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Sommario

La World Health Organization (WHO) definisce come prematuri quei
bambini nati prima della 37% settimana, calcolata come tempo trascorso dal
primo giorno dell’ultimo ciclo mestruale. La prematurita € una particolare
condizione del neonato, nella quale molti sistemi fisiologici che hanno iniziato a
svilupparsi durante la crescita del feto, necessitano ancora di arrivare a una
completa maturazione. Percid, essa pud essere vista come una condizione
intermedia tra lo stato fetale e quello neonatale.

Questo studio si riferisce a un dataset di bambini prematuri, per i quali si &
ritenuto di interesse studiare la regolazione cardio-vascolare in modo
approfondito. Per fare questo & importante considerare la struttura del sistema
cardiovascolare e in particolare della circolazione, sia nel feto sia nel neonato,
evidenziando le differenze e le peculiarita di ognuno.

Un altro tema d’interesse e rappresentato dai meccanismi di controllo
della gittata cardiaca, trai quali rientrano: il controllo nervoso, |'azione di
chemorecettori e i barocettori, la regolazione umorale e la regolazione del
volume sanguigno. Particolare attenzione ¢ stata dedicata lo studio del controllo
nervoso, poiché direttamente correlato all’'obiettivo della nostra tesi. Si e’
trattato infatti di individuare e classificare stati diversi che caratterizzano il
neonato prematuro per studiare il comportamento e individuare parametri che
aiutino a classificare stati patologici e/o di rischio.

Tra i diversi meccanismi fisiologici, i barocettori agiscono come sensori

nella regolazione dell’lomeostasi della pressione arteriosa media (PAM),
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regolando continuamente la pressione nell’arco aortico e nel seno carotideo. |
chemorecettori invece, sia nel sistema nervoso centrale sia periferico, esercitano
principalmente un’azione di regolazione della respirazione, ma sono anche
importanti in alcuni meccanismi di controllo della circolazione, in particolare
nella risposta cardiovascolare all’ipossia.

L'interazione di barocettori e chemorecettori, a differenza della situazione
dell’adulto, nella condizione fetale non ¢ stata ancora pienamente compresa.

Anche la regolazione umorale & mediata da diversi meccanismi, tra cui
I'azione di epinefrina e norepinefrina, capaci di modificare I'attivita cardiaca,
inducendo un aumento della frequenza di battito, della forza di contrazione e
della pressione sanguigna arteriosa.

L'ultimo meccanismo da considerare ¢ il controllo del volume sanguigno:
negli adulti, quando la pressione sanguigna & elevata per |'eccesso di volume di
sangue, parte del fluido si sposta dai capillari allo spazio interstiziale. Il ruolo di
guesto meccanismo nella circolazione fetale & ancora oggetto di studio.

Da tutto questo appare evidente che il Sistema Nervoso Centrale (SNC)
gioca un ruolo cruciale nella raccolta ed elaborazione delle informazioni e nel
mettere in atto risposte a continui cambiamenti del sistema cardiovascolare.

La regolazione e effettuata per mezzo dell’attivita dell’innervazione del
Sistema Nervoso Autonomo (SNA), organizzato in due branche: innervazione
simpatica e parasimpatica. In quest’ultima, sono di particolare interesse le fibre
efferenti vagali, che innervano il cuore. La stimolazione del nervo vago provoca
una diminuzione del battito cardiaco e, in condizioni di riposo, & responsabile del
cosi detto “tono vagale”. Inoltre il suo effetto sul battito cardiaco si esaurisce nel
giro di 1 o 2 cicli cardiaci: cio permette al sistema parasimpatico di avere un
controllo di tipo ‘battito-battito’.

Gli effetti del sistema simpatico sono complementari: diminuzione della
resistenza e della capacita dei vasi, tachicardia e aumento della forza contrattile

cardiaca, che porta a un aumento della gittata cardiaca. A differenza dell’effetto

Xii



Sommario

della stimolazione vagale, quella simpatica termina il suo effetto molto
lentamente dopo che lo stimolo & stato interrotto.

Il battito cardiaco & percid controllato da una serie di meccanismi fisiologici
che agiscono in modo sinergico e dinamico, mantenendo I'omeostasi del sistema.
Il battito cardiaco si genera con regolarita, cui € associata una certa variabilita

originata dal sistema di controllo nervoso.

Per quanto riguarda neonati prematuri e ad alto rischio, accade spesso che
guesti bambini mostrino una numerosa serie di complicazioni e patologie. Tra
queste, di particolare interesse per la nostra tesi € la Sindrome della Morte
Improvvisa Infantile (in inglese Sudden Infant Death Syndrome, SIDS). Si tratta
della prima causa di morte neonatale nei paesi sviluppati, con un alto costo in
termini sociali e psicologici sulle madri e sulle famiglie. Studi epidemiologici della
SIDS hanno sollevato per la prima volta il dibattito su quanto la posizione del
bambino durante il sonno potesse influenzare il suo stato di salute e I’eventuale
sviluppo di stati patologici. E stato, infatti, mostrato, da studi internazionali, che
il tasso d’incidenza della SIDS si riduce se i neonati sono sistematicamente posti
in posizione supina anziché prona.

Anche se il periodo di maggiore incidenza di episodi di SIDS € intorno ai 2
mesi di vita, e quindi posteriore all’eta dei neonati analizzati in questo studio, &
comungue ragionevole ritenere che i risultati ottenuti possano costituire un
contributo preliminare interessante riguardo i metodi di valutazione dell’attivita
del SNA sulla variabilita cardiaca e in particolare sulla sua dipendenza dagli stati

del sonno e dalla posizione del neonato.

Materiali e metodi

| dati utilizzati sono stati raccolti presso Columbia University Medical
Center, Pediatrics Department.

La popolazione studiata consiste di 37 bambini prematuri, con eta
gestazionale media pari a 28.7 settimane, ed eta post-mestruale, al momento

dello studio, di 35.7 settimane. Tutti i bambini erano in buono stato di salute. Tra
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i diversi segnali che era possibile ottenere dal sistema di acquisizione, si € deciso
di utilizzare per primo I'ECG, dal quale ¢ stato estratto il segnale della frequenza
cardiaca (in inglese HR), mediante riconoscimento del picco QRS. Gli stati del

sonno sono stati classificati da clinici esperti.

Lo studio ha considerato una durata di 6 ore; meta delle quali trascorse dal
neonato in posizione supina e meta in posizione prona. Durante ognuna delle
due parti di 3 ore, sono state effettuate 2 prove di cicli di tilt della durata di 15
minuti circa. Il sonno di 35 dei 37 bambini e’ stato codificato ogni 30 secondi,
nelle 6 possibili fasi previste dal protocollo, tra cui Active e Quiet Sleep .

Le registrazioni ECG sono state acquisite a 500 Hz, permettendo una
precisa identificazione dei picchi QRS. Per una miglior localizzazione del picco, il
segnale & stato sovra-campionato a 1000 Hz e analizzato tramite un algoritmo
appositamente sviluppato, al fine di ottenere la sequenza degli intervalli battito-
battito (segnale RR). | picchi riconosciuti sono stati poi verificati con analisi visiva
e i picchi dovuti a battiti non sinusali rimossi .

Ottenute le serie RR, & stata compiuta una validazione dei dati, con
I'obiettivo di verificare se essi effettivamente seguissero i trend fisiologici di

sviluppo rispetto all’eta, descritti in letteratura.

3 classi di metodi sono state considerate per lo studio: analisi nel dominio
del tempo, delle frequenze e approccio non lineare.

Non esistono linee guida per I'applicazione di questi metodi sui neonati,
specialmente se prematuri. Le linee guida per gli adulti non sono applicabili,
poiché il ritmo cardiaco dei neonati € circa il doppio di quello degli adulti e ha
caratteristiche proprie.

Per questo motivo, per le misure nel dominio del tempo si & deciso di
attingere sia ai metodi tradizionali per gli studi sugli adulti sia sui fetali. Come
indicato dalla Task Force HRV (Malik, et al., 1996), i parametri scelti sono stati

SDNN, SDANN, HRV triangular index, RMSS e sono stati adeguati alla popolazione
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studiata. A essi sono stati aggiunti parametri tipici dell’analisi del segnale di
variabilita cardiaca del feto: Long term variabilita (LTI), short term variabilita
(STV), interval index (Il), difference index (DI), long term irregularity (LTI).

L'analisi nel dominio delle frequenze ha usato un approccio non
parametrico, per la sua semplicita e velocita computazionale. In particolare &
stato adottato il metodo di Welch su 3 minuti di segnale RR, ricampionato a 10
Hz, dimensionando i parametri in modo da avere una risoluzione in frequenza
sufficiente a distinguere il contributo in frequenza nelle bande delle alte e basse
frequenze (HF e LF). Tenendo conto della specificita dei prematuri, i contributi
delle frequenze sono stati suddivisi nelle seguenti bande: LF da 0.05 a 0.2 Hz e HF
da0.5a1.5Hz.

Si e verificata la possibilita di utilizzare un'altra metodologia di analisi
spettrale, da poco introdotta anche nel mondo dell’analisi dei segnali di
variabilita cardiaca: il Lomb-Scargle Periodogram. Questa tecnica si applica a
sequenze temporali non uniformemente campionate: nella tesi si € deciso di
valutare la sua possibilita di utilizzo per sequenze RR di bambini prematuri, pur
coscienti della particolarita di questa tipologia di segnale.

Per quanto riguarda i metodi non lineari, sono state impiegate 3 misure di
entropia e la Phase Rectifying Signal Averaging (PRSA).

La prima misura di Entropia & I’Approximate Entropy (ApEn), come definita
da Pincus nel 1991, che ha lo scopo di quantificare la regolarita, intesa come
presenza di pattern ripetitivi all'interno della serie temporale. ApEn & gia stata
largamente utilizzata in studi clinici cardiovascolari, dimostrando di saper fornire
importanti indicazioni sui sistemi fisiologici analizzati. Uno dei suoi limiti sta
tuttavia nella sua forte dipendenza dalla lunghezza delle serie temporali
analizzate, che devono necessariamente essere composte da un numero molto
elevato di campioni ( x >1000).

Per risolvere alcuni limiti dell'indice ApEn e stata introdotta la Sample
Entropy (SampEn), che risolve il bias dovuto alla dipendenza dalla lunghezza del

segnale, oltre che migliorare la consistenza della stima.
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L'ultimo stimatore che la tesi presenta € la Permutation Entropy (PermEn).
Si tratta di un’altra misura di complessita che puo essere calcolata per ogni tipo
di serie temporale, sia essa regolare, caotica o rumorosa. A differenza delle due
precedenti tecniche, PermEn si basa su un’analisi che possiamo definire
simbolica. Infatti, tutti gli spezzoni di campioni consecutivi, di lunghezza scelta D,
presenti nel segnale, sono catalogati secondo la loro ampiezza relativa. Si crea
dunque la distribuzione di probabilita delle possibili D! combinazioni di campioni
e da essa si estrae la misura di entropia. Per il calcolo e stato usato I'approccio
proposto da Bandt e Pompe nel 2002.

Da ultimo, la Phase Rectifying Signal Averaging (PRSA) consiste in un
algoritmo capace di sincronizzare la fase di tutte le componenti quasi-periodiche
di un segnale rumoroso e non stazionario, a seconda della loro scala temporale.
E’ inoltre un potente strumento per analizzare le transizioni positive e negative
della HR . Questa particolarita permette di indagare separatamente l'influenza
del sistema simpatico e parasimpatico, che agiscono accelerando e rallentando il

ritmo cardiaco.

Risultati del lavoro di Tesi

Il primo importante passo nell’analisi svolta & stato verificare che il nostro
dataset fosse rappresentativo di una generica popolazione di bambini prematuri,
permettendo la successiva generalizzazione dei risultati.

Per fare questo si sono considerati due fenomeni fisiologici nei neonati: la
diminuzione della frequenza del battito cardiaco e 'aumento del contributo delle
HF in funzione dell’eta. | soggetti sono stati percio divisi in gruppi secondo I'eta
post-mestruale e si € calcolato per ognuno di essi la media della frequenza
cardiaca e del contributo delle HF. Secondo quanto atteso, & stato registrato un
trend decrescente nel primo parametro e crescente nel secondo, che hanno
confermato la bonta del dataset.

| due successivi obiettivi dello studio sono stati:

1. Valutare la capacita dei metodi usati di saper discriminare Active

vs. Quiet Sleep.
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2. Verificare che i metodi sapessero separare la condizione prona e
supina del prematuro, durante il sonno.

Per raggiungere gli scopi, i parametri estratti, sono stati sottoposti a un
paired T-test per accertare che le popolazioni di dati confrontate presentassero
differenze statisticamente significative.

Per quanto riguarda il Time Domain inoltre, I'analisi e stata effettuata in 4
condizioni diverse, al fine di valutare la robustezza del metodo rispetto alla
quantita di rumore presente nel segnale. Il metodo ha, come atteso, mostrato
una migliorata capacita di classificazione, al diminuire dei disturbi presenti nei
segnali utilizzati.

Per ApEn e SampEn sono stati seguiti due approcci: nel primo gli indici sono
stati calcolati ogni 3 minuti ,mentre nel secondo ogni 1500 campioni di segnale
RR. Quest’ultimo approccio e stato usato anche per la PermEn. Infine per la
PRSA, I'analisi & stata svolta sia per la ricerca di variazioni del segnale RR, sia
positive (diminuzione HR), sia negative (aumento HR).

Nel confronto tra Active e Quiet Sleep sono stati impiegati, a seconda
dell’approccio e del metodo, dai 20 ai 15 soggetti per i T-test tra neonati in
posizione supina e tra i 26 e i 18 per quanto riguarda la posizione prona.

