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"All our knowledge begins with the senses, proceeds then to the understanding, and ends with
reason. There is nothing higher than reason."
— Immanuel Kant (1724-1804)

"La souffrance physique on la subit, la souffrance morale on la choisit."

— Fric-Emmanuel Schmitt, Oscar et la dame rose (2002)

"Paide-a eutugo si men est- k smoc, atuqo si de kataf gion."

— Isokr thc (436-338 p.Q.)
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Abstract

In a progressively aging population, it is of utmost importance to develop reliable, non-
invasive, and cost-effective tools to estimate biomarkers that can be indicative of cardiovas-
cular risk. Clinical parameters directly measured in the heart or the aorta are crucial for the
diagnosis and management of disease. However, their clinical use is severely hampered by
their invasive nature, cost, or need for special equipment. Aortic systolic blood pressure
(aSBP), cardiac output (CO), end-systolic elastance (Egs), and arterial stiffness provide valu-
able information about the cardiovascular state in humans, and are strongly associated with
clinical outcomes. This thesis presents original predictive algorithms suitable for estimating
such cardiovascular biomarkers from commonly measured non-invasive clinical data.

The first aim of this thesis is to develop and validate methods to estimate central hemodynam-
ics, such as aSBP and CO. Firstly, a novel inverse problem-solving method is introduced to
estimate aSBP and CO from non-invasive measurements of cuff pressure and carotid-femoral
pulse wave velocity (cfPWV). The method relies on the adjustment of a previously validated
one-dimensional arterial tree model. Assessment of the accuracy is achieved by implementing
the algorithm, initially, on a small cohort (n = 20), and, thereafter, using a large cohort with
a wide range of age groups from the Anglo-Cardiff Collaborative Trial (n = 144). The second
approach involves the machine learning-based estimation of aSBP and CO using again cuff
pressure and cfPWV. Validation of the method on in silico data shows that machine learning
offers a greatly accurate alternative for monitoring aSBP and CO. Moreover, transfer learning
allows for evaluating the performance of the aSBP estimator in vivo, with results showing
satisfactory agreement between the predicted and the reference data.

The second objective of this thesis entails the development and validation of a gamut of
different machine learning frameworks for the non-invasive prediction of Egs. First, a machine
learning model is trained and tested using as inputs cuff pressure and cfPWV. The importance
of incorporating ejection fraction (EF) as additional input for estimating E. is also assessed.
Results indicate that E¢s cannot be predicted from pressure-based data alone. The addition
of the EF information greatly improves the estimated Es. Alternatively, we propose a novel
artificial intelligence-based approach to estimate E¢s using the information embedded in
clinically relevant systolic time intervals. A training/testing scheme is developed using virtual
subjects (n = 4,645) from a previously validated in silico model. The evaluation provides
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very promising results which permit to deduce that this approach constitutes a step towards
the development of an easy and clinically applicable method for assessing left ventricular
systolic function. Furthermore, this work aims to provide evidence on the potential in using
the morphology of the brachial blood pressure waveform and convolution neural networks
for predicting Egs using 3,748 in silico subjects. The arterial blood pressure wave appears to
be a promising source of information for assessing E¢s. Predictions are found to be in good
agreement with the reference E¢s values over an extensive range of left ventricular contractility
values and loading conditions.

The third objective is to improve in vivo assessment of aortic characteristic impedance (Z30)
and total arterial compliance (Ct). Given that regional PWV measurements are non-invasive
and clinically available, we present a non-invasive method for estimating Z,, and Ct using
cuff pressure, cfPWV, and carotid-radial PWV via regression analysis. In silico validation using
3,818 subjects yields high accuracy for both Z,, and Ct estimators, verifying that the method
may offer a valuable tool for assessing arterial stiffness, while reducing the cost and the com-
plexity of the existing techniques.

As a step forward, we introduce a non-invasive method to estimate Cy from a single carotid
waveform using artificial neural networks. The proposed methodology is appraised using the
large human cohort (n = 2,256) of the Asklepios study. Precise estimates of Cy are yielded,
indicating that such an approach could offer promising applications, ranging from fast and
cost-efficient hemodynamical monitoring by the physician to integration in wearable tech-
nologies.

Finally, in view of the conflicting clinical and experimental evidence regarding the influence
of heart rate (HR) on arterial stiffness and its surrogate marker cfPWV, the last stride of this
research is to evaluate and quantify the effect of HR on cfPWV measurement under controlled
hemodynamic conditions, and especially with respect to blood pressure (BP) that is a strong
determinant of arterial stiffness. The findings conclude that large variations of HR may have a
clinically significant impact on cfPWYV, and correction of PWV measurement with respect to
BP may be considered.

In conclusion, this dissertation shows that physics-based modelling and machine learning
are valuable for developing and validating novel, non-invasive health monitoring algorithms.
The high performance of the proposed algorithms for predicting hemodynamical and cardiac
parameters from routinely collected non-invasive data suggests that it is feasible to improve
the current state of the art of monitoring tools for cardiovascular events, while reducing com-
plexity and cost.

Keywords: non-invasive monitoring, central hemodynamics, cardiac contractility, aortic pres-
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Résumé

Dans une société avec une population vieillissante, il est primordial de développer des outils
fiables, non-invasifs et rentables afin d’identifier les biomarqueurs révélateurs d'un risque
cardiovasculaire. Les parametres cliniques mesurés directement dans le coeur ou I’aorte sont
cruciaux pour le diagnostic et la gestion de la maladie. Cependant, leur utilisation clinique
est gravement entravée par leur nature invasive, leur cotit ou la nécessité d'un équipement
spécial. La pression artérielle systolique aortique (aSBP), le débit cardiaque (CO), I'élastance
télésystolique (Egs) et les indices de rigidité artérielle fournissent des informations précieuses
sur I'état cardiovasculaire du sujet, et sont fortement corrélés aux résultats cliniques. Cette
these propose des algorithmes prédictifs originaux afin d’estimer ces biomarqueurs cardiovas-
culaires tout en utilisant des données cliniques non-invasives simples.

Le premier objectif de cette these est de développer et de valider des méthodes pour estimer
I’hémodynamique centrale, telles que la aSBP et le CO. Dans ce but, une nouvelle méthode
de résolution de problemes inverses est introduite afin d’estimer la aSBP et le CO a par-
tir de mesures non-invasives comme la pression du brassard et la vitesse d’'onde de pouls
carotide-fémorale (cfPWV). La méthode repose sur I'ajustement d'un modele d’arbre artériel
unidimensionnel préalablement validé. I’évaluation de I’exactitude est réalisée en mettant
en ceuvre l'algorithme, initialement sur une petite cohorte (n = 20), et, par la suite, en utili-
sant une grande cohorte comprenant divers groupes d’age provenant de |'essai collaboratif
Anglo-Cardiff (n = 144). La deuxiéme approche implique I'estimation basée sur 'apprentissage
automatique de I'aSBP et du CO en utilisant a nouveau la pression du brassard et le cfPWV. La
validation de la méthode sur des données in silico montre que I'apprentissage automatique
offre une alternative tres précise pour la surveillance des aSBP et CO. L'apprentissage par
transfert (transfer learning) permit d’évaluer les performances de 1'aSBP in vivo, avec des
résultats significatifs démontrant la vraisemblance entre les données prédites et les données
de référence.

