the cohort and therefore do
not re�ect the individualised nature of the PAT-BP relationship. Individual models account for this,
however are prone to over�tting for patients that do not have many observations. LMEM models
regularise the individual approach to reduce over�tting.

Table G.�: Performance statistics of nocturnal SBP estimation using PAT and the three approaches.
Results are given as median (IQR) computed across all patients. Entries in bold indicate the best
performance for that metric.

Model name flp RMSE * MAE *

Fixed-e�ects �.�� (�.��) ��.�� (��.��) ��.�� (��.��)
Individual �.�� (�.��) ��.�� (�.��) �.�� (�.��)
LMEM �.�� (�.��) ��.�� (�.��) �.�� (�.��)

* results given in units of mmHg.

G.� Discussion and conclusion

In this appendix, we have demonstrated the signi�cant advantages of mixed-e�ects modelling for

nocturnal SBP estimation using PAT observations during the period between �am to midnight.

Mixed-e�ects modelling was especially advantageous for reducing model over�tting for individuals

with very few training observations. The results in this chapter justify our use of mixed-e�ects

modelling for nocturnal SBP estimation using method � in section �.�.
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Figure G.�: Distribution of PAT-BP calibration slopes (�SBP/�PAT) modelled by the three
approaches across all patients in the cohort.

Figure G.�: RMSE nocturnal SBP estimation as a function of the number of observations a patient
had between �am and midnight (the training set). The solid line shows the patient-wise mean RMSE.
The shaded area shows the patient-wise standard error around the quoted mean.
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Supplementary results: Towards cu�ess
estimation of ambulatory blood pressure

H.� Introduction

In this appendix, we provide additional results to supplement the work presented in chapter �.

H.� Reference blood pressure double cosinor model �ts

Figure H.� shows the results of the double-cosinor model �tted to the good-quality SBP mea-

surements for all participant’s Day7 data. Assessing model goodness-of-�t using an F-test (see

section �.�.�) indicates that the double-cosinor model is appropriate, at the p < 0.05 level, for

all participants apart from ID: ����. For this participant (who reported signi�cant di�culty

sleeping due to the measurement equipment) there was signi�cant dispersion in BP values across

the �� hours. The di�erences between DRSBP values computed from the double-cosinor smoothed

ABPM time series and the original good-quality data were found to be statistically non-signi�cant

(Wilcoxon signed-rank test: p = 0.091).

H.� Model performance for mean arterial pressure and diastolic
blood pressure estimation

Tables H.� and H.� shows the median and IQR performance statistics for all models across all

participants in the nABPM dataset for �MAP and �DBP estimation respectively.

���
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Figure H.�: Double-cosinor �tting for all participant’s Day7 good-quality ABPM data to compute the
reference BP time series. For one participant (ID: ����) the double-cosinor model did not pass the
goodness-of-�t F-test at the p < 0.05 level. The shaded area indicates self-reported sleep time. The
timestamp at the left-hand edge of the plot indicates the time at which the BP monitoring started for
that study participant, and it notably varies across di�erent participants

.
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Table H.�: Performance statistics of Day7 MAP estimation using the models proposed. DRMAP errors
are given as absolute di�erences with respect to the reference. Results are given as median (IQR)
across all participants. Entries in bold indicate the best performance for that metric.

Model name flp RMSE * MAE * DRMAP
†

Individual calibration
Baseline reference - (-) �.�� (�.��) �.�� (�.��) ��.�� (�.��)
ELAS+OLSPPG �.�� (�.��) �.�� (�.��) �.�� (�.��) �.�� (�.��)
RFPPG �.�� (�.��) �.�� (�.��) �.�� (�.��) �.�� (��.��)
ELAS+OLSPPG+PAT �.�� (�.��) �.�� (�.��) �.�� (�.��) �.�� (�.��)
RFPPG+PAT �.�� (�.��) �.�� (�.��) �.�� (�.��) �.�� (��.��)

Hybrid calibration
Baseline reference ELAS+OLS �.�� (�.��) �.�� (��.��) �.�� (�.��) �.�� (�.��)
Baseline reference RF �.�� (�.��) �.�� (�.��) �.�� (�.��) �.�� (�.��)
ELAS+OLSPPG �.�� (�.��) ��.�� (��.��) ��.�� (��.��) �.�� (��.��)
RFPPG �.�� (�.��) �.�� (�.��) �.�� (�.��) ��.�� (��.��)
ELAS+OLSPPG+PAT �.�� (�.��) ��.�� (��.��) ��.�� (��.��) �.�� (��.��)
RFPPG+PAT �.�� (�.��) �.�� (�.��) �.�� (�.��) ��.�� (��.��)

* results given in units of mmHg. † results given in units of %.

Table H.�: Performance statistics of Day7 DBP estimation using the models proposed. DRDBP errors
are given as absolute di�erences with respect to the reference. Results are given as median (IQR)
across all participants. Entries in bold indicate the best performance for that metric.

Model name flp RMSE * MAE * DRDBP
†

Individual calibration
Baseline reference - (-) �.�� (�.��) �.�� (�.��) ��.�� (�.��)
ELAS+OLSPPG �.�� (�.��) �.�� (�.��) �.�� (�.��) �.�� (�.��)
RFPPG �.�� (�.��) �.�� (�.��) �.�� (�.��) �.�� (��.��)
ELAS+OLSPPG+PAT �.�� (�.��) �.�� (�.��) �.�� (�.��) �.�� (�.��)
RFPPG+PAT �.�� (�.��) �.�� (�.��) �.�� (�.��) �.�� (��.��)

Hybrid calibration
Baseline reference ELAS+OLS �.�� (�.��) �.�� (��.��) �.�� (��.��) �.�� (�.��)
Baseline reference RF �.�� (�.��) �.�� (�.��) �.�� (�.��) �.�� (�.��)
ELAS+OLSPPG �.�� (�.��) ��.�� (��.��) ��.�� (��.��) ��.�� (��.��)
RFPPG �.�� (�.��) �.�� (�.��) �.�� (�.��) ��.�� (��.��)
ELAS+OLSPPG+PAT �.�� (�.��) ��.�� (��.��) ��.�� (��.��) �.�� (��.��)
RFPPG+PAT �.�� (�.��) �.�� (�.��) �.�� (�.��) ��.�� (��.��)

* results given in units of mmHg. † results given in units of %.
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