Tutti i metodi hanno dimostrato una buona, in alcuni casi ottima, capacita
di separare le due condizioni. In particolare i parametri nel Time Domain, ApEn,
SampEn e PRSA hanno ottenuto i p-values pit bassi (< 107>). Inoltre per ApEn e
SampkEn si € dimostrato piu efficace I'approccio che utilizza I'analisi di spezzoni
da 1500 campioni, mentre per la PRSA quello di ricerca di decrementi. Le misure
nel dominio delle frequenze e la PermEn hanno dimostrato una capacita

discriminatoria inferiore (con p-values tra 0.5 e 0.001).
Per il confronto tra posizione Prona e Supina sono stati invece utilizzati dai

33 ai 29 soggetti per i T-test tra neonati in Active Sleep e tra i 19 e i 10 per |l

Quiet Sleep.
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| risultati in questo caso sono stati meno significativi. Ad eccezione della
PermEn e del Lomb-Scargle periodogram, gli altri metodi si sono dimostrati
ancora capaci di differenziare tra proni vs. supini, ma con p-value piu alti e sotto

condizioni meno generali.

Discussione

Riprendendo le scelte riguardanti le analisi proposte in questo lavoro, e
importante sottolineare che esse sono state dettate dal fatto che la popolazione
studiata € composta da bambini gravemente prematuri. Data la particolarita dei
soggetti, non esistono precise linee guida riconosciute a livello internazionale che
ne standardizzino I'analisi.

Percio, importanti scelte come le soglie utilizzate nel pre-processing dei
dati e la lunghezza degli spezzoni analizzati, sono state adottate in questo lavoro,
adattando i valori indicati negli studi su adulti, oppure riferendosi a lavori di
riconosciuta affidabilita nello stesso campo.

Per lo stesso motivo, nell’analisi nel dominio del tempo si sono adottati sia
parametri normalmente applicati all’analisi di soggetti adulti sia dei feti. La scelta
si e rivelata efficace, poiché entrambe le categorie di indici hanno dato eccellenti
risultati. | valori piu significativi per la classificazione sono stati infatti forniti da
parametri di analisi del segnale HR fetale.

Inoltre & stata accertata la robustezza dei parametri rispetto al livello di
rumore presente nei segnali analizzati.

Si puo inoltre affermare che, tra i parametri usati, si sono rivelati piu
funzionali all’obiettivo quelli caratterizzanti variazioni nel lungo periodo (3
minuti), rispetto alle sequenze di pochi battiti.

In conclusione, la maggior parte dei parametri estratti & stata in grado di
evidenziare differenze significative tra gli stati del sonno del neonato: di essi 4
sono stati in grado di separare tra la posizione Supina e quella Prona (SDNN,
HVTI, Il, LTI).

In particolare il parametro LTI, caratterizzante variazioni dell’HR su 3 minuti

ha dato risultati particolarmente brillanti.
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Si puo dire che la scala temporale utilizzata (3 minuti, corrispondenti in
media a 500 battiti) permette di osservare le variazioni fisiologiche del
prematuro. E pertanto un’indicazione per lo sviluppo di sistemi personalizzati di
monitoraggio.

Parametri nel dominio delle frequenze sono stati ottenuti dall’analisi
spettrale non parametrica.

Per quanto riguarda la capacita di differenziare tra gli stati del sonno, si
sono riscontrate importanti differenze solo tra le bande delle LF (0.05- 0.2 Hz) e
non nelle HF (0.5-1.5 Hz). Cio puo essere attribuito all’irregolarita nel respiro dei
neonati. Infatti, quasi nessuno degli spettri mostra la presenza di un chiaro picco
in questa banda.

Nel confronto tra posizione Prona e Supina sono state individuate piccole
differenze (p-value=0.02) nella banda delle HF, che evidenziano comunque una
relazione tra posizione nel sonno e attivita vagale nel prematuro.

Occorre lavorare per approfondire lo studio di questi meccanismi,
estendendo a casi in cui si possa avere un controllo piu preciso dell’attivita
respiratoria.

Occorre tuttavia osservare che linterpolazione e il ricampionamento del
segnale, necessari per questa tecnica, possono portare a sovrastimare il
contributo delle LF e sottostimare quello delle HF.

Con il metodo di stima spettrale secondo Lomb-Scargle, si &€ cercato un
metodo che permettesse di superare il problema dell'interpolazione e del
ricampionamento.

Negli spettri ottenuti con questa tecnica, il contributo nelle HF appare
come affetto da artefatti, probabilmente legati al cosiddetto cardiac aliasing
effect. Si tratta di un fenomeno che accade nei segnali HRV, quando la meta della
frequenza cardiaca media & inferiore alla frequenza respiratoria. La verifica di
guesta condizione & frequente nella popolazione dei neonati. | risultati ottenuti
indicano che I'applicazione non sembra in grado di produrre indicatori affidabili

dello stato del neonato.
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Riguardo alla discriminazione tra Active e Quiet Sleep, I'approccio Lomb-
Scargle si & dimostrato di una certa efficacia, mentre lo stesso non e stato nel
confronto delle due posizioni.

Restano comunque le osservazioni critiche sulla sua applicabilita nei casi di

HR molto elevati.

Oltre alle tecniche classiche, si scelto di utilizzare misure di Entropia, al fine
di studiare il sistema con un approccio multi-parametrico in grado di estrarre
informazioni riguardanti possibili contributi non lineari. Infatti, ApEn e SampEn ci
permettono di indagare la generazione di nuova informazione in una scala
temporale di pochi battiti, non necessariamente sotto I'ipotesi di linearita.

Tra i due approcci adottati con queste tecniche, descritte nei capitoli dei
Metodi e Risultati, I'utilizzo di spezzoni da 1500 campioni ha mostrato i migliori
risultati, confermando quanto la letteratura riporta; ovvero, che queste misure
richiedono segnali di lunghezza superiore ai 1000 campioni, affinché sia garantita
la loro stabilita, nonostante li stimatori utilizzati siano stati proposti anche per
I’analisi d’intervalli piu brevi.

Inoltre si puo affermare che SampEn si & dimostrato un parametro piu
robusto rispetto alle variazioni di lunghezza dei pattern, parametro m utilizzato
nell’algoritmo che implementa lo stimatore di Entropia.

In termini di capacita di differenziazione, entrambe le stime hanno
prodotto p-values molto significativi e simili tra loro per quel che riguarda il
confronto Active vs. Quiet Sleep. Nel confronto delle posizioni, solo I'approccio
con spezzoni da 1500 campioni ha ottenuto risultati positivi, sebbene con

inferiore significativita.

Da ultimo, la PermEn & stata scelta per il suo approccio simbolico, utile per
classificare un ulteriore aspetto del sistema analizzato.

Nelle precedenti misure di entropia le scelte implementative prescindono
dalla natura del segnale analizzato. Invece, la scelta del parametro D nella

PermEn e di fondamentale importanza. Esso, infatti, & legata alla dimensione
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dello spazio di stato del sistema generante il segnale e deve essere dimensionato
rispetto alla complessita del segnale studiato. Tuttavia la PermEn e stata il
metodo che ha restituito i peggiori risultati, dimostrandosi efficace solo nel
primo dei due confronti, con bassi livelli di significativita. Si tratta di un metodo
che, in qualche modo, opera una ricostruzione dello spazio di stato e per il quale
la lunghezza dei dati (N campioni) & un parametro fondamentale da cui dipende
la convergenza dell’algoritmo. E’ un aspetto che dovra essere meglio indagato,
poiché e peculiarita della PermEn evidenziare la presenza nel segnale di una

struttura complessa.

Da ultimo, la PRSA si & dimostrata di particolare interesse poiché, per sua
natura, fissa l'attenzione sulle periodicita legate all’evento di incrementi e
decrementi nel segnale, anch’essi generati dalla regolazione della bilancia
simpato-vagale. | parametri PRSA percio, permetterebbero di osservare
separatamente gli effetti del sistema nervoso simpatico e parasimpatico sul
segnale HR, ottenendo indicatori indipendenti ma complementari con la
guantificazione ottenuta dall’analisi spettrale. | migliori risultati sono stati
ottenuti con I'approccio legato ai decrementi del segnale RR, associabili
all’azione del sistema simpatico. Come la maggioranza degli altri metodi, la PRSA
ha evidenziato una notevole capacita nel differenziare gli stati del sonno, mentre

sono scarse le prestazioni legate al confronto della posizione.

A commento finale dei risultati ottenuti, si sottolinea che la possibilita di
utilizzare un dataset con segnali di lunga durata e accuratamente registrati, unita
alla continua cooperazione con clinici esperti, ha permesso I'applicazione di
metodi avanzati di analisi del segnale. L’estrazione di parametri quantitativi ha
mostrato he essi sono rilevanti per la caratterizzazione del controllo autonomo
del ritmo cardiaco nei bambini prematuri.

La potenzialita di questi metodi risiede nella loro possibile applicazione nel

monitoraggio e nell’identificazione del rischio clinico di una popolazione cosi
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vulnerabile come quella dei prematuri. La generazione di classificatori multi-

parametrici € lo sviluppo naturale di questo lavoro di tesi.

Da ultimo, questo studio e stato possibile grazie alla collaborazione tra il
centro clinico di eccellenza Columbia University Medical Center e il Politecnico di
Milano, Dipartimento DEIB. L'incontro tra il contributo dell’ingegneria biomedica
e l'esperienza clinica, ha permesso di proporre nuove soluzioni per il
monitoraggio quantitativo dello sviluppo del sistema nervoso del neonato
prematuro, un campo di grande importanza sia per I'impatto sociale su bambini
e famiglie, sia per il sistema sanitario in termini di prevenzione dello stato di

rischio.
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Summary

The World Health Organization (WHO) defines as premature those babies
born before the 37th week, calculated as time passed from the first day after the
last menstrual cycle. Prematurity is a particular condition of the infant, in which
many physiological systems that have begun to develop in the fetal stage still
need time to mature completely. Thus, prematurity can be seen as a transitory
condition between fetal and neonatal stage.

This study refers to a dataset of premature infants, for whom it was
considered interesting to study in depth the cardiovascular regulation. In order
to do so, it is important to consider the structure of the cardiovascular system, in
particular regarding the circulation, both of the fetus and of the neonate,
highlighting differences and peculiarities.

Another theme of focus is the control mechanisms for cardiac output:
among them there are the nervous control, chemoreceptors and baroreceptors
action, humoral regulation e blood volume regulation.

Particular attention was dedicated to the nervous control, since directly
related to the aim of the thesis. It was necessary to individuate and classify
different states which characterize a premature neonate, in order to study the
behavior and indicate parameters helpful fort the classification of pathological
and/or risky states.

Among the different physiological mechanisms, baroreceptors act as
sensors in the homeostasis regulation of the mean arterial pressure (MAP),

regulating continuously the pressure in the aortic arch and in the carotid sinus.
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Chemoreceptors, instead, both in the periferical and central nervous system,
mainly act as regulator of the respiration, but in some important mechanisms
they are also involved in the circulation, in particular in the cardiovascular
response to hypoxia.

Baroreceptors and chemoreceptors interaction, differently from the adult
condition, has not fully been understood yet in fetal state.

Also the humoral regulation is mediated through different mechanism,
among which the action of epinephrine and noriepinephrine, capable of
modifying cardiac activity, inducing higher heart beat rate and increasing in
contraction strength and arterial blood pressure.

The last mechanism considered is the control of blood volume: in adults,
when blood pressure is high due to excessive blood volume, part of the fluid
moves from capillaries to interstitial space. The role of this mechanism in fetal
circulation is not yet subject of intensive study.

From all these elements, it is therefore evident that Central Nervous
System (CNS) plays a crucial role in the gathering and elaboration of information
and in the proper answer to these stimuli to the cardiovascular system.

CNS coordinates the responses, while the regulation is achieved through
the activity of the innervation of Autonomous Nervous System (ANS), organized
in two branches: sympathetic and parasympathetic. In this last branch, of
particular interest are efferent vagal fibers, which innervate the heart.
Stimulation of the vagal nerve provokes a decrease of the heart rate (HR) and in
resting condition is responsible of the vagal tone. Moreover its effect on heart
rate exhausts in one or two cardiac cycles: this allows the parasympathetic
system to have a beat-to-beat control.

The effects of the sympathetic system are complementary: diminished
resistance and capacitance of the vessels, tachycardia and increase of the
contractile force, which leads to an augment of cardiac output. The macroscopic
effect is the rising of the HR. Differently of the effect of vagal stimulation, the

sympathetic one lasts longer after the stimulus stops.
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Heart beating frequency is thus regulated from a series of physiological
mechanisms that act synergically and dynamically, keeping the system
homeostasis. Heart beat is generated with regularity, to which is associated a
variability originated from nervous control system.

For what regards premature and high risks neonates, it often happens that
these babies show numerous pathologies and complications.

Among these, there is Sudden Infant Death Syndrome (SIDS). It is the first
cause of neonatal death in developed countries, with high social costs and
psychological impact on families. Epidemiological studies on SIDS have firstly
raised the awareness of the extent of the influence of baby body position during
sleep on respect to the development of pathological states. As a matter of fact, it
has been shown by international studies that the rate of incidence is reduced in
babies ordinarily put in Supine position.

Even if the major period of SIDS incidence is generally after the period
analyzed in this study (around the 2" month), it is still reasonable to consider the
results obtained an interesting preliminary contribute about the evaluation
methods of the activity of the CNS on Heart Rate Variability (HRV) and also on its

relationship with sleep states and positions.

Materials and Methods

The dataset was acquired at Columbia University Medical Center, at the
Pediatrics Department.

The population studied is composed of 37 premature infants, whose
gestational age is on average 28.7 weeks, while post-menstrual age at the time
of the study is 35.7. All the babies were in good health conditions. Among the
various signals acquired, it was decided to focus firstly on ECG recordings, from
which HR was extracted, through QRS detection.

Sleep states were coded by expert clinicians.

It was a 6 hours study: the first 3 hours were spent in Supine position, and

then the baby was flipped to Prone for the rest of the study. During each part, 2
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tilt cycles of about 15 minutes were performed. Sleep of 35 babies out of 37 was
coded every 30 seconds.

ECG recordings were acquired at 500 Hz and resampled at 1000 Hz for a
better localization QRS peaks. Afterwards, a customized algorithm for peak
identification was applied, in order to obtain the RR time series, which is the
series of the distance between following peaks. The series were visually
inspected and peaks due to non-sinus beats were removed.