Le second objectif est le développement et la validation d'une gamme de différents cadres
d’apprentissage automatique pour la prédiction non-invasive de Egs. Pour cela, un modeéle
d’apprentissage automatique est formé et testé en utilisant comme entrées la pression du
brassard et le cfPWV. Limportance d’incorporer la fraction d’éjection (EF) comme entrée sup-
plémentaire pour estimer Egs est également évaluée. Les résultats indiquent que Egs ne peut
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pas étre prédit a partir des seules données basées sur des données liées a la pression. L'ajout de
I'information EF grandement améliore la E¢s estimé. Alternativement, une nouvelle approche
basée sur l'intelligence artificielle pour estimer E¢s en utilisant les informations intégrées
dans des intervalles de temps systoliques cliniquement pertinents est proposée. Un schéma d’
entrainement/test est développé en utilisant des sujets virtuels (n = 4,645) a partir d'un modele
précédemment validé in silico. Cette évaluation fournit des résultats trés encourageants per-
mettant de déduire que cette approche est une premiere étape vers le développement d'une
méthode facile et cliniquement applicable pour évaluer la fonction systolique ventriculaire
gauche. Enfin, ce travail fournit des preuves du potentiel de I'utilisation de la morphologie
de 'onde de la pression artérielle brachiale et des réseaux neuronaux a convolution pour
prédire Egs en utilisant 3,748 sujets in silico. En effet, 'onde de pression artérielle apparait
comme une source d'information prometteuse pour évaluer E¢s. Les prédictions faites se sont
avérées proches des valeurs de référence E¢s sur une large gamme de valeurs de contractilité
ventriculaire gauche et de conditions de charge.

Le troisiéme objectif est d’améliorer I’évaluation in vivo de 'impédance caractéristique aor-
tique (Zao) et de la compliance artérielle totale (Ct). Etant donné que les mesures régionales
de la PWV sont non-invasives et disponibles en clinique, nous présentons une méthode
non-invasive pour estimer Z,, et Ct en utilisant la pression du brassard, la cfPWV et la PWV
carotide-radiale via une analyse de régression. La validation in silico utilisant 3,818 sujets
donne une grande précision pour les estimateurs Z,, et Ct, démontrant que la méthode
peut offrir un outil précieux pour évaluer la rigidité artérielle tout en réduisant le cofit et la
complexité des techniques existantes.

En outre, nous introduisons une méthode non-invasive pour estimer Ct a partir d'une seule
signal d’onde de la pression artérielle carotidienne en utilisant des réseaux de neurones
artificiels. La méthodologie proposée est évaluée en utilisant la grande cohorte (n = 2,256)
de I'étude Asklepios. Des estimations précises de Cr sont produites indiquant qu'une telle
approche peut étre applicable a de nombreuses fins allant de la surveillance hémodynamique
rapide et rentable par le médecin jusqu’a son intégration dans des technologies portables.

Finalement, compte tenu des preuves cliniques et expérimentales contradictoires concernant
Iinfluence de la HR sur la rigidité artérielle et de son marqueur de substitution cfPWV, la
derniére étape de cette recherche est d’évaluer 'effet de 1a HR sur la mesure de la cfPWV dans
des conditions hémodynamiques controlées, et en particulier, en ce qui concerne la pression
artérielle, déterminante pour 1’évaluation de la rigidité artérielle. Les résultats concluons
que de grandes variations de la fréquence cardiaque peuvent avoir un impact cliniquement
significatif sur la cfPWV, et une correction de la mesure de la PWV par rapport a la pression
artérielle doit probablement étre envisagée.
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En conclusion, cette theése démontre que la modélisation basée sur la physique et I'appren-
tissage automatique peuvent servir a développer et valider de nouveaux algorithmes a des
fins de surveillance non-invasives de la santé. Les performances des algorithmes pour prédire
les parametres hémodynamiques et cardiaques, a partir de données non-invasives collectées
périodiquement, suggerent qu’il est possible d’améliorer I’état de I'art actuel des outils de
surveillance des événements cardiovasculaires tout en réduisant leur complexité et leur cofit.

Mots clés : surveillance non-invasive, hémodynamique centrale, contractilité cardiaque, pres-
sion aortique, débit cardiaque, élastance télésystolique, compliance artérielle, impédance
aortique, vitesse de I’'onde de pouls, modélisation informatique, modélisation prédictive,
résolution de problemes inverse, apprentissage automatique, analyse de régression , réseaux
de neurones artificiels, forét d’arbres décisionnels, gradient boosting
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[Teptn

Se tnan proodeutik ghr skonta plhjusm , h an ptuxh axi pistwn, mh epembatik ,n Kkai
oikonomik prosit,n ergale-wn gia thn ekt-mhsh biodeikt,n tou kardiaggeiako kind nou
e-nai uy-sthc shmas-ac. Sugkekrimtna, melttec Lqoun de-xei pwc oi klinikkc par metroi pou
metr ,ntai apeuje-ac sthn kardi  thn aort sumb Iloun exairetik sthn apotelesmati-
k terh di gnwsh kai diage-rish thc kardiaggeiak ¢ n sou. Wst so, h klinik uiojtthsh
twn paramttrwn aut, n upobajm-zetai shmantik exait-ac thc parembatik ¢ touc ¥ shc, tou
k stouc thcan gkhc gia akrib kai exeidikeumtno exoplism . H aortik sustolik arth-
riak p-esh (aSBP), h kardiak parog (CO), h telik sustolik elastik thta (Ec) kai oi
de-ktec arthriak c duskamy-ac partqoun pol timec plhrofor-ec sqetik me thn kat stash
tou kardiaggeiako sust matoc ston njrwpo, en, sundtontai isqur me klinik perista-
tik . H paro sa didaktorik diatrib protenei prwt tupouc prognwstiko ¢ alg rijmouc
kat Ilhlouc gia thn ekt-mhsh tttoiwn kardiaggeiak , n biodeikt, n grhsimopoi, ntac eurtwc
diajtsima dedomtna ta opo-a mporo n na sulleqjo n me e kolo kai mh epembatik tr po
sto klinik perib 1lon.

O pr,toc st goc thc paro sac ergas-ac e-hai h an ptuxh kai epik rwsh mej dwn gia thn
ekt-mhsh kentrik ,n aimodunamik ,n paramttrwn, kai sugkekrimtna, thc aSBP kai thc CO.
Katarqg c, parousi zoume mia kainot ma mtjodoc ant-strofhc ep-lushc problhm twn me
skop thn ekt-mhsh thc aSBP kai thc CO ap mh epembatikic metr seic p-eshc mansttac
kai tag thtac palmiko k matoc (cfPWV). Eidik tera, h mtjodoc bas-zetai sthn prosar-
mog en c prohgoumtnwc epikurwmknou monodi statou monttlou arthriako dintrou. H
axiol ghsh thc akr-beiac thc mej dou pragmatopoie-tai me thn efarmog tou algor-jmou,
arqik , se mia mikr om da en likwn ejelont,n (n=20) kai, sth suntqgeia, grhsimopoi-
,nhtac mia meg Ih om da upokeimtnwn (n=144) en c eurtouc ¥ smatoc hlikiak ,n om dwn.
H de terh protein menh mtjodoc perilamb nei thn ekt-mhsh thc aSBP kai thc CO mtsw
mhganik ¢ m ghshc grhsimopoi, ntac, omo-wc me prohgoumtnwc, dedomtna p-eshc mansttac
kai cfPWV. H in silico epik rwsh thc mej dou de-gnei ti h mhganik m jhsh prosfirei
mia axi pisth enallaktik gia thn parakolo jhsh thc aSBP kai thc CO. Par llhla, h
metaFor m jhshc (transfer learning) epitrtpei thn axiol ghsh thc ap doshc tou ektimht