Afterwards, a validation of the data was performed, with the aim of
verifying if the data actually followed proper physiological trend with respects of

the age of the babies, based on what written in literature.

3 types of methods were considered for this study: time and frequency
domain analysis and non-linear approaches.

There is a lack in guidelines for the application of these methods on
neonates, especially if premature. As a matter of fact, indications given for adults
are not applicable, since the average HR of neonate is almost double adult’s one
and it has particular characteristics.

For this reason, time domain analysis takes adapted parameters both from
the adult approach and fetal. As indicated in HRV Task Force (Malik, et al., 1996),
parameters used were SDNN, SDANN, HRV triangular index, RMSS and have been
adapted to the population of this study. To these measures, parameters typical
of the analysis of fetal HR have been added: Long Time Variability (LTV), Short
Term Variability (STV), Interval Index (Il), Differential Index (DI) and Long Time
Irregularity (LTI).

Analysis in the frequency domain was implemented with a non-parametric
approach, preferred for its simplicity and computational velocity. Particularly the
Welch method was implemented every 3 minutes of RR series, resampled at 10
Hz. The frequency bands chosen are Low Frequency (LF), 0.05-0.2 Hz, and High

Frequency (HF), 0.5-1.5 Hz, taking into account the specificity of the population.
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Since it has been proved in many studies that interpolation and resampling
of unevenly spaced point processes can introduce artifacts in PSD estimation, it
was verified the possibility to use another methodology of spectral estimate,
called Lomb-Scargle (LS) periodogram. This technique was firstly introduced in
the field as an advanced spectral estimation technique for unevenly sampled
time series; in this thesis it was decided to validate the possibility to apply it on
RR series from premature infants, even if aware of the potential risks due to the
peculiarity of the signals.

Nonetheless, the frequency range investigated when dealing with infants is
particular because is very Prone in introducing artifacts in PSD estimation, due to
high breathing rate. Thus, particular attention has been dedicated to the
evaluation of the applicability and reliability of this method to HRV signals of
premature babies.

For what regards nonlinear methods, 3 measures of Entropy and Phase
Rectifying Signal Averaging (PRSA) were employed.

The first measure of Entropy is Approximate Entropy (ApEn), as defined by
Pincus in 1991, with the scope of quantifying the regularity and intended as the
presence of repetitive patterns in a temporal series. ApEn has been already
largely applied in cardiovascular clinical studies, demonstrating a good capability
in giving important indications on physiological systems analyzed. One of its
limits is that strongly dependents on the length of temporal series analyzed,
which need to be composed by a large number of samples (>1000).

To address some ApEn limits, Sample Entropy (SampEn) was proposed.
SampEn reduce the bias given by the length of the signal and enhance the
estimate consistence.

The last estimator presented in the thesis is Permutation Entropy
(PermEn). It is another measure of complexity that can be calculated for each
type of temporal series, be it regular, chaotic or noisy. Differently from the
previously prosed techniques, PermEn is based on a symbolic analysis. Al the

segments o of consecutive samples of length D present in the signal, are
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classified based on their relative amplitude. Then, distributions of probability
with the possible D! combinations of the samples are created and from these is
extracted a measure of Entropy. For the computation it was used Bandt e Pompe
approach from 2002.

Lastly, Phase Rectifying Signal Averaging (PRSA) consists in an algorithm
capable of synchronizing the phases of quasi-periodic components of a noisy and
non-stationary, based on their temporal scale. It is a powerful tool to analyze
accelerations and decelerations of HR. This peculiarity allows investigating
separately the influence of sympathetic and parasympathetic systems, acting

accelerating and decelerating cardiac frequency.

Results of the Thesis

The first important step in the analysis was to verify that the dataset was
representative of a generic population of premature infants, thus permitting a
generalization of the results obtained.

In order to do so, two physiological phenomena were considered in
neonates: the decrease of HR frequency and the increase of HF contribution,
based on post-menstrual age. The subjects were divided according to age and it
was calculated for each of them average cardiac frequency and HF contribution.

As expected, a decreasing trend was observed for the first parameter and
decreasing for the second, confirming the goodness of the dataset.

The two main aims of this thesis were:

1. The evaluation of the capability of the methods to distinguish
Active and Quiet sleep.

2. The evaluation of the capability of the methods to distinguish
Prone and Supine position during sleep.

To reach these goals, the parameters extracted, underwent to paired T-
tests, to establish the fact that data populations compared presented statistically
significant differences.

Furthermore, Time Domain analysis was performed in 4 different

conditions, with the aim of evaluating the robustness of the method with respect
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to the quantity of noise in the signal. As expected, the method proved to have an
enhanced classifier capability, when signals were less noisy.

ApEn e SampEn were implemented with two approaches: indices were
calculated every 3 minutes and every 1500 samples. For PermEn 1500 samples
were used. Lastly PRSA was calculated looking in the RR series both for positive
variations (HR decelerations) and for negative (HR acceleration).

In Active and Quiet Sleep comparison, depending on the methods, from 20
to 15 subjects were available for the T-test among neonates in Supine position
from 26 to 18 subjects were available for the T-test among neonates in Prone
position.

All the methods have demonstrated a good, sometime optimal, capability
to separate the two conditions. Particularly, Time Domain measures, ApEn e
SampEn e PRSA gave the lowest p-values (< 107°). Moreover, ApEn e SampEn
performed better with the 1500 samples approach, while PRSA with the
deceleration-approach. Frequency domain parameters and PermEn showed a

lower discriminatory capability, giving higher p-values (0.5-0.001).

In the Prone and Supine comparison, from 33 to 29 subjects were used in
Active sleep and from 19 to 10 for Quiet Sleep.

Results in this case were less significant. As a matter of fact, except PermEn
and Lomb-Scargle periodogram, the other methods proved to be capable to
differentiate the two conditions, but p-values were higher. For instance, only 4
parameters in time domain, 1500 samples approach and PRSA for decrement

proved to be effective.

Discussion

Regarding the design choices of this work, is important to remember that
the population is composed by prematures. Due to the particular condition of
the subjects, no precise guidelines to characterize these subjects are

internationally recognized.
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Thus, important choices such as thresholds in the preprocessing or length
segments considered were decided adapting values from study on adults or on
fetuses, or referring on other recognized reliable studies of similar populations.

For the same reason, in time domain analysis it was decided to adopt
parameters normally applied on adults and others on fetuses. This innovative
choice proved to be very efficient, since both categories gave good p-values.
Most significant values for the classification were provided by parameters typical
of fetal HR analysis.

Moreover, it has been proved the robustness of these parameters with
different levels of noise.

Furthermore, parameters evaluating long-term variability (3 minutes) were
more performant for our aims, than those evaluating variability on few beats.

Concluding, almost all the parameters were capable to find significant
difference between sleep states: among them, 4 parameters (SDNN, HVTI, I, LTI)
distinguished between Prone and Supine position as well. Particularly, LTI,
characterizing HRV over 3 minutes, gave brilliant results.

It can be affirmed that the temporal scale used (3 minutes, on average 500
beats) allows observing physiological variations typical of neonatal state. It is
therefore and important indication for the development of personalized
monitoring systems.

Parameters in the frequency domain, were obtained with non-parametric
methods

For what regards the capability of differentiating sleep states, evident
differences were detected only in LF band, 0.05-0.2 Hz, and not in the HF, 0.5-1.5
Hz. This might be due to neonatal irregular breathing. Almost none of the spectra
showed the presence a clear peak in this band.

In the comparison between Supine and Prone, very small differences were
identified in the HF (p-value=0.02). Further work should be done in order to
deepen the study of these mechanisms, extending the analysis to situations

where respiratory frequency is more controlled.
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It is crucial to observe that interpolation and resampling of the signal,
necessary for this technique, may lead to overestimation of LF contribution and

the opposite for HF.

The Lomb-Scargle estimator was proposed in order to deal with the
resampling and interpolation problem.

Spectra obtained with this technique have an HF contribution that looks
affected by artifacts. This is probably due to the so called cardiac aliasing effect.
This phenomenon happens in HRV analysis, when half of the average cardiac
frequency is lower than respiratory frequency; this condition is very frequent in
neonatal population. Results obtained indicate that this application does not
seem capable of obtaining reliable indicators of neonatal states.

For what regards the discrimination between Active and Quiet sleep, the
Lomb-Scargle approach seemed effective to a certain extent, while it was not for
the position comparison.

Critical observation on the applicability of this method with elevate HR

remain still valid.

After the traditional techniques described, Entropy measures were
implemented in order to study the system with a multi-parametric approach,
capable of extracting information relative to possible non-linear contributions. As
a matter of fact, ApEn e SampEn allow to investigate the generation of new
information in a short temporal scale, with few beats, not necessarily under the
hypothesis of linearity.

Between the two approaches, explained in the Methods and Results
section, 1500 samples provided better results, confirming what expected from
the literature. In fact, these measures require signals at least 1000 samples long,
to guarantee their stability. Nonetheless, literature proposes these estimators

even for the analysis on shorter intervals.
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Moreover, it can be affirmed that SampEn proved to be a robust
parameter when the length of the pattern, parameter m used in the algorithms
for estimator implementation.

Both ApEn and SampEn obtained significant and similar p-values in the
comparison between Active and Quiet sleep. For the position comparison, only

the 1500 approach gave valuable results, even if less significant.

Laslty, PermEn was chosen for its symbolic approach, useful to classify
another aspect of the system analyzed.

It was noted that, differently from the previous Entropy measures, where
design choices were taken regardless the nature of the analyzed signal, in this
case the choice of the parameter D is of crucial importance. D is related with the
dimension of the variables of the system generating the signal and needs to be
chosen accordingly to the complexity of the signal analyzed. Nevertheless,
PermEn has been the method with the worst p-values, significant only in the
sleep states comparison. It is a method that, in some way, operates a
reconstruction of the state space. Moreover for PermEn, the length of the data
(N samples) is a crucial parameter, upon which the convergence of the algorithm
depends. It is an aspect which needs to be better investigates, since the
peculiarity of PermEn is to highlight the presence of a complex structure in the

signal.

Lastly, PRSA has been an interesting method since its nature is to focus on
periodicities related to the increase or decrease of the signal, in this case due to
the sympatho-vagal balance. PRSA parameters should allow observing separately
the effects of sympathetic and parasympathetic systems on HR signal, obtaining
indicators independent but complementary with the quantification obtained byt
spectral analysis. Best results were obtained with the decreasing approach in the
RR series, meaning an increase in HR, usually due to the action of the

sympathetic system. As most of the previous methods, PRSA had a good
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capability in differentiating sleep states, while for sleep position results were less

significant.

As a final comment to the results obtained, it must be highlighted that the
possibility of using such a long a meticulously acquired dataset, together with the
continuous cooperation with clinical experts, allowed the application of
advanced methods in signal analysis. The extraction of quantitative parameters
has shown that they are relevant for the characterization of the autonomic
control of premature infants HR.

The potentially of these methods is the possible application to the
monitoring and identification of the clinical risk of such a vulnerable population.
The generation of multi-parametric classifiers would be the natural development

of this work.

Lastly, this study was possible thanks to the collaboration of the
outstanding clinical center Columbia University Medical Center and Politecnico di
Milano, Dipartimento DEIB. The encounter between the biomedical engineering
contribution and the clinical expertise has allowed proposing new solutions for a
guantitative monitoring of the nervous development of premature infants, a
field of great important both for the social impact on babies and families and for

the sanitary system in terms of risk prevention.
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CHAPTER 1

Introduction

In this chapter we will present the characteristics and the functioning of
the cardiovascular system both in fetuses and in newborn babies, highlighting
the differences and the peculiarities of each.

Afterwards, the mechanisms of control of cardiac output are listed,
focusing on the nervous control, since it is directly related to the aim of our
thesis.

Lastly, an overview on the problem of prematurity is offered: both an
introduction to the causes and to the possible associated problems is presented,
particularly concentrating on Sudden Infant Death Syndrome, SIDS, since it was
the first one to bring attention to the possible effects of position during sleep for

babies.
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1 Fetal and newborn cardiovascular systems:

1.1 Cardiovascular system generation

The cardiovascular system is one of the systems that develop firstly in the
growing fetus; as a matter of fact, as the embryo becomes larger the diffusion
mechanism comes to be inadequate for the intake and outtake of oxygen,
carbon dioxide and nutrients, triggering the development of a more complicate
system to answer to the new necessity.

The system is generated through a cascade of processes; first there is the
vasculogenesis, which is the creation of the main vessels, followed by the
angiogenesis, which is the generation of minor branches from the main vessels.
Due to the expansion and elastic resistance of the walls of these vessels, the
blood flow starts to be rhythmic and peristaltic patterns are originated. (Coad &
Dunstall, 2011)

The primitive heart is generated from an area of embryonic mesoderm as
two tubes that are afterwards fused together to form a single heart tube. The
generation of the 4 chambers is mainly due to the vortexes, created by the blood
flow in the heart.

By the 21st day after the conception, the cells around the heart begin to
differentiate in myocardial cells, capable of stimulating a controlled response and

at this point the heart begins to beat.

1.2 Circulation before birth

In fetuses the placenta is the oxygen source instead of the lungs, thus
blood flow perfuses the placenta more than the lungs. To perform this task, the
fetal circulation is provided with supplementary structures, shown in Figure 1-1,
with respect to the adults: the umbilical vein, which conveys the blood enriched
with oxygen and nutrients to the underside of the liver, the ductus venosus,

which connects the umbilical vein with the inferior umbilical vein and allows part
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of the blood to bypass the liver. Then, there are the hypogastric arteries through
which the deoxygenated blood, containing the metabolic wastes, is brought back
to the placenta.