thc aSBP se in vivo klinik dedomtna, me ta apoteltsmata na de-gnoun exairetik sumfwn-a
kai akr-beia metax twn ektim,menwn tim,n kai twn pragmatik ,n tim,n anafor c.
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O de teroc st qoc thc ergas-ac afor thn an ptuxh kai efarmog miac gk mac diafo-
retik ,n plais-wn mhganik ¢ m jhshc gia th mh epembatik pr bleyh thc Ees. Arqgik ,
tna monttlo mhganik ¢ m jhshc ekpaide etai kai dokim zetai grhsimopoi, ntac wc stoige-a
eis dou metr seic p-eshc mansttac sto brag-ona kai cfPWV. Sto plasio thc ergas-ac,
ektim tai, ep-shc, h shmantik thta thc enswm twshc tou kl smatoc ex, jhshc (EF) wc
pr sjethc eis dou gia ton upologism thc Ees. Ta apoteltsmata de-gnoun pwc ta de-
domtna ap metr seic arthriak c p-eshc den eparko n gia thn akrib ekt-mhsh thc Es.
Ento toic, h epipr sjeth plhrofor-a pou eis gei to EF belti,nei shmantik tic ektim seic
thc Ees. Enallaktik se aut n thn tegnik , protenetai mia tr-th prostggish basismtnh,
ek ntou, se tegnht nohmos nh gia ton upologism thc E¢s grhsimopoi,ntac, aut n th
for , thn plhrofor-a pou emperitgetai se klinik sunaf sustolik qronik diast mata.
'Ena monttlo ekpa-deushc/dokim, n anapt ssetai grhsimopoi, ntac in silico upoke-mena (n =
4,645) pou par gontai ap tna prohgoumtnwc epikurwmtno upologistik monttlo reust,n.
Ta eur mata thc axiol ghshc upodeikn oun exairetik sun feia metax twn ektim sewn
kai twn pragmatik ,n tim,n kai, Ltsi, sun detai pwc h prostggish aut apotele-tna b ma
mprost proc thn an ptuxh miac apl c kai klinik efarm simhc mej dou gia thn axio-
I ghsh thc sustolik c leitourg-ac thc arister c koil-ac. Ttloc, mia diaforetik tegnik
epidi, kei na ereun sei thn dunat thta pr bleyhc thc Ees ap ol klhrh th morfolog-a
thc kumatomor¥ c thc bragi niac p-eshc, se sunduasm me thn upologistik isq pou pa-
rtqoun ta eurtwc gnwst neurwnik d-ktua. To k ma arthriak c p-eshc apodeikn etai m-a
plo sia phg plhrofori,n gia thn axiol ghsh thc sustaltik thtac thc arister c koi-
l-ac. Eidik tera, diapist,netai ti oi probliyeic thc Ecs enai idia-tera akribe gia tha
eur f smatim,nsustaltik thtac thc arister c koil-ac, kaj , ¢ kai diaforetik , n fort-wn.

Epiplton, wc tr-toc st qoc or-zetai h belt-wsh thc klinik ¢ axiol ghshc thc s njethc
ant-stashc thc aort ¢ (Z,,) kai the sunolik ¢ arthriak ¢ summ rfwshc (Ct). Dedomtnou

ti oi topikkc metr seic thc PWV enai mh epembatiktc kai klinik  mesa diajtsimec, ef u-
brame mia mh epembatik mtjodo gia thn ekt-mhsh thc Z,, kai thc Cr grhsimopoi, ntac p-esh
mansttac, cfPWV kai karwtidoaktinik PWV kai efarm zwntac an lush palindr mhshc. H
insilico epik rwsh thc mej dou grhsimopoi, ntac 3,818 eikonik upoke-mena apod-dei uyhl
akr-beia gia tic ektim,menec timtc t so thc Z,, so kai thc Cr. Ta apoteltsmata sunhgo-
ro n sto gegon ¢ ti h paro sa mtjodoc endigetai na apoteltsei tna pol timo ergale-o
gia thn ekt-mhsh thc arthriak ¢ duskamy-ac, mei,nontac taut grona to k stoc kai thn
poluplok thta twn ufist menwn tegnik,n.

Sth suntgeia, parousi zoume mia mh epembatik mtjodo gia thn ekt-mhsh thc Cr ap mia
memonwmtnh kumatomorf arthriak ¢ p-eshc karwt-dac grhsimopoi, ntac tegnht neurwni-
k d-ktua. H protein menh mejodolog-a axiologe-tai axiopoi,ntac tna meg lo plhjusm
ugi,n enhl-kwn (n=2,256) ap th meltth tou Asklepios. Sugkekrimtna, parathre-tai uyhl
akr-beia stic ektim seic thc Ct, gegon ¢ pou upodeikn ei pwc mia tttoia prostggish ja



Per-lhyh

mporo se na prosftrei poll uposq menec tegnologikic efarmogtc. Tttoiec efarmogtc
Jamporo san na sumperil boun tegnolog-ec gr gorhc kai oikonomik c aimodunamik ¢ pa-
rakolo jhshc ap ton -dio to giatr , all kai efarmogtc pou enswmat,noun ant-stoigec
mej douc se Forhttc tegnolog-ec, pwc txupna rol gia  llec suskeutc.

Ttloc, en yei twn antikrou menwn klinik ,n kai peiramatik ,n stoige-wn sgetik me thn
ep-drash tou HR sthn arthriak duskamy-a kai ton upokat stato de-kth tou cfPWV, to
teleuta-o b ma aut c¢ thc treunac pragmate etai thn axiol ghsh kai posotikopo-hsh thc
ep-drashc tou HR sth mttrhsh thc cfPWV up elegq menec aimodunamiktc sunj kec, kai
idia-tera se sqgtsh me arthriak p-esh pou apotele- Lnan isqur kajoristik par gonta
thc arthriak ¢ duskamy-ac. B sei twn eurhm twn mac, sumperanoume ti oi meg lec dia-
kum nseic tou HR mpore- na tgoun klinik shmantik ep-drash sthn cfPWV kai, ra, h
di rjywsh thc mttrhshc thc PWV wc proc thn arthriak p-esh mpore- na krije- anagka-a
se tttoiec peript, seic.

En katakle-di, aut h diatrib de-gnei ti ta monttla Fusik ¢ kai h mhganik ekm jhsh
apotelo n pol tima ergale-a gia thn an ptuxh kai thn epik rwsh ntwn, mh epembatik ,n
algor-ymwn parakolo jhshc thc uge-ac. Ekeno pou ax-zei na shmeiwje- enai pwc ta er-
gale-a aut eis gwntai gia pr,th for sthn parakolo jhshc kardiaggeiak,n stoige-wn
kai partgoun shmantiktc dunat thtec wc proc th belt-wsh tou sugkekrimtnou tomta. Pio
eidik , oi epid seic twn algor-jmwn gia thn pr bleyh twn aimodunamik,n kai kardiak ,n
paramttrwn ap ta mh epembatik dedomtna upodhl,noun ti enai efikt na belti, soume
tic trtgousec tegnolog-ec parakolo jhshc twn kardiaggeiak ,n sumb ntwn, en, mei,no-
ntac taut grona thn poluplok thta kai to k stoc touc.

Lixeic-kleidi : mh epembatik parakolo jhsh, kentrik aimodunamik stoige-a, kardiak

sustaltik thta, aortik p-esh, kardiak paroq , telik sustolik elastik thta, arthria-
k summ rfwsh, aortik s njeth ant-stash, tag thtac palmiko k matoc, upologistik
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Chapter 1

Introduction

1.1 Motivation

Maintaining a healthy vascular state is the cornerstone of human longevity. Cardiac and
vascular diseases remain among the leading causes of hospitalization and morbidity in the
western world (approximately 18 million deaths per year, representing 30 % of all global
deaths) [1]. Cardiovascular diseases constitute a group of disorders of the heart and blood
vessels among which are coronary heart disease, cerebrovascular disease, and peripheral
arterial disease. Adverse conditions such as these are detrimental to patients as they increase
morbidity and mortality, and prolong hospital stay [  2; 3; 4]. In addition, adverse events have a
signi cantimpact on healthcare costs and resources.

Chronological age is a major risk factor for cardiovascular disease. While age-related arterial
damage occurs predominantly in later life, there is high inter-individual variability, with some
displaying early vascular ageing [ 5]. This has led to the development of the concept of vascular
age, which may be better linked to the prognosis of cardiovascular disease [ 6]. Whereas
chronological aging is related to the passage of time, vascular aging relates to the decline in
arterial function.