Additionally, the lungs are bypassed thanks to two structures, the foramen
ovale that allows the blood to move directly from the right atrium to the left
atrium, and the ductus arteriosus, which connects the pulmonary arterial trunk

to the descending aorta, as in Figure 1-1.
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Figure 1-1 Fetal circulation (Coad & Dunstall, 2011)

The blood that is oxygenated and rich with nutrients is taken from the
placenta in the umbilical vein that goes through the abdominal wall to the
underside of the liver. Approximately half of the blood passes through the liver,

the rest goes through the ductus venosus to the inferior vena cava where it



Introduction

mixes with blood low in oxygen content that comes from the lower trunk and
extremities. (Anon, 2001)

These two streams approximately maintain their separate identities inside
the inferior vena cava: since the entry of the inferior vena cava is aligned with
the foramen ovale, the blood stream coming from the umbilical vein manages to
pass from the right atrium through the foramen ovale into the left atrium. The
other stream goes into the right atrium, where it mixes with the blood coming
from the upper parts of the body.

The reason why the foramen ovale remains open is that the high
pulmonary vascular resistance (PVR) induces high pressure in the right atrium as
well.

Figure 1-2 shows that the fetal circulation, differently from the adult one,
operates in parallel; this is precisely because the pulmonary vascular resistance
is very high, so only about 10% of the right ventricle output contributes to the
pulmonary circulation for the growth and metabolic needs of the lungs. The rest
is diverted from the pulmonary artery to the aorta through the ductus arteriosus,
which has a lower resistance. Its patency is maintained thanks to fetal PO2 and
by high levels of prostaglandins produced by the placenta. The ratio of the
volume which goes to the lungs grows with the progression of the pregnancy.

The large volume of blood that passes through the foramen ovale into the
left ventricle is joined by the blood coming from the pulmonary circulation and is

pumped into the aorta.
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Figure 1-2 Changes in circulation at birth: (a) fetal circulation showing oxygen saturation of blood;
(b) neonatal circulation. (Coad, The transition to neonatal life, 2011)

1.3 Circulation after birth

An important step for a newborn is the transition from fetal circulation to

neonatal circulation.

At the moment of birth, the blood flow starts to invade the pulmonary

circulation and ceases to pass through the fetal structures. This process normally

takes place within a minute from the birth, but it could take few weeks to

stabilize.

The fetal shunt closes because umbilical circulation and consequently

placental perfusion have ceased and because of lungs inflation, which generates

an increase in pulmonary flow. This happens due to the fact that the lung

circulation passes from high to low resistance.
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Another consequence of the ceased umbilical flow is the closure of the
foramen ovale: decreased umbilical flow leads to a decreased venous return
from the inferior vena cava so the pressure in the right atrium and the PVR fall.
The increased pulmonary blood flow results in an increased return to the left
atrium and consequent increase in pressure. Thus the pressure gradient across
the foramen ovale is reversed. The closure of the foramen is at first temporary

then after few days should fuse and become permanent.

1.4 Cardiac output regulation

Arthur Guyton (1919-2003) was a physiologist who became famous in the
1950s because he challenged the conventional wisdom that it was the heart
itself that controlled cardiac output (CO), with his experiments about the
physiology of CO and about the relationship of CO with the peripheral
circulation. Instead, he demonstrated that is the need of the tissues for oxygen,
which is the real driver for CO, defined as stroke volume times HR (Guyton, et al.,
1957).

Cardiac function curves present essentially the same information as the
one developed by Frank and Starling, shown in Figure 1-3, but differ in that CO
instead of ventricular stroke volume is plotted against changes in venous

pressure (usually right atrial pressure, Pra) (Noble, 1978).
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This family of curves indicates that in adults, the beat-to-beat amount of
blood pumped by the heart is determined by the amount of blood coming back
to the heart. When the cardiac muscle is stretched before contraction by an
augmented influx of blood, it contracts with a bigger force than before and is
able to pump out more blood.

This mechanism was studied in anaesthetized fetal lambs and it has been
demonstrated to be less developed than in adult sheep. This is probably due to
the fact that the heart muscle is not as well developed as in the adult sheep and
it is likely that the same is true of a human fetus, as it is commonly less mature
than that of a fetal lamb when born (Rudolph, 1985).

Consequently, increases in the filling pressure or preload produce minor if
any changes in CO, suggesting that the fetal heart normally operates near the top
of its function curve.

The output of the fetal heart is also related to the HR. Some researchers
have shown that spontaneous variations of HR relate directly to CO; that is,
generally as rate increases, output increases.

In addition to HR and preload, CO is governed by afterload and intrinsic
contractility. The fetal heart seems very sensitive to changes in the afterload,
represented by the fetal blood pressure. Thus, increases in afterload drastically
reduce the SV or CO.

Each of these four determinants of cardiac output does not work alone,
but rather they cooperate dynamically to control the fetal CO during physiologic
conditions.

There are various physiological mechanisms capable to intervene in the
control of CO: neural regulation, chemoreceptors and baroreceptors, humoral
regulation and blood volume regulation.

High levels of blood pressure stimulate an increase in firing rate of
baroreceptors present in the walls of the arch of the aorta and in the carotid
sinus at the junction of the internal and external carotid, as shown in Figure 1-4.

They activate a reflex response that ultimately reduces the HR, cardiac
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contractility, sympathetic vasoconstriction tone and the rate of secretion of the
hormones. This is an extremely rapid response with a protective stabilizing
function. Baroreceptors function as sensors in the homeostatic maintenance of
mean arterial pressure (MAP), by constantly monitoring pressure in the aortic
arch and carotid sinuses. These variability mechanisms are mediated by the
autonomic nervous system (ANS). The neurotransmission is achieved through
acetylcholine and norepinephrine.

Chemoreceptors instead are found in both the peripheral and central
nervous systems. They mostly have their effects on the regulation of respiration,
but they are also important in the control of the circulation. Peripheral
chemoreceptors are found in the arch of the aorta and in the area of the carotid
sinus. The central chemoreceptors, found in the medulla oblongata, respond to
changes in the oxygen and carbon dioxide tensions in blood or cerebrospinal
fluid perfusing this area.

In adults, when oxygen in the arterial blood perfusing the central
chemoreceptors is decreased, or the carbon dioxide content is increased, there is
often a reflex tachycardia. There is also a substantial arterial blood pressure
increase, which is extremely pronounced with increases in carbon dioxide
concentration

The peripheral chemoreceptors seem to be highly important in the
cardiovascular responses to hypoxia. The interaction of baroreceptor and
chemoreceptor systems in a fetus is not well understood, although the net result
of hypoxia in a fetus is bradycardia and hypertension. During basal conditions,
they seem to contribute to stabilize HR and blood pressure.

The humoral regulation is mediated by different pathways: the main one is
through epinephrine and norepinephrine, produced by the medulla in response
to stressful situations, for example hypoxia. Both of these substances act on the
heart and cardiovascular system. That is, they induce a faster HR, greater force of

contraction of the heart and an increased arterial blood pressure.
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The last mechanism is blood volume control: in adults, when the blood
pressure of the body is high due to excessive blood volume, some fluid moves
out of the capillaries into interstitial spaces, decreasing the blood volume toward
normal. Contrariwise, if an adult loses blood through hemorrhage, some fluid
transfers to the interstitial spaces into the circulation, in this manner increasing
the blood volume toward normal. There is normally a delicate balance between
the pressure inside and outside the capillaries. This mechanism to regulate blood
pressure is slower than the almost instantaneous regulation found with the
reflex mechanisms discussed earlier. Its role in a fetus is imperfectly understood,
but studies performed on sheep show that a fetus appears to be able to keep its
blood volume closer to normal than an adult after reductions or expansions of
volume.

It can be understood from this description that the Central Nervous System
(CNS) plays a crucial role in gathering and processing the information and in
putting in action measures to adapt to constant changes. For this reason the

entire next section is dedicates to its role.

Nervous control of cardiovascular system

It has been established that in adults there are influences on HR from the
higher centers of the brain.

The hypothalamus is thought to be the area of dispatch of nerve impulses
produced by physical expressions of emotion, including acceleration of the HR
and elevation of the blood pressure.

The medulla oblongata contains the vasomotor center, an integrative
center where the net input results in either cardio-acceleration or cardio-
deceleration. It is probably in these centers that the net result of numerous
central and peripheral inputs is processed to generate irregular oscillatory vagal
impulses, giving rise to fetal HRV, in order to be able to adapt in response to
changing conditions and demands to the body.

For example, the metabolic activity of our body is very different in resting

or Active conditions: in the second scenario we would need a greater intake of
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oxygen and nutrients and outtake of metabolic wastes. In this situation blood
vessels would enlarge to allow a greater blood flow supply but this is not
sufficient, because by itself it would cause a quick drop in arterial pressure that
would lead to a weak perfusion of organs. So at the same time cardiac output
needs to increase and, in regions not particularly involved in the activity, vessels
must be vasoconstricted.

This coordinated response is regulated by the CNS, which receives
information from the afferent neural connections of the baroreceptors and
chemoreceptors scattered around the cardiovascular system, as illustrated in
Figure 1-4. The adjustments are enforced by the Autonomic Nervous System
(ANS), which is composed of two branches: the parasympathetic and
sympathetic innervations. Parasympathetic activity normally inhibits sympathetic

activity and vice versa.

Parasympathetic innervation

The fibers of this innervation originate from the medulla of the brainstem,
particularly from neurons called dorsal vagal nucleus. Efferent vagal fibers travel
to the heart with two pathways, the left and right vagus nerves. The first one
innervates the atrioventricular (AV) node, the second the sinoatrial (SA) node.
Stimulation of the vagus nerve or injection of its mediator, acetylcholine, results
in a reduction of HR and under resting conditions are tonically Active, producing
the so called ‘vagal tone’, which results in a HR much lower than the intrinsic
firing rate of the SA pacemaker.

Moreover some efferent parasympathetic fibers connect directly with
blood vessels within specific organs and can cause vasodilatation.

The effect of this system is ephemeral because the acetylcholine released
is hydrolyzed right away; moreover, the latency is very short since the
acetylcholine can activate the specific K+ channels without the help of any
secondary messenger.

When vagus nerve is stimulated the HR reaches a steady state value within

1 or 2 cardiac cycles and when stimulation is interrupted HR goes quickly back to
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its basal level. These two aspects are very important because they allow the
parasympathetic system to have a beat to beat control.
The vagal tone is not necessarily constant. Its influence increases with

gestational age.
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Sympathetic innervation

This innervation is controlled by a complex neural network present within
the medulla and sympathetic nerves are widely distributed in the myocardium at
term. Stimulation of the sympathetic nerves is usually driven by norepinephrine;
the effect is a constriction of resistance and capacitance vessels, leading to
increased systemic vascular resistance and decreasing venous capacitance
(Klabunde, 2005), producing tachycardia and also an increase in the vigor of
cardiac contractions, resulting in an increase in CO.

In resting condition, the effect of sympathetic innervation on the HR is very
low, because there is a predominance of vagal tone, thus the sympathetic nerves
are a reserve mechanism to improve the pumping activity of the heart during
intermittent stressful situations.

In contrast with the effect of the vagal stimulation, the sympathetic one
decays very slowly when the stimulus is interrupted. Furthermore, the
norepinephrine released even during intense stimulation, is enough to change
the HR only by a small increment.

This is due to the fact that the neurotransmitters of the two branches of
autonomic innervations, acetylcholine and norepinephrine, are released at
different rates during stimulation and also sympathetic activity depends on the

intracellular accumulation of second messengers.

2 Prematurity and associated problems

2.1 Prematurity causes

It is well-known that the causes leading to preterm labor are numerous and
depend significantly on gestational age.
A number of maternal medical conditions are linked with an increased risk

of preterm birth, including chronic hypertension, pre-pregnancy diabetes
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mellitus, and systemic lupus erythematous and chronic renal diseases, severe
trauma and shock (National Institutes of Health, 2007).

This is due to the fact that maternal diseases can modify the placental
provision of oxygen and nutrients to the developing fetus. In addition, they can
increase the risk of preeclampsia and, thus, the risk of indicated preterm birth.

Other risk factors for preterm birth are underweight and obesity or family
history of preterm birth or a short inter-pregnancy interval.

At the same time, fetal conditions as well may have a huge impact:
diseases such as red cell allo-immunization, cardiovascular defects or twin-to-
twin transfusion sequence, might also lead to a preterm labor in order to prevent
stillbirth.

The problems related to prematurity can be often linked to a shorter
exposure to glucocorticoid: they play a crucial role in normal fetal development
since are important for the maturation of various fetal tissues including the liver,
lungs, gut, skeletal muscle and adipose tissue (brown and white) in preparation
for extra-uterine life. (Coad & Dunstall, 2011)

They generally act during late gestation and their level rise specifically at
35 weeks. They cause a natural decrease in growth, functional and morphological
changes in many biochemical pathways and fetal tissues and stimulate surfactant
production by the lung, to prepare them for extra-uterine life. Exactly for this
reason, synthetic glucocorticoid treatment is well spread in preterm pregnancies

where lung immaturity endangers the life of the infant. (Korgun, et al., 2012)

2.2 Prematures nomenclature

During the years, numerous studies have been dedicated to the
characterization of the outcomes of premature babies; often birth weight (BW)
was used as the measure of prematurity, but this by itself does not take into
account the bias introduced by those babies suffering from intrauterine growth

restriction (IUGR).
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More recently preterm infants have been classified by age. Figure 1-5
summarizes the different criteria (Committee on Fetus and Newborn, 2004):

eGestational age (or menstrual age) is the time elapsed between the first
day of the last normal menstrual period and the day of delivery. Gestational age
is conventionally expressed as completed weeks. Therefore, a 25-week, 5-day
fetus is considered a 25-week fetus.

eChronological age (or postnatal age) is the time elapsed after birth. It is
usually described in days, weeks, months, and/or years.

ePostmenstrual age is the time elapsed between the first day of the last
menstrual period and birth (gestational age) plus the time elapsed after birth
(chronological age).

e Menstrual age is the time elapsed between the day of conception and
the day of delivery. The convention for calculating gestational age when the date
of conception is known is to add 2 weeks to the conceptional age.

eCorrected age (or adjusted age) is a term most appropriately used to
describe children up to 3 years of age who were born preterm. It represents the
age of the child from the expected date of delivery and is calculated by
subtracting the number of weeks born before 40 weeks of gestation from the

chronological age
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Figure 1-5 Nomenclature for premature’s age (Committee on Fetus and Newborn, 2004)
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2.3  Prematurity effects

Concerning preterm and high risk neonates, the obstetric procedures have
made great steps forward, resulting in improved survival of infants born preterm,
but at the same time it often happens that these babies show a broad range of
impairments.

It should be reminded that preterm delivery is not a disease per se, with a
predetermined set of consequences. Rather, preterm delivery raises the risk of
adverse outcomes that would be present in normal delivery as well.
Consequently, the outcomes listed following are a probability for a group and not
inevitable for any given infant. Nevertheless, due to subject fragility, disease
conditions can easily produce heavy consequences.

Neurodevelopmental disabilities are chronic interrelated disorders of CNS
function due to malformation of or injury to the developing brain; they include
cerebral palsy (CP), mental retardation, sensory impairments, and more subtle
disorders of CNS function, such as language disorders, learning disabilities,
attention deficit-hyperactivity disorder (ADHD), minor neuromotor dysfunction
or developmental coordination disorders, behavioral problems, and social-
emotional difficulties. (Parmigiani, et al., 2010)

Cerebral palsy (CP) is a general term to designate a group of chronic
conditions that damage control of movement and posture.

Mental retardation is an infirmity that initiates in childhood and consists in
significant limitations both in intellectual functioning and in adaptive behavior.

Sensory impairments include visual impairment and hearing impairment.

Due to the focus of our thesis, a particular attention will be dedicated to
the possible complications occurring in the cardiovascular system.

Preterm infants can experience a variety of cardiovascular disorders,
ranging from major morphological defects to dysfunctional auto-regulation of
blood vessels (hypotension).

In preterm infants, the ductus arteriosus may not close properly, which

results in a patent (open) ductus arteriosus, which can lead to heart failure and
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reduced blood flow to vital body organs (e.g., the kidney and the gastro-
intestinal tract).

A patent ductus arteriosus can be asymptomatic and may close
spontaneously in the first week of life, or it can complicate a preterm infant’s
clinical course and increase the risks of intra-ventricular hemorrhage (IVH) and
death (Shah and Ohlsson, 2006).

Approximately 5% of infants with birth weights of less than 1,500 grams
are treated for patent ductus arteriosus (Lee et al., 2000).

Hypotension is a frequent concern in preterm infants, but there is no
consensus as to what the blood pressure readings should be in preterm infants
with gestational ages of less than 26 or 27 weeks. Apnea and bradycardia are
common in premature infants and are manifestations of immature
cardiorespiratory control (Veerappan et al., 2000).

However, preterm infants and, indeed, some term infants can have
bradycardia during feeding, despite the absence of other cardiorespiratory
symptoms and a lack of clinical reflux. The nature of the autonomic nervous
system’s contribution to these symptoms is not well understood, bradycardia
could be due to increases in reflex parasympathetic autonomic nervous system

activity.

3 The problem of SIDS

Sudden infant death syndrome (SIDS) is particularly interesting in this
thesis since the epidemiological study on this syndrome arouse for the first time
the awareness of the influence of sleeping position on infants’ health. Even
though the period of incidence of SIDS is generally shifted toward a later time
with respect to the one here analyzed (the 2" to 4™ month of age), it can be said
that the results of this study constitute an interesting preliminary evaluation of

the methods to asses ANS development in neonates. This could be further
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developed with the second part of the study, as some of the babies were

brought back one month after discharge.

3.1 Epidemiological data on SIDS

SIDS is defined as a death occurring during the first year of life, mostly
between the second and the fourth month, and that remains unexplained even
after a complete autopsy, examination of death scene and review of case history.
(Chang, et al., 2008)

SIDS has been the leading cause of infant mortality in the United States
since the early 1990s, with an incidence of 1.3 per 1,000 live births.

Experts are still struggling to find the causes for SIDS; in the meantime,
some factors with possible negative influence were derived from epidemiologic
studies, such as low birth weight, possibly associated with premature delivery,
maternal smoking and body position during sleep.

In Europe, Australia, and New Zealand numerous researches in the late
1960s started suggesting that sleeping in Prone position might have increased
the risk of SIDS.

During the 1970s, in the Netherlands infant sleeping position was reported
to be changed from mostly Supine to mostly Prone and right after a rapid
increase in SIDS was registered. Subsequently, very preliminary reports from
New Zealand and the United Kingdom noted decreases in the incidence of SIDS
by more than 50%, coincident with a change in sleeping position from mainly
Prone to predominantly Supine or lateral.

Thus, The New Zealand Cot Death Prevention Program began in March
1991; it promoted the lateral or Supine sleeping position, discouraged household
and maternal smoking, and supported breast-feeding. In October of the same
year, the Chief Medical Officer for the Department of Health for the UK issued a
press release suggesting the Supine or lateral position. Campaigns against the

Prone position have also been led by individuals or Foundations in the
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Netherlands and in Australia (AAP Task Force on Infant Positioning and SIDS,
1992)

Due to all these contributions in favor of Supine sleeping position, the
National Institute of Child Health and Development organized a task force to
examine the issue. In 1992 the American Academy of Pediatrics (AAP)
recommended that healthy term infants be placed to sleep in the Non-Prone
(NP) position until 6 months of age. This recommendation raised a lot of
criticisms due to the methodological limitations of the current researches and
the belief that infant care and SIDS risk factors differed in the US, and fears that
negative consequences of NP sleeping were not comprehensively examined.

Because of this debate, the change in infant sleep practices in the US was
far less significant compared to other nations. Nevertheless, within 2 years the
U.S. SIDS rate fell by 11% from 1.27 per 1,000 live births in 1991 to 1.16 per
1,000 in 1993.

In June 1994 the "Back to Sleep" (BTS) campaign began in the US to further
spread information on the importance of Supine position during sleep. Figure-1-7
and Figure 1-6 present the situation in those years.

Since the 1992 AAP recommendation to put babies to sleep in the NP
position and the following 1994 BTS campaign, the US percentage of SIDS has
diminished more than 40% (Gibson, et al., 2000).
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Figure 1-6 SIDS occurrence in developed countries in 1990 and in 2005 (Hauck & Tanabe, 2008)
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Figure-1-7 US SIDS rate versus Prone prevalence (Kattwinkel, et al., 2000)

Although the BTS campaign has achieved good results on a general level,

outcomes have varied among race/ethnicity, parental education and other

factors.

Moreover, the indication for Supine sleep has been for a long time

controversial for low birth weight (LBW) infants. As a matter of fact, Prone sleep

provides several potential benefits such as improved pulmonary function and
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improved oxygenation for preterm infants and so this fact must be pondered
against increased SIDS risks. For this reason in the beginning the
recommendations were directed only to healthy term babies.

However, continuous decline in SIDS incidence stimulated further research
and the revised AAP policy statements explicitly removed the exception for
premature infants, stating that the benefits of Supine sleeping outweigh the
potential risks, except in cases of relatively rare specific diagnoses. (Pollack &
Frohna, 2002).

For what concerns the situation in Italy, no data of national incidence are
available. Few studies have been conducted but mostly on regional level and the
data are not extremely reliable due to the fact that often an autopsy was not
made or wrong diagnosis was performed, such as cardio-respiratory arrest
during sleep instead of SIDS.

For long time no national campaign has been held, even though many
associations have born in order to spread recent scientific knowledge about risk
factors for SIDS. (Buzzetti & Ronfani, 2000)

In 2011, the Minister of Work, Health and Social Politics decided to invest
in a campaign called “Per loro e’ meglio” (“For them is better”), which consisted
in education for parents regarding basic information which could help to prevent
SIDS. Four precautions were suggested: Supine position during sleep and sharing
the room but not the bed with parents, no maternal or household smoking, use

of pacifier and let the infants sleep in a cool environment.

3.2 Correlation between SIDS and autonomic control

Different hypothesis have been proposed to explain the causes of SIDS but
up to now the so-called triple risk hypothesis is the most comprehensive model.
It presents SIDS as a result of three concomitant factors: a vulnerable baby, such
as a premature baby, LBW baby or with genetic predispositions, a critical
developmental period in homoeostatic control and an external stressor, such as

being placed to sleep in Prone position. Basically this model states that the
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vulnerability remains latent until infants enter a critical developmental age and
are exposed to an exogenous stressor (Filiano & Kinney, 1994).

Moreover it is commonly believed that the ultimate pathway to SIDS
involves immature cardiorespiratory autonomic control, united with a failure of
arousal responsiveness from sleep. (Moon, et al., 2007)

The reason why autonomic dysfunction has been suggested as a possible
cause of SIDS is that infants who had been studied and, later on, died from SIDS,

compared with surviving one, presented lower HRV (Schechtman, et al.,

1989), prolonged QT indexes (Schwartz, et al., 1998), low parasympathetic tone

and abnormalities of arousal patterns.

Lower HRV could indicate a reduced capacity of the ANS to react and
modulate its control in response to internal and external stimuli, while a
prolonged QT could be a signal of inefficient cardiac repolarization, linked to a
malfunction of sympathetic activity.

For what concerns arousal from sleep, it should be considered as a vital
response to a life-threatening event (LTE), such as hypotension or protracted

apnea; it could occur spontaneously as a consequence of internal physiological

changes or could be provoked by external factors. During arousal, HR, Arterial
Pressure (AP), and ventilation are augmented and a behavioral response is
evoked, inducing body movements aimed at avoiding the life-threatening stimuli.
These responses are conveyed and integrated in definite regions of the
hypothalamus and the brainstem.

Numerous investigations have reported fewer spontaneous arousals from
sleep and immature sleep patterns for babies who afterwards died of SIDS,
compared with those infants who survived. Significant evidence was provided by
Kato et al (Kato, et al., 2003) in a research with more than 20000 infants, which
found that cortical arousals were significantly less frequent in infants who would
succumb to SIDS than in the control infants during both Active and Quiet sleep.

Figure 1-8 shows that frequency and duration of subcortical activation were
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significantly higher in babies who succumbed to SIDS than in the control infants
during REM sleep.

AS Qs

AS = active QS = quiet sleep
position [[] = prone []= supine

25

20

15

10

inter-arousal interval (min)

o

" -
|
1 3 1 3
age (mo)

Figure 1-8 Inter-arousal interval in Active and Quiet sleep, depending
on the sleeping position (Kato, et al., 2003)

The reduced frequencies of cortical arousal in the victims of SIDS could
result from structural or functional changes within the babies’ arousal systems.
Pathologic alterations described in victims of SIDS include brainstem gliosis,
hypoplasia, or apoptosis. Functional changes could involve particular
synaptogenesis or synaptic activities within various arousal systems such as
abnormalities of serotonergic neurons shown in the ventral medulla and in
brainstem structures associated with respiratory, cardiovascular, and arousal
controls. Descending cortical inhibition of the arousal pathways might also
interfere with the complete arousal sequence. (Ariagno, et al., 2006)

The reason why autonomic control is so important is not only the fact that
regulates arousals which could allow a reaction of the baby in front of LTE, but
also the fact that it regulates vasomotor tone.

A report of infants dying from SIDS while attached to a cardiorespiratory
monitor showed an increasing bradycardia with continued breathing movements
just before the occurrence of death. Analysis of the data suggests that
cardiovascular/circulatory failure is important in the cascade of events leading up
to SIDS. As a matter of fact, the vasomotor system plays an important role in

circulatory control by regulating and altering blood volume distribution to meet
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the necessities of different organs and tissues while keeping a regular blood
pressure, an acceptable central venous return and cardiac output. Results
obtained by Chong et al. (Chong, et al., 2000) suggested that sleep in the Prone
position is associated with a reduction of vasomotor tone, with a lower resting
blood pressure and a higher peripheral skin compared with Supine sleeping
position, probably due to an effect on autonomic control.

This is associated with decreased HR (Sahni, et al., 1999), central venous
return, and cardiac output, indicating a dramatic sleep-induced alteration in
baroreceptor function, because a similar combination of events while awake
would lead to an increase in HR, with sympathetic activation and peripheral
vasoconstriction. Overheating as well increase the risk of SIDS, as the normal
response to heat is to increase skin blood flow and heat loss by a reduction in
vasomotor tone and peripheral vasodilatation.

The vasomotor system is controlled by the sympathetic component of the
autonomic nervous system, which also regulates cardiac repolarization. Recently,
a prolonged QT interval has been shown to increase the risk of SIDS and
inefficient cardiac repolarization has been suggested to be the cause. So these
might be two evidences of a common problematic.

A combination of circumstances which reduce vasomotor tone, such as
nocturnal sleep in the Prone position and with heavy wrapping, associated with
an unresponsive baroreceptor controlling system, for example an immature
nervous system due to premature delivery, could make an infant vulnerable to

inadequate central venous return, poor pulmonary perfusion, and hypoxia.
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CHAPTER 2

Materials and Methods

In this chapter we will describe the population used for the analysis.
Information will be given about the babies involved and about the characteristics
of the protocol and of the ECG signal acquisition.

Afterwards, the preprocessing of the data is illustrated, including
techniques to extract HR from ECG and to clean the HR from noise and artifacts.

Lastly, all the methods used for HR analysis are listed: time domain,

frequency domain and nonlinear methods.

1 Study population

1.1  Prone vs. Supine dataset

Several datasets were available for our study.

This research activity concentrated on a 6 hours study of 37 premies,
whose average gestational age (GA) was 28.7 weeks and the post-menstrual age
(PMA) 35.7 weeks. The signals available were ECG, EEG, respiration and

pulsoximetry measures. They were tilted both in Supine and Prone position, in
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cycles of tilts that took about 15 minutes each. 35 of the 37 babies have sleep
state coded, but two of them were disregarded due to bad signals acquisition.

Moreover all the babies were considered healthy, with no CNS problems,
such as cerebral bleeding.

Another crucial characteristic of this dataset was the fact that the
frequency of acquisition was 500 Hz. This is an important feature because a low
sampling rate may produce a disturbance in the estimation of the R peak fiducial
point, thus altering the successive analysis. For the adults the range suggested is
generally 250 to 500 Hz (Kattwinkel, et al., 2000), even higher for babies. We
used 500Hz, upsampled at 1000Hz.