In a progressively aging world population, it is of utmost importance to de ne the biomarkers
that accurately re ect the state of vascular ageing in order to improve the detection and
assessment of cardiovascular disease. Clinical parameters directly measured in the heart or
at the root of the aorta are crucial for early detection of vascular age, diagnosis, prognosis,
treatment, and management of the disease. But despite their diagnostic importance, their
clinical use is severely hampered by their invasive nature, cost, or need for special equipment.
Therefore, there is an unmet need for reliable, convenient, non-invasive, and cost-ef cient
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predictive technologies to assist the clinician with cardiovascular monitoring.

The overall goal of this thesis is to establish biomedical predictive models for cardiovascular
monitoring and assessment in order to aid clinical decision-making for cardiovascular disease.
Our vision is to transform the clinical monitoring environment and offer solutions to facilitate
the acquisition of valuable but, until now, dif cult to obtain biomarkers. Precisely, this work
focuses on major cardiovascular biomarkers, including aortic systolic blood pressure, cardiac
output, end-systolic elastance, total arterial compliance, aortic characteristic impedance, and
arterial stiffness, given the wealth of evidence that they can capture age-related changes and
pathologies and predict clinical outcomes.

1.2 Cardiovascular monitoring

In recent years, cardiovascular risk assessment has been developed into a prominent area of
research and has risen to the forefront of ef cient management of patients at risk of develop-
ing cardiovascular disease. Monitoring of biomarkers for the vascular and cardiac function
is crucial for cardiovascular disease identi cation, treatment planning, and assessment of
therapy response.

Although many factors contribute to the incidence and progression of cardiovascular disease,
adverse outcomes are ultimately associated with a failure or ineffectiveness of the biomechan-
ical system to deliver oxygenated blood to organs and tissues. It is to be noted that the key
biomechanical properties of the heart and the circulatory system, including cardiac contrac-
tion, arterio-ventricular coupling, large artery stiffness, and microvasculature, in uence the
morphology of pressure and ow waves in blood vessels [7].

An arterial wave can be termed as a time-wise change in pressure or ow that propagates
along a blood vessel. Pressure and ow waveforms result from the superposition of waves
that pass by an arterial location, with each wave causing an increment or decrement in the
resulted waveform. Arterial waves of pressure and ow contain a wealth of information on
the cardiovascular system and their measurement has become the cornerstone of current
advancements in research and technology. Importantly, pressure and ow waveforms allow
for the derivation of numerous cardiovascular parameters, such as heart rate, systolic blood
pressure, cardiac output, peripheral resistance, arterial stiffness, respiration, and many more,
which can be informative of disease initiation or/and progression.

Pulse wave analysis has introduced a multitude of new invasive and non-invasive biomark-
ers which have been tested in order to determine their clinical utility in the strati cation

of cardiovascular risk. Several pulse wave analysis techniques rely solely on the pressure
wave, while others harness both the pressure and ow information. Circulating markers of
endothelial function and in ammation have been identi ed as useful markers in the diagnosis
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of disease, as well as disease monitoring, progression, and risk assessment [ 8; 9; 10]. In addi-
tion, technologies assessing structural and functional parameters have been evaluated with
regard to their clinical value in risk assessment [ 10]. However, less attention has been given to
other equally important parameters like total systemic compliance and aortic characteristic
impedance, which are major determinants of cardiac afterload and, in consequence, arterial
blood pressure [11].

Moreover, central hemodynamical quantities, such as cardiac output and central (aortic)
pressure, have been generally shown to be more powerful predictors of clinical outcomes than
corresponding measurements obtained in the peripheral arteries such as the radial, femoral or
brachial arteries [ 12; 13]. Critically ill or intensive care unit patients often require continuous
assessment of cardiac output for diagnostic purposes or for guiding therapeutic interventions
[14; 15; 16], whereas several studies have shown the pathophysiological importance of cen-
tral systolic blood pressure as the critical index for diagnosis and preventing cardiovascular
diseases [17; 18; 19].

Although a great number of the monitoring methods are currently established in the clinical
setting, their use is severely hampered by their invasive nature, cost, need for special equip-
ment and training, or inapplicability to sensitive age groups[  20]. In addition, the majority of
the existing techniques cannot be used outside the clinic rendering cardiovascular monitoring
unfeasible after hospital discharge.

Therefore, there is a demand for a new generation of non-invasive methods and corresponding
devices that will provide clinical insights on cardiovascular health, inside and outside of the

clinical setting. Such efforts should focus on non-invasive technologies which have the
potential to transform cardiovascular assessment enabling monitoring feasible outside the
hospital, reducing hospitalization periods, and essentially decreasing the staff-to-patient ratio

[21; 22].

In the next section, we brie y review current techniques for measuring blood pressure and
ow/velocity waveforms. Subsequently, we cover some of the most well-established tech-
niques that use the measured pressure or/and ow waves for estimating key cardiovascular
parameters. The section concludes with some considerations with respect to the effect of
cardiac frequency on the assessment of arterial stiffness.

Measurement of blood pressure

The gold-standard measurement for acquiring the blood pressure waveform is invasive, and
it is performed either with a micromanometer-tipped catheter or uid- lled catheter and
external manometer [ 7; 23]. Micromanometer-tipped catheters have an excellent frequency
response and provide a high delity waveform, but they are expensive. Fluid- lled catheter
con gurations are less expensive; however, their performance can be poor and should be
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tested to ensure that the waveform is faithfully captured [ 7]. A common drawback of such
systems pertains to damping which can often occur in the case of an improperly ushed
catheter. Importantly, the clinical use of these catheter-based systems is severely limited in the
routine examination due to its invasive nature and its associated complications of bleeding,
thrombosis, and infection.

Applanation tonometry and sphygmomanometry offer non-invasive alternatives for mea-
suring the arterial blood pressure waveform. Applanation tonometry involves slightly com-
pressing against bone over a super cial artery with a pen-like pressure transducer (Figure 1.1)
[24; 25]. Although the technique is relatively easy to learn, it requires some experience from
the operator for attaining the correct sensor position during the measurement. Applanation
tonometry is commonly applied on the radial artery, as well as in other locations, including
carotid or femoral arteries, but with less adequate performance [ 7]. The acquired signal is
typically calibrated using the conventional brachial cuff pressures, which, however, may in-
volve errors due to cuff pressure inaccuracies and pulse ampli cation from the brachial site

to the radial site [ 26; 27]. A sphygmomanometer is a device that composes of an in atable
rubber cuff, which is wrapped around the arm (brachial artery) (Figure 1.2). A bulb in ates
the cuff and a valve releases pressure. Currently, digital sphygmomanometers are automated,
providing blood pressure readings without needing someone to operate the device. However,
convenience comes at the expense of accuracy in the pressure measurement. The newest tech-
nologies have introduced cuff-based devices for other arterial locations, such as carotid and
femoral arteries (e.g. SphygmoCor EXCEL). While being fully non-invasive and cost-ef cient, it
should be noted that both applanation tonometry and sphygmomanometry cannot be applied

to every arterial location, such as locations which are covered by thick layers of tissue or bones
(e.g. the aorta).

Measurement of blood owi/velocity

The gold-standard for invasive ow measurement is perivascular ow probes which use
transit-time ultrasound methods. In humans, the use of ow probe is limited to the clinical
assessment of bypass grafts [28], whereas invasive arterial wave analysis is usually performed
using blood velocity measurements from Doppler ow wires which measure velocity, rather
than ow (e.g. Philips Volcano ComboWire) [29].

Phase-contrast magnetic resonance imaging (PC-MRI) is considered as the gold-standard
non-invasive method for measuring ow. PC-MRI involves the motion of magnetic spins
through a magnetic eld gradient which enables velocity encoding in a speci ed direction
[30]. Arterial ow is obtained by setting a two-dimensional acquisition plane through the
selected vessel cross-section, encoding velocity through-plane, and integrating velocities over
the cross-section [Figure 1.3 (left pannel)]. The signal-to-noise ratio (SNR) is determined by
the encoding velocity (VENC), which must be set properly in order to avoid aliasing (SNR is
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Figure 1.1 — Schematic representation of the basic principle of applanation tonometry.

set too low) or insuf cient contrast (SNR is set too high) [  29]. Despite the advantages offered
by the method, PC-MRI is expensive and most suited to imaging central vessels.

Doppler ultrasound is less expensive and can be more easily employed for imaging peripheral
arteries. Pulsed Doppler relies on the acquisition of a velocity spectrum over time inside a
sample volume that is positioned by the operator, typically in the center of the vessel [Figure
1.3 (right pannel)]. The intensities of pixels in each vertical line of the spectrum essentially
represent a histogram of velocities within the sample volume at the given time instance.
Therefore, the spectrum can indicate whether "the velocity pro le is relatively at (harrow
spectrum) or contains a range of velocities due to a more parabolic, skewed, or turbulent
pro le (broad-spectrum)"[ 29]. Potential problems with this technique include the assumption
of a circular left ventricular out ow tract (LVOT) and the requirement of parallel alignment of
the pulsed Doppler signal.

Having provided an overview of techniques for measuring pressure and ow/velocity wave-

forms, the following subsections review the most commonly applied techniques that harness
the measured pressure and/or ow waves for acquiring some major cardiovascular parameters.
In particular, this section presents the current state of the art for the following cardiovascular

biomarkers: aortic systolic blood pressure, cardiac output, end-systolic elastance, total arterial
compliance, and aortic characteristic impedance.
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Figure 1.2 — Conventional automated sphygmomanometer.

1.2.1 Aortic systolic blood pressure
De nition and clinical relevance

Arterial pressure varies continuously over the cardiac cycle, but in clinical practice, only
systolic and diastolic pressures are routinely reported. These are usually measured in the
brachial artery using cuff sphygmomanometry. However, the shape of the pressure waveform
changes continuously throughout the arterial tree. Although diastolic and mean arterial
pressures are relatively constant, systolic pressure may be up to 40 mmHg higher in the
brachial artery than in the aorta|[ 31; 32; 33]. Aortic blood pressure is of great importance, as it
represents the direct pressure load faced by the ejecting left ventricle. Aortic systolic blood
pressure (aSBP) represents the cardiac and cerebral burden more directly than of ce systolic
blood pressure. Overall, it has been shown to be an important biomarker for the diagnosis
and prevention of cardiovascular disease [17].

State of the art

Direct measurement of aSBP is done via catheterization, which constitutes the clinical ref-
erence method for blood pressure monitoring in high-risk surgical patients and critically ill
patients. However, invasive monitoring is not feasible for routine examination or continuous
monitoring. This inherent limitation has led to the development of numerous methods for
deriving central aortic pressure waveform from a peripheral pressure wave via generalized
transfer functions [ 34; 35; 36], or parameter-estimation techniques from pooled clinical data

6
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Figure 1.3 — Imaging methods for measuring cross-sectional area or diameter waveforms and
ow or mean velocity waveforms. Taken from [29].

[37; 38]. The generalized transfer function constitutes a popular technique for deriving aortic
pressure from non-invasively measured peripheral pressure waves, and is employed in several
commercial devices. In essence, a transfer function is computed from the ratio of the Fourier
transform of the peripheral pressure wave, P, to the Fourier transform of the aortic pressure
wave, P,o, in the frequency domain. For every harmonic, the amplitude of the transfer func-
tion is de ned as the ratio of amplitudes of the peripheral and aortic pressure wave and the
phase of the transfer function as the difference in the phase between the peripheral and aortic
pressure. The generalized transfer function is derived from the average of a (large) number
of transfer functions measured in a group of human subjects. Importantly, these techniques
rely on simpli ed assumptions which reduce accuracy in predictions, whereas they do not
account for the speci c arterial tree properties of the subject under consideration [39; 40].

1.2.2 Cardiac output
De nition and clinical relevance

Cardiac output (CO) is de ned as the volume of blood expelled by the heart per unit time. For
a healthy adult at rest, CO is approximately 5 liters per minute (L/min). CO, being the main
determinant of oxygen transport to the different body regions, must be adapted to the needs
of the body at all times; CO exceeds 30 L/min during intense exercise or it can be less than 2
L/min for a patient in circulatory shock. Critically ill patients generally have abnormal oxygen
demands as a result of the underlying disease triggering process. Thus, CO monitoring is
essential for patient management in the operating room and the intensive care unit (ICU). The
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dynamic range suggests that CO is a major indicator of one's hemodynamic state. As a result,
the determination of CO in a non-invasive, accurate, and reliable way is of utmost importance.

State of the art

The most direct and accurate way of measuring CO is to use a owmeter, which, however, is
impractical to perform in humans only for diagnostic purposes. Other methods for acquiring
CO include invasive approaches, such as the Fick method and the thermodilution method.
The Fick method utilizes a pulmonary artery catheter to measure oxygen consumption by
the lungs and the arteriovenous difference in oxygen concentration. CO is calculated by
dividing the oxygen consumption of the lungs by the arteriovenous difference in oxygen. The
thermodilution method uses a pulmonary artery catheter having a thermistor to measure a
decrease in temperature that results from an injection of a bolus of cold uid into the right
atrium. The Stewart-Hamilton conservation of heat equation is then used to compute CO[  41].
Although the Fick method and thermodilution are both clinically feasible, they are limited in
use due to their invasive nature, as well as their association with increased risk and morbidity
in critically ill patients [42].

Other methods of measuring CO include minimally invasive methods such as pulse con-
tour analysis and oesophageal Doppler monitoring [  43]. Pulse contour analysis requires the
insertion of an arterial catheter at an arterial location, allowing a continuous pulse wave-
form contour analysis to be performed. Several methods for obtaining CO from a peripheral
pressure pulse have been reported in the literature [ 44; 45; 46]. The oesophageal Doppler
technique measures blood ow velocity in the descending aorta utilizing a Doppler trans-
ducer placed at the tip of a exible probe. The probe is introduced into the oesophagus

of sedated, mechanically ventilated patients and then rotated so the transducer faces the
descending aorta and a characteristic aortic velocity signal is obtained. The CO is calculated
as the heart rate multiplied by the stroke volume, where the stroke volume is calculated as

a function of the ow velocity and the cross-sectional area of the aorta. The convenience of
previously known minimally invasive methods of measuring CO is limited by their invasive
nature (catheterization is required), high cost, and the need for specialized equipment or
training.

Finally, the most commonly used non-invasive methods for CO are based on pulse wave
analysis from the cross-sectional area and blood velocities in the LVOT [  47] or directly from
MRI-derived aortic ow-time signals[ 48]. PC-MRI has been considered to be the most precise
non-invasive technique for measuring CO[ 30]. Doppler ultrasound and MRI, while completely
non-invasive and reasonably accurate, require the allocation of expensive resources. Impor-
tantly, none of the aforementioned methods are practical for continuous bedside monitoring

of a patient's CO or routine examination.
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1.2.3 End-systolic elastance
De nition and clinical relevance

Evaluation of systolic left ventricular (LV) performance is of high importance in physiological
investigation and clinical practice. An ideal parameter of LV contractility should assess the
inotropic state independently of preload, afterload, heart rate, and LV remodelling.

The concept of end-systolic elastance (E ¢g), rstintroduced by Suga and Sagawa in 1974 [ 49],
has become widely accepted. The E¢g, i.e. the slope of the end-systolic pressure-volume
relationship (ESPVR), constitutes a pivotal determinant of LV systolic performance and is
now considered an established index of contractility [ 49; 50; 51]. Modelling of time-varying
elastance can be described using the relationship between the LV pressure, P v, and volume,
Vv, hamely:

Puv (1)

E(t)AEVLv(t)i Vg’

(1.1)

where V4 indicates the dead volume of the left ventricle [49; 51].