The reasons why we decided to choose this option were multiple: firstly
because the baselines to analyze were longer, allowing us to have enough data
even if the recordings were affected by noise. Moreover, the presence of
challenges to the autonomic nervous system, such as change in position (Supine
vs. Prone) and reaction to tilt, seemed incredibly interesting for an investigation
of the neurodevelopment of babies.

The heterogeneity of the dataset, especially regarding the age, is both a
pro and a con. As a matter of fact, it can be useful to identify a different type of
response according to the age of the baby, but on the other hand it could make

harder to standardize conclusions.

Another dataset was a group of 50 babies who received family therapy as a
treatment for autism and other childhood disturbances, due to obligatory acute
care and protracted physical separation in the Neonatal Intensive Care Unit
(NICU). This study was a trial is a randomized controlled trial of a therapy that
consisted in assistance about mother-infant affective communication. Infant
neurobehavioral and physiological assessments (Bailey’s score) from birth
through 2 years corrected age (CA) and maternal assessments were made.

Babies typically had from 2 to 3 ECG recordings during their stay in the
NICU.
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Lastly, there was a project involving 92 newborns who underwent to
cardiac surgery. To evaluate the current impact of prenatal diagnosis on neonatal
outcomes is often unclear.

Table 1 summarizes all the datasets available and their characteristics.

Table 1 Summary of dataset available

DATASET PATIENTS | PATIENTS SIGNALS INVESTIGATION
NUMBER CHARACTERISTICS | ACQUIRED AIM
Evaluate effect of
Prone vs. Preterm babies ECG (SO.OHZ.)' sleep Ro§|t|on
Supine 37 GA 28.7 weeks EEG, respiration, | and of tilting on
P ) Pulse-oxymetry HR and HRV
regulation
Babies with long-
term
urodemorment | S50, |t mpa
nurture 50 ¥ of FNI on HR and

outcome risk due through 2 years

intervention
to protracted NICU corrected age

HRV regulation

staying and
prematurity
Evaluate the
Babies with influence of
Post-surgery 92 congenital heart ECG surgery on HR
defects and HRV
regulation
2 Experimental protocol

A randomized study of approximately 6-h duration was performed starting
when the infants were ready for discharge. Part of the babies, 24 out of 37, came
back for a prospective study of 1-h, approximately 1 month after the first
acquisition.

As illustrated in Figure 2-1, each study started with feeding and was
followed by two sequential 3-h periods of observation separated by another
feeding period. Infants were always assigned to the Supine position for the first

3-h epoch; the position was then inverted in the following 3-h epoch. For the
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Supine position, infants were placed flat on the back with the head turned to the
right; the babies remained in their assigned positions throughout the inter-

feeding period and no further manipulations were performed.

Suping = Prong ==
'—— b L o .
A 4 A A
Fl';thrIy Second
Tit Exly Tit
8AM-Feed 11AM-Feed 2PM-Feed
3 6-Houre >

Figure 2-1 Experimental design

In each epoch two tilt sequences were performed. A tilt sequence is formed
of four alternating head-up tilts in a fixed sequence; each takes around four
minutes (240 sec) in total and is divided in the following way:

e Horizontal to Tilted: starting from horizontal position the head-up angular
change will occur over the first 5 second period (0-5 sec)

o Tilted: tilt position will be maintained for next two minutes (5-120 sec)

o Tilted to Horizontal: change back to horizontal position will occur over next
five seconds (120-125 sec)

eHorizontal: horizontal position will be maintained for next two minutes

(125-240 sec) after which next tilt sequence will be initiated

In Table 2 is described the evolution of a typical study, with the average

length of each epoch.
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Table 2 Protocol time schedule. The values listed are the averages of all the babies’ schedules.

Feedingl e At 8:00
Electrode placement e Starts at 8:33 and it takes 8 minutes
Basel-supine e Starts at 8:42 and it lasts 20 min
Tilt1 e Starts at 9:02 and it lasts 15 min
Base2-supine e Starts at 9:17 and it lasts 30 min
Tilt2 e Starts at 9:47 and it lasts 15 min
Base3-supine e Starts at 10:02 and it lasts 50 min
Feeding2 e Starts at 10: 52 and it lasts 35 min
Base4-prone e Startsat 11:27 and it lasts 18 min
Tilt3 e Starts at 11:46 and it lasts 15 min
Base5-prone e Starts at 12:01 and it lasts 30 min
Tilt4 e Starts at 12:31 and it lasts 15 min
Basebprone e Starts at 12:46 and it lasts 54 min
3 Conditions analyzed

One of the interesting aspects of the dataset chosen is the fact that many
different conditions occur during the study, thus we can evaluate their effect of
cardiovascular regulation.

The first feature is the difference between Active or REM sleep and Quiet
Sleep. In particular, the regulation of sleep patterns is completely different in
adult and newborns. Due to the immaturity of the effect of circadian rhythms,
the sleep of a baby is mostly influenced by their primary need, which is feeding.
Babies usually sleep 2-3 hours and they awake very easily because they spend
most of their time in Active Sleep.

It is important to take into account this difference in our analysis since it

has been shown that Quiet Sleep is associated with lower HR and HRV, and HR
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patterns during Active Sleep being similar to those of awake state (Harper, et al.,
1976).

Babies in our study spent 65% of their sleeping in Active Sleep and 25% in
Quiet, the rest was undetermined.

The other condition we monitored was the sleeping position, whose
influence has been already extensively explained in the introduction.

Table 3 summarizes the 4 conditions we considered:

Table 3 Conditions analyzed. Supine and Prone takes on average 30 minutes each, while time spent in Active
and Quiet depends on each baby.

CONDITIONS ACTIVE SLEEP QUIET SLEEP
PRONE (Pr) AS-Pr QS-Pr
SUPINE (Sup) AS-Sup QS-Sup

4 The acquisition system

4.1  Signal characteristics

Infants were brought to the laboratory adjacent to the nursery at
approximately 07:30, for 6-h measurements of cardiorespiratory and electro-
cortical activity and behavioral state assessments. They were placed in a Plexiglas
open crib, and pulse-oximeter sensor, electrodes for recording ECG were
attached and EEG cap was placed over the head. No physical constraints such as
wrapping were employed during the study. The infants were wearing diapers and
undershirts and no additional heat was provided. Around 08:00 h babies were
fed and afterwards the study began until the 14:00 h feeding, with an
interruption for 11:00 h feeding.

Sleep state coding began 10 min after the 08:00 h feeding and terminated
prior to the 14:00 h feeding. Codes were assigned by direct observation each
minute using a scoring system developed and validated in the Infant Physiology

Laboratory at Children's Hospital of New York (Stefanski, et al., 1984). Briefly,
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states were coded every minute and Active Sleep was assigned when at least one
rapid eye movement was observed. In this state, small body movements and
movements of extremities and of the trunk occurred. On the other hand, Quiet
Sleep was defined when the baby was sleeping and no rapid eye movements
were occurring. During Quiet Sleep, movements were limited to startles and non-
nutritive sucking. Sometimes small body movements were observed but no
rapid eye movements occurred in the same minute, thus the sleep state was
defined as indeterminate. Codes were also assigned for wakefulness, crying, and
feeding.

It was decided to use 1-min epochs without smoothing algorithms because
it has the advantage of maintaining a tighter relationship between the assigned
state and the simultaneous changes in physiologic variables, even if it leads to
more minute to minute variability in state assignment.

Measurement of cardiorespiratory data was obtained for the ECG from a
standard HR monitor (Hewlett Packard 3680).

The impedance pneumogram was digitized at a rate of 50 samples per
second. A pattern recognition algorithm intended to detect peaks and troughs
was then used to mark the beginning and end of each breath in the filtered
impedance tracing.

Pulseoximetry-derived instantaneous pulse rate, SpO2 and perfusion index
were measured using the Masimo Set Radical oximeter (Masimo Corporation,
Irvine, CA, USA).

Dense Array EEG leads were connected to a Geodesics System 200
collection system (Electrical Geodesics, Eugene, OR). EEG data were acquired
with 128-electrode Geodesic Sensor Nets with a vertex reference.

During recording, the infant’s eyes were observed for movement and
blinks. Minimal EEG artifact from eye movement of the sleeping infants was

found.
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4.2 ECG analysis:

Peak detection

The first step in order to extract HR from ECG is the QRS peak detection.
This procedure was achieved with the implementation of a Matlab algorithm,
that considered a method based on the QRS recognition, average, windowing
and autocorrelation (Fanelli, et al., 2012).

As a first step, the signal was upsampled from 500 Hz to 1000 Hz, in order
to identify the peak position as close as possible to the real one, then it was
filtered with a low-pass filter up to 50 Hz, to remove spurious contributions.

Afterwards, a time window called QRS _sample was set, which is supposed
to correspond to the average length of a QRS sample; we decided to set this
value to 30 ms, based on theoretical knowledge and visual inspection of the raw
ECG.

At this point, the code scans the entire ECG taking into consideration
windows of 500 ms. The maximum value of the window is identified and a
template (grsTempl) is defined with a length corresponding to QRS sample
length and centered in the maximum. Then, the cross-correlation is taken
between grsTemp/ and the ECG window of 500 ms, because in this window there
will probably be more than one QRS complex and they can be identified based on
the peaks of the cross-correlation rather than on the peaks on the ECG. This
should lower the chance to identify a peak generated by random noise, because
correlation takes into account both peak amplitude and shape.

Lastly a control is performed in order to avoid considering two times the

same peak.

Search Back procedure and quality inspection
Peaks previously identified are used to compute the RR series. All the RR
values are evaluated one by one. If an RR interval was above a fixed threshold,

defined as the mean RR plus 10 times the standard deviation of the RR series,
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and the increase is not maintained in the following RR values, we can assume
that one peak was missed. Thus, the algorithm identifies the medium point
between the two peaks and looks for another peak in the surroundings as Figure

2-2 shows.
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Figure 2-2 ECG with peaks identified from the peak detection algorithm (in red). One peak was
missed and then detected by the search-back procedure (in black).

At this point, the new peaks and ECG tracks are imported in a waveform
marking and analyzing system, called Gmark program (Columbia’s property).
Thanks to this program we can easily visualize the peak position and the
tachogram extracted from them. This allows a fast visual inspection in order to
cancel possible wrongly identified peaks, to add missed peaks and to disregard

segments excessively affected by noise. Figure 2-3 shows an example of missed
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Figure 2-3 In this case the previous algorithm were not able to detect the last two peaks in this series
(marked in yellow). This is highlighted from the peak we see in the Interval graph below the ECG (marked in
blue)
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Lastly, the peaks are imported again in Matlab and the RR series are finally

calculated.

Preprocessing for noise removal

When the data is irreversibly corrupted by noise and artifacts during visual
inspection peaks are removed, thus obtaining very long RR values are generated.
Moreover, as Figure 2-4 confirms, abnormal RR values in the series can be due to
the presence of episodes of apnea and ectopic beats, which are thought not to
be generated by the mechanism responsible for the variability in the RR
intervals. Non-sinusal beats can be identified easily because they often occur
earlier (or sometimes later) than when one would expect a normal beat to occur

and are followed (or preceded) by a prolonged pause.
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Figure 2-4 ECG affected by apnea. RR distance excessively long (1.32 sec)

Both peaks generated by artifacts and by ectopic beats are detected and
removed in this last preprocessing step. The algorithm finds any RR-interval
exceeding 667 ms or shorter than 250 ms and eliminates them from the series.
Furthermore, it keeps track of when these interruptions occur, in order to take
them into account during further analysis.

The number of excluded RR intervals was 2% at the most.
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4.3 HR analysis

The aim of HR analysis was to extract information from HR in order to be
able to asses if there was a difference in the regulation of the cardiac rhythm due
to sleeping state and position.

We decided to analyze the baselines between the two tilt sessions
(Baseline 2 and 5) and the baselines after the second tilt of each 3 hours period
(Baseline 3 and 6). Baselines right after feeding (Baseline 1 and 4) were not
considered, for two reasons: first, on average these baselines were generally
shorter; secondly they should be more affected by the influence of the feeding as
shown in previous works (Fifer, et al., 2005).

The two baselines related to each sleeping position, were also considered
together, in order to have more data available for each baby. Thus, during the
rest of the thesis, they will be referred as a unique baseline interval.

The first 3 minutes after tilting were disregarded to remove largest tilting
effects on the HR.

The general approaches used in the analysis were time domain, frequency
domain and lastly nonlinear methods. Table 4 summarizes different methods of

data analysis, length of signals used and information extracted.

Table 4 Summary of different methods of data analysis, length of the signals used and information extracted

ANALYSIS SIGNALS INFORMATION
Time domain 3 min signals Evaluation of Short-term and Long-term
3 min signals, with 1 Evaluation of power distribution in
Frequency

min windowing for frequency bands. LF= 0.05-0.2 Hz HF=0.5-

domain
Welch 1.5Hz

. 3 min signals .
Entropy analysis . Evaluate beat to beat variability
1500 samples signals

) . Evaluate increases and decreases of
PRSA Entire baseline . )
changing period (from 3 to 60 samples )
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Time domain

The simplest methods to evaluate the variations of HR are probably time
domain measures. With these approaches in an ECG recording the so-called
normal-to-normal (NN) intervals (the intervals between adjacent QRS complexes
resulting from sinus node depolarization) or the instantaneous HR are
determined. Thus simple time domain variables are calculated, starting from the
mean HR; among them the difference between the longest and the shortest NN

interval and so forth.

Parameters from the Task Force of the ESC and NASPE

Since many of these measures are correlated, there are 4 parameters that
were suggested from the HRV Task Force, of the ESC and NASPE in 1996 (Malik,
et al., 1996): the standard deviation of the NN intervals (SDNN) and the HRV
triangular index (HRVTI) to estimate overall HRV, the standard deviation of the
average NN intervals (SDANN) to estimate long-term components of HRV and the
square root of the mean squared differences of successive NN intervals (RMSSD)
to estimate short term components of HRV.

SDNN is the standard deviation of the NN intervals, which is the square
root of the variance. The variance is mathematically equivalent to total power of
spectral analysis, thus SDNN represents all the cyclic components responsible for
variability in the period considered. If the period analyzed is diminished, SDNN
estimates shorter cycle lengths, thus SDNN depends on the duration of the
recording period and for this reason it is inappropriate to compare measures
obtained from recordings of different length.

The Task Force suggested standardizing the period of recording to 5
minutes for short term analysis. This recommendation was done discussing
about adult measurement, thus considering that the mean HR of babies almost
doubles the adult one, we decided to take into consideration 3 minutes epochs.

Another measure calculated from segments of the total ECG recording is
SDANN: the standard deviation of 3 minutes average NN intervals calculated

over the entire signal.
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RMSSD is the most frequently used measure derived from interval
differences; it estimates short-term high-frequency variations in HR.

The geometric method to obtain the HRV triangular index is shown in
Figure 2-5. RR interval sequence is converted to a discrete scale as a function of
bin amplitude. The length of the bins is the inverse of the sampling frequency of
the ECG, 1 ms. HVTI is defined as the integral of the density distribution, the total
number of NN intervals, (D), divided by the maximum of the density distribution

(Y).

Number of
A normal RR intervals
Al

Sample
density
distribution

D

LANAANA —

Duration of
normal RR intervals

Figure 2-5 Representation of the sample density distribution D, which assigns the number of equally long
NN intervals to each value of their lengths. Y=D(X) is the maximum of the sample density distribution D. The
HRV triangular index is the value obtained by dividing D by Y.

Parameters from fetal heart rate analysis

Added to these parameters, we decided to take into consideration those
that have been used to evaluate fetal health care, since premature babies share
many conditions and characteristics with fetuses.

The first parameters considered are Short Term Variability (STV) defined as
the average of the beat-to-beat interval differences over cycles, expressed in
milliseconds, and Long Term Variability (LTV), defined as the difference between
maximal and minimal instantaneous HRs over a period of 3 minutes and is
expressed in beats per minute (Jenkins, et al., 1980).

Nonetheless, few comparative studies have shown that most of the
indexes proposed to measure the LTV have two defects: first, as STV increases

LTV increases linearly too and secondly LTV parameters do not present an
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increase linearly correlated to the raise of HR (Parer, et al., 1985) (Laros, et al.,
1977)

Another discussion relative to these quantities is given in the paper of
Haan et al (Haan, et al., 1971), where he proposes a parameter for long time
irregularity (LTI) which shows less correlation with STV.

The parameters proposed describe the temporal properties of the fetal HR
series. Parameters were calculated on HR series gained by averaging 10 HR
values over 2.5s windows. Thus, every minute of signal contained 24 points, 2.5s
spaced. This signal was expressed in ms and referred to it as T4.

Haan at al. argued that the understanding of fetal heart action could be
greatly ameliorated by second order interval distribution, which can be obtained
by two-dimensional plotting of consecutive intervals or any given interval against

another.

RR,

Qi

%
RRI‘ _RRi—l

Figure 2-6 RR second order interval distribution
For example, interval RR1 is plotted against RR2, RR2 against RR3, and so
on. If consecutive intervals are identical (regularity), all the points defined by
(RRi-1, RRi) are found near a regression line through the origin with an angle (¢;)
with the abscissa of 45° degrees. This angle is called the argument and the
distance from the origin to the point defined by (RRi-i, RRi) is called the modulus
(r;). If consecutive intervals are different, the angle @; differs from 45° degrees.

Short term variability (STV) is expressed as an alteration in the argument and is a
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parameter that quantifies fetal HRV over a short time scale. The index was
computed using the definition provided by Arduini (Arduini, et al., 1994) and

implemented in Signorini et al. (Signorini, et al., 2003) as Eq.(1:

23 N .
STV = mean[|Tpq (i + 1) — Ty ()] = 222 VTOL 54 | o5 (1)

The STV is computed over windows 1 min long. After that, the values of
STV obtained from different windows are averaged. Using this approach, each
patient is described by a single value of STV.

On the other hand, the modulus is altered if consecutive intervals are
almost equal but the interval length varies during the course of time. Long Term
Irregularity (LTI) is expressed as the interquartile range of this modulus.

For the analyses, we employed the LTI index proposed by Haan et al.
(Haan, et al., 1971). LTI is computed over 3 min windows of the T,4 signal. It is
defined as the interquartile range [1/4; 3/4] of the distribution of the modal

mya(j), in Eq.(2:

My, (J) = T2 +)+TA(J), j=1...,71 (2)

The values of LTI obtained from different windows are averaged to obtain
a unique value per patient.

Other important parameters are the root mean square of differences
from the mean interval (RMSM) (Siimes, et al., 1990) and the Interval index (Il)
that describes the variability of fetal HR over a short period. The definition in

Eq.(3, proposed by Arduini et al. (Arduini, et al., 1994), was used for the analysis

= std UT24(i +1) _T24(i)‘],i =1,...,23 e
STV

38



Materials and Methods

where Ty4(i) is 1 minute of RR signal. As done with the other parameters, the Il
values computed over different windows are averaged to obtain a single Il value
per patient.

Lastly, the Differential Index (DI) is a parameter that measures the
relatively long term fluctuations in the RR intervals as expressed in Eqg.(4 (Yeh, et
al., 1973):

n-1 _ (4)
DI = Zi:l d, - d)

cond; = %K, K=cost, d = ﬁ it d)

n-1ttn

Frequency domain

Numerous spectral methods for the analysis of the RR time series have
been used since the late 1960s. Power spectral density (PSD) analysis makes
available the fundamental information of how power distributes as a function of
frequency. Independently of the mathematical algorithm used, only an estimate

of the true PSD of the signal can be obtained.

Parametric and Nonparametric PSD estimate

Figure 2-7 summarizes the calculation of the PSD, traditionally achieved
through two methods: non-parametric and parametric.

The advantages of the non-parametric approaches category are the
simplicity of the algorithm used (FFT in most cases) and the high processing
speed; on the other hand the advantages of the parametric methods
(autoregressive model) are the smoother spectral components that can be
distinguished independently of preselected frequency bands, the simple post
processing of the spectrum via automatic calculation of frequency power
component with an easy identification of the central frequency of each
component and lastly an accurate estimation of the PSD even with a small

number of samples (Malliani, et al., 1991).
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The main disadvantage of non-parametric approach is that it requires strict
periodicity of the data and is frequently used with an a priori selection of the
number and frequency range of oscillatory components. Parametric approach
instead, needs a verification of the suitability of the chosen model and of its
complexity.

Welch's method (Welch, 1967) is an improvement on the standard
periodogram spectrum estimating method: the signal is sectioned into L
overlapping segments data of length M, overlapping by D points. The overlapping

segments are then windowed, in our case with a Hamming window w (n) (5:

n
w(n) = 0.54 — 0.46 cos (ZTTM) 0<n<M (5)

with window length L=M+1.

Afterwards, the periodogram is calculated by computing the DFT. Lastly,
the periodograms are time-averaged, reducing the variance of the individual
power measurements. The end result is an array of power measurements vs.
frequency "bin". This method involves fewer computations but the smoother
spectrum is obtained at expenses of decreased frequency resolution.

In 1981, due to a proliferation of methods of PSD estimation, Kay and
Marple (Kay & Marple, 1981) felt the urgency to summarize the work done until
then and to compare all the approaches proposed. As highlighted in their
publication, the AR method yields a better resolution while the FFT approach is
computationally more efficient. In our case though, the frequency resolution
obtained by the FFT is enough for our purposes: the resolution is defined as the
inverse of the length of the observation window of 1 minute in the Welch
approach, thus f=0.01667 Hz.

Also Clayton et al. (Clayton, et al., 1997) have shown that FFT and
autoregressive (AR) methods can obtain comparable results in the low-frequency
(LF) and high-frequency (HF) on linearly resampled 5-min RR series across a

patient population with an extensive variety of ages and medical conditions. For
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this reason, in our analysis we decided to consider only non-parametric FFT
method.

In short term recordings (2-5 minutes), three main spectral components
are distinguished in a spectrum of an adult: very low frequency (VLF), low
frequency (LF) and high frequency (HF) components. The distribution of the
power and the central frequency of these bands are not predetermined but
could change due to variation in autonomic modulations of HR.

For what regards HRV series obtained from babies, and even more from
prematures, frequency bands are not as clear as in adults because the control
mechanisms are not fully developed and thus they do not operate with fixed
rhythmic regulation. Moreover, those that act on the regulation of HR and
respiration operate at higher frequencies with respect to adults. For example,
the respiration rate of a baby can easily go up to 60 breaths per minute, while
usually an adult remains in a range of 20-30 breaths per minute.

In order to focus the attention on the application of frequency domain
analysis on HR, it is crucial to highlight that, in contrast to a time series, point
processes are sequences of events. Thus, the information is encoded solely by
the times of occurrences of these events.

For a time series x(t) of length N and sampling rate 1/At the Fourier

transform is given by Eq. (6:

1 N —iwjAt o (6)
FFT {x(t)}(w) == ZiL; e~/ x(jt)

with natural frequency values w;, = ;LAIE = Z?Ek, k =-N/2...,0,..N/2, where NAt =T
is the length of the time series.

Since point processes are characterized by a sequence of events, the
notion of time series is no longer valid. Several approaches have been discussed
to calculate the Fourier transform of a point process.

A common method is to take the FFT of the signal as if it was evenly

sampled and then to consider as a Nyquist frequency the inverse of the mean RR
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value. Nonetheless, this method does not allow a simple comparison among
spectra, since different epochs will have different mean RR values.

Another approach is to convert the point process into a time series to
make it accessible for the well-investigated methods in the context of time series
analysis. In order to gain an evenly sampled time series prior to FFT-based
spectral estimation, linear or cubic spline resampling has been widely utilized.

(Clifford & Tarass, 2005)
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Figure 2-7 A) Tachogram of an adult at rest. B) PSD estimate with AR model. C) PSD estimate with FFT
algorithm (Malik, et al., 1996)

Therefore, time series should be resampled at a frequency at least twice
the maximum frequency of the signal. The action of replacing unevenly sampled

data with evenly sampled data requires the assumption of some underlying
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model which describes the relationship between each point. Stable schemes,
such as linear interpolation, lead to coarse approximations to the underlying
nonlinear behavior, while more complex schemes are inclined to instabilities and

fail to capture the full underlying dynamics of the signal.

Lomb-Scargle Periodogram

Since it has been proved in many studies that interpolation and resampling
of unevenly spaced point processes can introduce artifacts in PSD estimation, we
were suggested to validate the Lomb-Scargle (LS) periodogram on HR signals
from infants. This technique was firstly introduced in the field as an advanced
spectral estimation technique for unevenly sampled time series: the reason why
the authors claim this method to be more appropriate for calculating the PSD of
an unevenly sampled signal is that no explicit data replacement is made (or
model assumed) and the PSD is calculated from only the known values.

Nonetheless, the frequency range investigated when dealing with infants is
particular because is very Prone in introducing artifacts in PSD estimation, due to
high breathing rate.

In addition to the issues raised by the unevenly sampled nature of the RR
tachogram, the necessity of removing ectopic beats introduces further
resampling problems, increasing the variance of the inter-beat intervals.

In 1982, Scargle’s (Scargle, 1982) paper on unevenly sampled time
correlated data he demonstrated that the generalized—point discrete Fourier
transform (DFT) of a time series for arbitrary times with variance and a mean

value, leads to the expression for the normalized Lomb-Scargle periodogram(7:

1 ([%;@x; — ®)cos (w(t; — )] N [3(x; — ©)sin(w(t; — )] (7)
o? X cos® (w(t; — 1)) 2 sin® (w(tj — 1))

PN(w) = 5

where T = tan™!((¥; sin(Zwtj))/Za)(Zj cos(Zwtj))).
T is an offset that makes PN(w) completely independent of shifting the tj’s

by any constant. This choice of offset makes the expression exactly the solution
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that one would obtain if the harmonic content of a data set, at a given
frequency, was estimated by linear least-squares fitting to the model instead of
weighting the data on a per time interval basis.

Particular attention will be dedicated to the evaluation of the applicability

and reliability of this method to HRV signals of premature babies.

Independently from the method selected, in order to choose an
appropriate length of the recording to estimate the PSD, the requirement of
stationarity must be balanced against the time required to resolve the
information present. The European and North American Task Force on standards
in HRV (Malik, et al., 1996) suggests that the shortest time period over which
HRV metrics should be assessed for adults is 5 min, so that the lowest frequency
that can be resolved is 1/300 s = circa 0.003 Hz.

We implemented frequency analysis on windows of 3 minutes of
continuous tachogram, since for our purposes this resolution was enough. From
the segments the mean was subtracted in order to remove the DC component in
the spectrum, which would have covered all the other contributions at higher
frequencies.

For the FFT analysis we interpolated the RR values with a cubic spline and
we resampled the obtained function at 10 Hz, then 3 minutes windows were
divided in 1 minute segments with 50% overlapping for the Welch procedure.

On the other hand, for the LS analysis we left the signals as they were, just
dividing them in 3 minutes segments.

The frequency ranges of LF and HF bands were not unequivocally defined
in literature: as mentioned before, the cardiovascular control mechanisms are
still developing in neonates, leading to extremely variable frequency peaks, inter
and intra subjects.

We choose 0.05-0.2 Hz for LF band and 0.5-1.5 Hz for HF band.
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Nonlinear analysis: entropy and PRSA

Various measures of complexity were developed to compare time series
and discriminate regular (e.g., periodic), quasi-periodic, chaotic and random
behavior.

We are interested in these measures since it has been reported that
complexity measures of heart and brain data can differentiate healthy and sick
subjects.

Nonlinear analysis has demonstrated itself as a powerful methodology to
understand biological systems. Nonetheless, the calculations usually call for very
long data sets, which are extremely difficult to obtain.