Being an index of the contractility and systolic stiffness of the left ventricle, E  ¢sis affected by
the inotropic state of the myocardium and, in the long-term, by geometric remodelling and
biophysical myocardial tissue properties (which in turn depend on the stiffness of myocardial
cells, brosis, and other factors) [ 52; 53]. The effective matching between E ¢sand vascular load
leads to optimal mechanical function. Age-related arterial stiffening[  54] and hypertension
[55] are related to the stiffening of the left ventricle, which is accompanied by an increased
value of E¢s. It has also been shown that anti-hypertensive treatmentreduces E  ¢sand enhances
arterial-ventricular coupling [ 56]. Furthermore, the intercept of the ESPVR (namely V 4) has
been linked with prognosis in chronic heart failure [57].

State of the art

Derivation of E ¢srequires the measurement of multiple invasive pressure-volume loops under
various loading conditions [ 59] which limits its use in the routine clinical setting. Echocardio-
graphy is commonly used in the evaluation of LV systolic function and thus in the evaluation

of E¢s. More recently, new techniques such as tissue Doppler imaging, three-dimensional
evaluation, and speckle tracking echocardiography have been proposed for more precisely
quantifying LV systolic function[ 60; 61; 62; 63]. Yet, these methods are technically complex,
time-consuming, and user-dependent.

Research has been directed towards the development of methods for deriving E  ¢sfrom non-
invasive single-beat measurements [ 64; 65]. First, Chen et al. [ 64] proposed a simple equation
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Figure 1.4 — Concept of left ventricular elastance: (A) A heart cycle is presented as a ven-
tricular pressure-volume graph. Instantaneous elastance, end-systolic elastance (E ¢s) and
end-diastolic elastance (E ¢q) are also presented. Eqsintersects the left ventricular (LV) volume
axis at the dead volume abscissa (V). (B) Normalized time varying elastance (E y, E°N) asa
function of normalized time. EDV: end-diastolic volume, ESV: end systolic volume,  E(t): time
varying elastance, Psyg systolic pressure. Adapted from [58].

for estimating E ¢sfrom arm cuff pressure, stroke volume, and ejection fraction. Their proposed
method incorporates an estimated normalized ventricular elastance at arterial end-diastole
which was derived from regression on previously recorded studies. Moreover, Shishido et al.
[65] suggested the estimation of E ¢sfrom pressure values, systolic time intervals, and stroke
volume. Their analysis relies on the approximation of the time-varying elastance curve by
two linear functions corresponding to the isovolumic contraction phase and the ejection
phase. The slope ratio of these functions is calculated and used for estimating E  ¢s by the
employment of a simple equation. This methodology evidences the utility of systolic time
intervals on the estimation of E ¢, while Reant et al. have also emphasized the importance of
leveraging the valuable information of systolic time intervals for assessing LV function|[  66].
Finally, other clinical indices for evaluating the contractile state of the heart include the use

of simple equations involving additional quantities, such as arterial elastance, end-systolic
volume, or ejection fraction[ 67]. However, the calculation of ejection fraction as assessed by
echocardiography can be rather sensitive to errors and derived approximately. Removal (and
replacement) of ejection fraction from the calculation equation could potentially reduce the
error imposed by such an approximation.

1.2.4 Total arterial compliance

De nition and clinical relevance

The total arterial compliance (C 7) is a hiomechanical property of the arterial tree with great
physiological and pathological importance[ 68;69; 70]. Cy and peripheral resistance constitute
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a major part of the arterial load on the heart[ 11]. Arterial compliance expresses the ability of
the arterial system to store blood during systole without excessive pressure rise (Figure 1.5)
and in uences central blood pressure [ 47]and stroke volume [ 71]. Ct is becoming a promising
parameter for evaluating the relationship between structural and functional changes in the
vascular system with respect to its elasticity [ 72; 73]. Alterations in arterial compliance are
associated with various physiological (aging) [ 74] or pathological (hypertension) conditions
[75], which cannot be necessarily assessed by current biomarkers. Importantly, C 1 has been
found to be superior over traditional evaluation techniques including pulse pressure and
echocardiography [ 73; 75]. In addition, other studies have shown that C 1 was proven capable
of differentiating among diseased, elderly, and healthy individuals [  75; 76; 74]. In view of the
emerging evidence on the importance of C 1 [72], the development of an accurate and simple
method for its estimation may be valuable.

Figure 1.5 — Graphical representation of the concept of compliance being the ability of the
arterial walls to distend, dA, under a given increase in transmural pressure, dP.

State of the art

The direct, non-invasive measurement of the C T is not feasible due to two inherent dif culties:
(i) the absence of no simple way to compute the changes in blood volume in the systemic

arterial tree, and (ii) the strong pressure-dependency of arterial compliance that does not

allow for the derivation of a single value that can characterize arterial compliance over the

whole physiological pressure range. Some direct but traumatic methods for estimating arterial

compliance in animals have been reported in the literature [77].

To overcome these limitations, several methods have been proposed for indirect estimation
of Ct [78; 79; 80; 81]. Most commonly, these methods require simultaneous recordings of
the invasive aortic pressure and ow waves or cardiac output. Still, the complexity of these
methods has limited the assessment of C 1 in everyday clinical practice, while other surrogates
of local or regional arterial stiffness [82; 83] have been used more often.

Some well-established methods for estimating C 1 include the diastolic decay method, the
area method, and the pulse pressure method [ 81; 78]. The decay time method is based on the

11
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two-element Windkessel model of systemic circulation. Its principle is that during diastole
there is no in ow from the heart, and thus, the decrease of aortic pressure, is characterized by
the decay time. This decay can be tted mono-exponentially to any portion of the diastole to
yield the characteristic time or time constant, whichis RC 1. The Ct can be then calculated for
a known value of peripheral resistance (R).

The area method was introduced by Randall [ 84]. It essentially represents an integral variation
of the exponential decay method. The advantage is that no exponential t is necessary.
Compliance is calculated from

Z

2
RCr £ Pdx/(P1i Py), (1.2)
ty

where P; and P> are diastolic pressure at time pointst ; and to, respectively.

Moreover, the pulse pressure method (PPM) [ 80] is based on the fact that the modulus of the
input impedance of the arterial system is represented very well by the two-element Windkessel
model for the low frequencies (1 5! to 5" harmonic). Therefore, the pulse pressure will be
similar in the true arterial system and the two-element Windkessel model. The PPM uses an
iterative process that yields the value of C 7 that gives the best t between the measured pulse
pressure and the pulse pressure predicted by the two-element Windkessels model.

1.2.5 Aortic characteristic impedance
De nition and clinical relevance

The impedance can be de ned as the ratio of the pulsatile components of pressure and ow
(Figure 1.6). The impedance computed in the ascending aorta is termed input impedance
(Zin) and is a global systemic parameter, which encompasses all effects of wave travel and
re ections of all contributions of the distal parts of the arterial tree. The aortic Z in constitutes
the afterload of the heart. In the special case that the system is free of re ections, Z i, reduces
to Z40. The Z,, is a cardinal parameter related to aortic stiffness and geometry. The prior
art has included invasive [ 85; 86; 87; 88; 89; 90; 91; 92; 93; 94] and non-invasive [ 47; 93; 95]
techniques for estimating Z 5, in the frequency domain, whereby Z 5, is approximated as the
average Z, in the mid-to-high frequency range, the underlying assumption being that in
those frequencies the effects of re ected waves are minimal. Other approaches have proposed
time-domain calculations of the Z 5, based on the early systolic part of pressure and ow
waveforms [91; 94; 96; 97; 98], when re ections are considered negligible. All of the above
frequency and time domain methods require simultaneous recordings of pressure and ow in

the aorta, which are invasive (pressure) or inconvenient and expensive ( ow).

12
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Figure 1.6 — Graphical representation of the magnitude and phase of arterial input impedance.
Taken from [99].

State of the art

Existing non-invasive methods for estimating Z 5, rely on pressure, ow, and geometry mea-
surements. Following the area compliance and geometry method, the characteristic impedance
at the root of the ascending aorta is calculated analytically using the area compliance and the
geometry of the ascending aorta, namely:

s

%1
- 1.3)
ACa

where %:is the blood density equal to 1050 kg/m?3, Ais the cross-sectional area of the ascending
aorta, and Cp is the area compliance of the ascending aorta, respectively. Another method
relies on the wave speed and geometry, and calculate Z 4 as follows:

Ye
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with Y2blood density, ¢ the local pulse wave velocity, and A the luminal cross-sectional area.

Another commonly used approach is the frequency-based method which computes the charac-
teristic impedance of large vessels by averaging the modulus of the input impedance between
the fourth and tenth harmonic. The Z 5, can also be determined by taking the slopes of the
aortic pressure and ow waves during the early part of the ejection period, ¢Pand¢Q,and

calculating their ratio:
¢tP¢Q

e 15
¢t ¢t (15

ao
Both methods rely on the fact that characteristic impedance is a pressure- ow relation in the
absence of re ections (as re ections are small in early systole and at high frequencies).

Finally, some simpli ed formulas have been introduced for estimating Z ao- Thetime-derivative
peaks method suggests the following:

0
I:)max

Zao /E—v
QRhax

(1.6)

where P2 . and QY ., are the maximum values of the pressure and ow time derivatives,
respectively. Finally, the peak ow method estimates Z 5, as follows:

P -aDBP
Zao /CE—( Qmax ), a.7)
Qmax

where aDBP is the aortic DBP, Q max is the maximum ow value, and P gmay is the aortic
pressure magnitude at the maximum ow value [91].

The use of all aforementioned methods is hampered by the need for either invasive or incon-
venient and expensive methods to access simultaneous recordings of aortic pressure and ow,
wall thickness, and cross-sectional area.

1.2.6 Arterial stiffness

The beating heart is the powerhouse of the cardiovascular system. With each heartbeat, the
vasculature dilates to accommodate the additional blood volume that is ejected from the
ventricles into the aorta and the pulmonary artery. The increase in pressure associated with
vascular dilation is determined by the tension in the arterial wall, which in turn is determined

by the properties affecting the distensibility of the vessel [ 100]. The proximal pressure pulse
generated by ventricular ejection travels across the vasculature, at a velocity determined by
arterial geometry and mechanical properties, but also by blood pressure and vascular tone.

14
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Pulse wave velocity (PWV), de ned as the propagation speed of the pulse wave through the
circulatory system, is gaining increasing interest in the clinical assessment of arterial stiffness
[101]. This is mainly attributed to a huge body of clinical evidence that has recognized PWV
being an independent predictor of cardiovascular and all-cause mortality as well as a pivotal
factor on the prognosis of hypertension [ 101; 102; 103; 104]. Measurement of carotid-femoral
PWV (cfPWV) is considered as the gold-standard non-invasive method for the assessment of
aortic stiffness [ 101], and can be readily performed by several non-invasive techniques and
devices. Its acquisition requires the distance between the two arterial sites and the time lag
between the two pulses (as assessed via the foot-to-foot methods) [ 105], as illustrated in Figure
1.7.

Figure 1.7 — Conventional foot-to-foot computation of the carotid-femoral pulse wave velocity
(PWV). ¢t: the pulse transition time between the two arterial sites, L: pulse wave travel
distance between the two arterial sites.

An increased variation in sequential cfPWV measurements may be often observed [ 106], due
to inherent physiological vascular and hemodynamic variations or/and measurement errors.
Although age and blood pressure are two well-established determinants of PWYV, the in uence

of heart rate (HR) on PWV remains controversial with con icting results being observed in
both acute and epidemiological studies [107].

Cross-sectional population studies have demonstrated either no signi cant correlation | 108]
or a positive correlation between cfPWV and resting HR [ 109; 110]. Albaladejo et al. [ 108]
reported that there is no signi cant rise in cfPWV when HR is increased. On the contrary,
Lantelme et al. [ 110] demonstrated that HR is an important factor of the intra-patient cfPWV
changes in the elderly. Nevertheless, those studies have investigated the potential effect of
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HR on cfPWV without isolating the effect of the concurrent increase in blood pressure with
increasing HR. Arterial stiffness is known to increase with increasing blood pressure [ 111].
In particular, foot-to-foot cfPWV has been theoretically and empirically shown to vary with
diastolic blood pressure [7; 112; 113].

In addition, results from existing acute experimental studies have been also inconclusive
[120]. Further to the lack of consensus on the effects of HR on PWYV, the possible mechanisms
contributing to observed PWV changes with HR need to be fully elucidated; yet, many in-
vestigators have attributed HR-related changes in arterial stiffness to the viscoelasticity of
the arterial wall. With elevated HR being associated with hypertension as well as being an
independent prognostic factor of cardiovascular disease, the interaction between HR and PWV
continues to be relevant in assessing cardiovascular risk.

The aforementioned evidence concludes that it is critical to investigate more thoroughly the
blood pressure-independent cfPWV-HR relation; especially, now, that the clinical use of cfPWV
is increasing [114; 115; 116].

1.3 Numerical models of the cardiovascular system

Models of the cardiovascular system aim to disentangle the functioning of the cardiovascular

system via the mathematical analysis and computational simulations of pulsatile hemody-

namics (i.e. the dynamics of pulsatile blood ow). Cardiovascular models can be used to

understand the physiological basis underlying measured outcomes, predict the effect of vascu-
lar ageing and pathophysiology on cardiovascular properties, and study the effect of treatment

and interventions to address vascular ageing.

There exist three main modelling approaches: three-dimensional (3-D), one-dimensional
(1-D), and zero-dimensional (0-D) models. They can all describe time-varying blood pressure
and ow in the cardiovascular system, but with a different degree of precision in space. More
speci cally, 3-D models consider changes in pressure and ow in the three-dimensional space,
1-D models account for the variation of pressure and ow only along the axial direction of the
arteries, and 0-D models are space-independent. The choice of dimensionality in modelling
the cardiovasculature is dictated by the scope and the precision required in the performed
study.

Lumped parameter (0-D) models involve the assumption of uniform distributions of pressure,

ow, and volume within any compartment of the model (vessel or part of vessel) at any instant

in time, while in higher dimensional models these parameters can vary spatially[ 117]. The
Windkessel models [ 118] offer an overall description of the arterial network, but they do not
allow for studying pressure and ow wave propagation phenomena in the arterial tree. On the
other hand, such an aim can be ful lled by distributed models which take into account the
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arterial geometry. The principle behind distributed models is that they discretize the arterial
vasculature in small segments with known mechanical and geometrical properties. The wave
transmission characteristics of each arterial segment can be described using Womersley's
oscillatory ow theory [119].

In distributed models of the arterial tree, the 1-D form of the blood ow equations describing
the conservation of mass and momentum is given as:

@A@/Eo (1.8)
@ @
@;@°%A 1 @ ., ¢

where A is the vessel cross-sectional area and ¢ is wall shear stress, usually estimated using
Poiseuille’s law. The two equations above have three variables: pressure P, ow Q, and area
A. Therefore a constitutive law relating cross-sectional area, A, to pressure, P, is needed to
form a system of three equations with three unknowns, which can be then easily solved using
different numerical techniques (e.g. nite differences).

Distributed 1-D models of the arterial tree have attracted great interest due to the increasing
impact of cardiovascular disease. They have provided a valuable alternative for simulating
wave propagation either in parts or the entire human arterial network, under various physio-
logical or pathological conditions [ 120; 121; 122; 58; 123] which are dif cult to study in vivo.
These models are fairly accurate and compare well to human measurements of ow and
pressure. Moreover, they allow for the preliminary evaluation of predictive models across a
wide range of cardiovascular parameters [ 117] in a quick and cost-ef cient way, while their
results can be rather informative of the design of clinical studies [124; 125].

Previous works have introduced a plethora of 1-D models with substantial variations in many
aspects such as the incorporation (or not) of a heart left ventricular (LV) model (essential for
grasping ventricular-vascular coupling effects), inclusion (or not) of cerebral and/or coronary
circulation, formulations for the viscoelasticity of the aortic wall, approximations for wall
shear stress and convective acceleration term and boundary conditions at terminal sites[  58].

In this thesis, we used the model previously developed and validated by Reymond et al.
[58; 127]. This valuable computational tool permitted the development and validation of
monitoring methods designed in this thesis, by providing a controlled in silico environment
where the actual entire hemodynamical pro le is known. In addition, it allowed us to generate
large datasets which are particularly useful for the training and testing of machine learning
algorithms.
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Figure 1.8 — Evolution of 1-D arterial tree models over the passage of time: (A) Westerhof's
model in 1969 [126], (B) Reymond's model in 2009 [58], (C) Mynard's model in 2015 [123].

1.4 Machine learning framework

1.4.1 Supervised learning

In clinical practice, diagnosis of disease or pathology is performed by means of tests, exami-
nations or other procedures that can be applied rapidly and easily to the target population.
Sensu lato, these tests can be formulated as a form of mapping f: X! Y, where X is an input
information space and Y is the output of the test. Importantly, when a clinician conducts an
examination, he/she uses the available or measured data and performs the mapping based on
the knowledge that he/she has acquired from domain expertise and experience. This process
allows him/her for reaching a clinical decision regarding the medical state of the subject
under consideration. Nevertheless, in the majority of medical cases, determining the mapping
function f for achieving effective diagnosis is not a trivial task.

Recent advancements in computer systems and measurement techniques have allowed for
the acquisition and analysis of high- delity data. In addition, the increase in computational
power, storage, memory, and the generation of staggering volumes of data have permitted
computers to perform a wide-range of complex tasks with impressive accuracy [ 128]. All the
above have created an area full of promise for the development of novel biomedical tools
which can assist clinical decision-making.

Supervised learning refers to methods in which a model is trained on a range of inputs (or
features) which are associated with a known outcome. Once the model is successfully trained,
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it is capable of making outcome predictions when applied to new data. Predictions which
are made by models trained using supervised learning can be either discrete (e.g. positive
or negative, benign or malignant) or continuous (e.g. a score from 0 to 100). The supervised
learning techniques that yield a discrete prediction are known as classi cation techniques,
whereas those techniques that predict a continuous outcome are called regression techniques.

The methods developed in this thesis employ regression models. In regression analysis, we
assume a training dataset of N examples (X 1, y1), ..., (Xn, YNn). We consider some particular
regression problems for which we need to relate some speci ¢ parameters (input features) to

a clinical continuous variable (output). A loss function L(  V, y), that measures the discrepancy
between the model predictions [namely y; = f (x;)] and the actual outcome instance ( y;) is
selected. The most common loss function in a regression setting is the (squared) difference
between the target and the predicted value, namely L( ¥, y)=(yi Y)>.

In supervised learning, the aimisto ndthe functionf @ that minimizes the expected loss over
the data generating distribution D. Therefore, the learned mapping allows for establishing

a system which can be used to map de novo elements of X to Y. The expected loss can be
approximated by averaging the loss over the available training data:

1 X
f Yaargmin N L(f(xi),Yi) (1.10)

The performance of a regression model is usually assessed using either cross-validation
or external validation methods. Cross-validation, or k-fold cross-validation, refers to the
validation technique where the dataset is partitioned in k subsets. The k-1 subsets are used
for the training and the remaining left-out subset is used for the testing[  129]. This technique
helps overcome issues, such as selection bias or over tting with the model. However, the
model performance needs to be tested for heterogeneity, which is followed through with
external validation. The use of independent datasets allows proper assessment of whether a
model can be generalised to populations outside of the study data [130].

Learning curves are a well-established diagnostic tool for regression methods that learn from
a training dataset incrementally. The model can be evaluated on the training dataset and on
a hold-out validation dataset after each update during training and plots of the measured
performance can created to show learning curves. Reviewing learning curves of models during
training can be used to diagnose problems with learning, such as an under t or over t model,
as well as whether the training and validation datasets are suitably representative.

In regression problems, the performance of machine learning methods is often assessed using
the correlation between estimated and reference parameter values. The limits of agreement
technique (also known as Bland-Altman analysis [ 131]) is also used. This technique quanti es
the accuracy of the predictive model in comparison to the reference method using the bias
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(mean error) and limits of agreement (twice the standard deviation of the errors). The limits
of agreement technique is preferred for assessing agreement between two methods since
correlation coef cients can be misleading in this context. Additional measures include the
root mean square error (RMSE), normalized RMSE, mean absolute error (MAE) or others.

This thesis uses a multitude of regression pipelines (different combinations of regression
models and features) as well as evaluation metrics. The detailed description of the machine
learning methods can be found in the literature [132; 133; 134; 135; 136; 137; 138].

1.4.2 Application in cardiovascular medicine

The booming of data has led to efforts of developing new biomedical tools using arti cial
intelligence. Arti cial intelligence plays a major role in the revolution in medicine by providing
systems with the capacity to learn and improve from experience without explicit human
intercession. In addition, recent technological advances have spurred an abundance of “big
data’ in healthcare [ 139]. Machine learning algorithms, including deep learning algorithms
[140], are being used increasingly due to their exible nature in evaluating large datasets
without the need for speci ed assumptions.

A large amount of biomedical and clinical data is routinely collected which is suitable for
training machine learning models to assess health in humans. In relation to pathophysiology,
the advancement in measuring and imaging techniques has encouraged the employment
of machine learning for estimating clinical pathophysiological indices and validating their
results. This promising area of research could not exclude applications on cardiovascular
health [ 141; 142; 143; 144]. A multitude of previous examples exists in the literature, including
applications of multiple linear regression for estimating PWV from age and routine blood
pressure measurements [ 145; 146], and neural networks to estimate aortic blood pressure
from radial blood pressure [142].

Arterial pulse wave signals can be acquired in the clinical setting using, for instance, applana-
tion tonometry and ultrasound systems. Concurrently, signals such as the electrocardiogram
(ECG) and photoplethysmogram (PPG) can be obtained using consumer devices such as
smartphones and tness trackers. In addition, images of the cardiovascular system and af-
fected organs can be acquired by ultrasound, MRI, and computed tomography, resulting in
improved visual assessment of functional and structural changes associated with disease and
pathology. Importantly, the complexity of the new, available data often renders traditional
statistical methods insuf cient to ef ciently develop predictive tools to assist clinical decision-
making. In contrast, machine learning offers promise for developing methods to improve and
automate cardiovascular health assessment, and to guide therapeutic interventions.

Moreover, machine learning-based techniques for assessing vascular age have the potential
to improve the accessibility of vascular age assessment. Currently, blood pressure is the only
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biomarker of vascular age that is routinely measured in primary care. A notable number
of issues limit the use of other markers of vascular ageing [ 147]. Machine learning-based
techniques are now being developed which could be used in primary care with the minimal
additional workload, such as using routinely collected clinical data to estimate central hemo-
dynamical quantities and cardiac indices. Thus, machine learning-based techniques have
potential to improve the accessibility of vascular age assessment (Figure 1.9).

This thesis emphasizes on the clinical utility of machine learning for assessing vascular ageing
via its application for estimating key cardiovascular parameters.

Figure 1.9 — Machine learning applications in the assessment of vascular ageing. Adapted from
[148].

1.5 Thesis aims

The overall objective of this thesis was to develop and validate original non-invasive methods
for the estimation of cardiovascular biomarkers by leveraging the simulation capacity of a
physics-based model of the cardiovascular system and arti cial intelligence. The research
presented in this thesis aims to achieve the following:

« To develop novel monitoring tools for central hemodynamics (i.e. aSBP and CO) and
cardiac contractility (i.e. LV E ¢g) using easily obtained non-invasive measurements.
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