Among complexity parameters Entropy estimates play a significant role:
they can be defined for non-linear dynamical systems and there are profound
relations between these quantities and computational dimension. Many
algorithms have been developed in order to estimate complexity measures from
real-world time series and even if they work wonderfully when the time series is
simulated from a low-dimensional dynamical system, most of them break down
as soon as noise is added to the series. For real-world series, noise elimination
requires careful preprocessing of the data and fine tuning of parameters, and the

results cannot be reproduced without specifying details of the method.

Shannon entropy

Given a system, its information content is usually assessed via a Probability
Density Function (PDF) P describing the distribution of some measurable or
observable quantity X(t). Thus, quantifying the information content of a given
system is generally equal to characterizing its probability distribution. This is
often done with the wide family of measures called information entropies.

Entropy is a basic quantity with multiple field-specific interpretations: for
example, it has been related with disorder, state-space volume, or lack of
information. When dealing with information content, Shannon entropy is often

considered as the earliest and the fundamental one (Shannon, 1948).
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Given any arbitrary discrete probability distribution P = {pi : i = 1,...,M},
with M degrees of freedom, Shannon’s logarithmic information measure is given

by Eq.(8:

S[P] = XL, pi log (pi) (8)

(8 can be regarded as a measure of the uncertainty associated to the
physical process defined by P. For example, if S[P] = Smin = 0, we can predict
with certainty which of the possible outcomes i, whose probabilities are given by
pi, will actually occur; thus the knowledge of the underlying process described by
the probability distribution is maximal in this case. On the opposite, our
knowledge is minimal for a uniform distribution (Pe = {1/M,Vi = 1,...,M}) and the
uncertainty is maximal.

Nonetheless, this traditional approach presents few shortcomings. First
and foremost, Shannon’s and other classical measures disregard temporal
relationships between the values of the time series, so that structure and
possible temporal patterns present in the process are not accounted for. This
means that, if two time series are defined as X1 = {0,1,1,0} and X2 = {0,1,0,1}, it
follows that S[P(X1)] = S[P(X2)]. Consequently, order relations and the time scales
of the dynamics are lost.

Second, classical entropy measures assume some prior knowledge about
the system; specifically, in using quantifiers based on Information Theory, a
probability distribution associated to the time series under analysis should be
previously provided. The determination of the most adequate PDF is a
fundamental problem because the PDF P and the sample space Q are inextricably
linked. Many methods have been proposed for a proper selection of the
probability space (Q,P), such as frequency counting (Rosso, et al., 2009), Fourier
analysis (Powell & Percival, 1979), or wavelet transform (Rosso, et al., 2001) and
their applicability depends on particular characteristics of the data, such as

stationarity, time series length, variation of the parameters, level of noise
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contamination, etc. In all these cases, the dynamics global features can be
somehow captured, but the different approaches are not exchangeable in their
ability to discriminate all the relevant physical details.

Third, classical methods are often best designed to deal with linear
systems, and only poorly describe highly nonlinear chaotic systems, such as

biological signals. (Zanin, et al., 2012).

Approximate Entropy

Shannon work was followed by innumerable studies, from Kolmogorov to
Sinai. These researches relied on ergodic theorems and the results were
applicable to probabilistic settings. The theoretical assumption above was not
intended as a means to effectively discriminate dynamical systems given finite,
noisy data, or to certify a deterministic setting. For all these formulas and
algorithms, the amount of data typically necessary to achieve convergence was
unfeasibly large.

In 1991, Pincus (Pincus, 1991) adapted the notion of entropy for real-
world use: until then, infinite and perfect datasets were required to determine a
precise value of entropy, but biological datasets were neither of those. Pincus
had the important intuition that even an imperfect estimate of entropy could be
used to rank sets of time series in their hierarchy of order. He introduced
Approximate Entropy (ApEn).

Moreover, ApEn (m, r) parameters could distinguish a wide variety of
systems, thus no previous knowledge about the system is required and for small
m estimation of ApEn(m, r) by ApEn(m, r, N) can be achieved with relatively few
points. ApEn distinguishes low-dimensional deterministic systems, periodic and
multiply periodic systems, high-dimensional chaotic systems, stochastic, and
mixed systems.

Thus, Pincus (Pincus, et al., 1993) developed the theory and the method for
a measure that quantifies regularity in data and has already been widely applied

in clinical cardiovascular studies (Fleisher, et al., 1993) (Nelson, et al., 1998),
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showing to provide new mathematical insights into various biological
applications.

As part of a more general theoretical development, ApEn is a measure of
regularity strictly related to the Kolmogorov entropy, the rate of generation of
new information and it has also been shown to be the natural information theory
parameter for an approximating Markov chain to a process (Pincus, et al., 1993).
This analysis can be used with typically short and noisy time series of clinical
data. The method examines time series looking for similar epochs: more

frequent and similar epochs lead to lower values of ApEn.

The family of statistics ApEn (m,r,N) is approximately the negative natural
logarithm of the conditional probability (CP) that a dataset of length N, having
repeated itself within a tolerance r for m points, will also repeat itself for m+ 1
points. As a consequence, a low value of ApEn reflects a high degree of
regularity.

Precisely, ApEn defined by Pincus states that given N points u(i), the
algorithm constructs sequences xn,(i) and it computes, for each i< N —m + 1, the
quantity in Eq.(9:

Cr ()=t <n-me1]dlx, ()%, ()]<r) ©

CL, measures, with a tolerance r, the regularity of patterns comparing
them to a given pattern of length m (m and r are fixed values: m is the detail
level at which the signal is analyzed and r is a threshold, which filters out

irregularities). The ApEn is the defined as in Eq.(10

ApEn(m,r) =®™" — " (10)

N-m+1

> InC(r)

m 1
where @ (r)=m _
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ApEn algorithm counts each sequence as matching itself. This is
inconsistent with the idea of new information and is a strong source of bias
toward ApEn= 0 when there are few matches (Douglas, et al., 2002).

This has led to discussion of the bias of ApEn, because this causes this
measure to lack two important expected properties. First, ApEn is greatly
dependent on the record length and is uniformly lower than expected for short
records; second, it lacks relative consistency. This means that if ApEn of one data
set is higher than that of another, it should, but does not, remain higher for all

conditions tested.

Sample Entropy

In order to overcome some problems related to ApEn, a new family of
statistics called Sample Entropy (SampEn) (Richman & Moorman, 2000) was
developed, that does not count self-matches. SampEn is precisely the negative
natural logarithm of the conditional probability that a dataset of length N, having
repeated itself within a tolerance r for m points A times, will also repeat itself for
m+1 points B times, without allowing self-matches. Consequently, a lower value
of SampEn also indicates more self-similarity in the time series.

SampeEn is defined as Eq. (11):

SampEn(m,r) = ii—{lgo{_ In[A™(r)/B™(r)]} (112)

Where:
AT(r) = (N =m = 1) {#of Xmyq1()such that d[xp1 (D), Xy (D] < 7,0 # j}
B"(r) = (N —m— 1) Y{#of x,,(j)such that d[xpy, (D), x,n (D] < 7,0 # j}
N-m

m — _ -1 m
Am ) = (N = m) Zl}v:_lmAl )

m _ _ -1 m
B™(r) = (N — m) Zi:l B (r)

As can be seen in Eqg.(11, the differences with respect to ApEn are: (i) self-
matches are not counted, (ii) only the first N-m vectors of length m are

considered and (iii) the conditional probabilities are not estimated in a template
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manner: they do not adopt as probability measure the ratio of the logarithmic
sums, but they compute directly the logarithm of conditional probability.

SampEn was designed to diminish the bias of ApEn, introduced due to self-
matches, and has closer agreement with theory for data sets with known
probabilistic content. Moreover, SampEn is mostly independent of record length
and displays the property of relative consistency in situations where ApEn does
not.

Even though m and r are crucial in determining the outcome of both
methods for entropy estimation, no guidelines exist for optimizing their values.
The existing rules generally lead to the use of values of r between 0.1 and 0.25
and values of m from 1 to 3 for data records of length N ranging from 100 to
5,000 data points. In principle, the accurateness and confidence of the entropy
estimate improve as the numbers of matches of length m and m + 1 increase.

The benefits of SampEn comprise larger values of A and B and therefore
more confident estimation of CP.

In either method, the number of matches can be augmented by selecting
small m (short templates) and large r (wide tolerance). Indeed, there are
theoretical and practical disadvantages if the criteria chosen are too relaxed.
Firstly, even if these calculations only intend to estimate, entropy is defined as
the limit as m approaches oo and as r approaches 0. Secondly, as r increases, the
probability of matches tends toward 1 and SampEn tends to O for all processes,
in this manner decreasing the capability to distinguish any noticeable features in
the dataset. As m decreases, underlying physical processes that are not optimally
described with small templates may be obscured. (Richman & Moorman, 2000)

The value of N is fixed, typically between 100 and 5,000.

In our analysis, we used N= 1500 and r=0.2*standard deviations of the
data. We have repeated the analysis with m going from 1 to 3. An important
point to keep in mind about the parameter ris that it is commonly expressed as a
fraction of the standard deviation of the data and in this way makes ApEn a

scale-invariant measure.
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Permutation Entropy

The first two Entropy methods estimate complexity starting from the
presence of repeating pattern in the sequence of samples. Permutation entropy
(PermEn) instead estimates Entropy based on the dimension of the system that
generate the temporal series.

PermEn is another simple complexity measure which is straightforwardly
calculated for any type of time series be it regular, chaotic, noisy, or reality
based. It most importantly yields meaningful results in the presence of
observational and dynamical noise.

Bandt and Pompe (Bandt & Pompe, 2002) presented this simple and robust
method that considers time causality by comparing neighboring values in a time
series. The appropriate symbol sequence generates naturally from the time
series and no prior knowledge is required.

“Partitions” are created by comparing the order of neighboring relative
values, rather than by allocating amplitudes according to different levels. Based
on this symbolic analysis, permutation entropy is then built.

Bandt and Pompe’s approach incorporates causality in the evaluation of
the PDF associated to a time series; its use has been shown to yield a clear
improvement on the quality of Information theory-based quantifiers (Zanin, et
al., 2012).

In order to implement this method, at each time s of a given time series X =
{x; : t=1,..,N}, a vector composed of the D-th subsequent values is built with
Eqg.(12:

S > (X5, Xs41/-r Xs+(D=2)s Xs+(D-1)) (12)
D is named embedding dimension and defines how much information is
enclosed in each vector. To this vector, an ordinal pattern is associated, defined

as the permutation m=(r0 r1...rD-1) of (0 1:--D - 1) which fulfills Eq.(13:

Xs470S Xor1 S oo S Xsprp_, S Xgyrp_, (13)

51



Materials and Methods

This means that the values of each vector are arranged in an ascending
order and a permutation pattern m is created with the offset of the permuted
values.

A numerical example is presented to help clarifying the concept: take the
time series X = {3,1,4,1,5,9}. For D = 3, the vector of values matching s = 1 is
(3,1,4). The vector is organized in ascending order obtaining (1,3,4); the
corresponding permutation pattern is then m = (102). For s = 2, the vector of
values is (1,4,1), ending with a permutation mt = (021). If two values are equal,
they are ordered according to the time of their occurrence.

Graphically, Figure 2-8 illustrates the construction principle of the ordinal
patterns of length D = 2,3 and 4 . Consider the value sequence {x0,x1,x2,x3}: for
D = 2, there are only two potential directions from x0 to x1, up and down. For D =
3, starting from x1 (up) the third part of the pattern can be above x1, below x0,
or between x0 and x1. An analogue situation can be found starting from x1
(down). For D = 4, for each one of the 6 possible positions for x2, 4 possible
localizations exist for x3, giving D! = 4! = 24 different ordinal patterns. In the
diagram of Fig. 2-7, with full circles and continuous line we represent the

sequence values x0 < x2 < x3 < x1, which lead to the pattern m = (0231).

D=1 D=2 D=3 D=4

Figure 2-8 Construction principle of the ordinal patterns of length D = 2,3 and 4 for the value
sequence {x0,x1,x2,x3}

Eq.(12 can be further extended by considering an embedding delay T, as in

Eqg.(14:
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s > (xSl Xs+1re+r Xs4+1(D-2) xs+‘r(D—2)) (14)

when 1 is bigger than one, the values constituting the permutations are taken
non-consecutively, thus mapping the dynamics of the system at diverse temporal
scales.

The relevance of this method is then clear: by assessing the presence or
absence of some permutation patterns of the elements of a time series, the
method tries to possible to derive information about the variables of the
underlying system. Even if all patterns eventually appear, the probability of each
one being present can reveal significant information about this structure.

More generally, to each time series it is possible to associate a probability
distribution M, whose elements m; are the frequencies associated with the i
possible permutation patterns - therefore, i=1,---,D!.

PermEn is then defined as the Shannon entropy associated to such

distribution in Eq. (15:

D!
PE = zni Inm; (15)

i+1

In order to calculate the quantity of information coded by such
distribution, the logarithm is usually in base 2. Furthermore, by noticing that PE

€ [0,log2 D!], a normalized Permutation Entropy can be defined as in Eq. (16:

D!
1
PE,orm = _logZD! Zﬂi log, m; (16)
L

(16 indicates that the resulting probability distribution has two main
parameters: the dimension D and the embedding delay t. The former plays an
important role in the evaluation of the appropriate probability distribution, since

D determines the number of accessible variables, given by D!.
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Moreover, to achieve reliable statistics and proper discrimination between
stochastic and deterministic dynamics, it is necessary that N » D! (Kowalski, et
al., 2007).

For practical purpose, Bandt and Pompe (Bandt & Pompe, 2002) suggested
to work with 3 < D <7 with a time lag T = 1. Nonetheless, other values of T might
provide additional information, related with the intrinsic time delay
characterizing the system. This choice of t is appropriate for an event series.

(Bandt, 2005).

Phase-rectified Signal Averaging

In many natural signals periodicities happen on diverse time scales due to
intrinsic closed-loop regulations within the controlling systems. In physiology,
cardiac rhythms, rhythmic motions of limbs in walking, muscle contractions,
rhythms underlying the release of hormones that regulate growth and
metabolism are just a small number of the many periodic phenomena.
Therefore, there are numerous applications where periodicities must be
detected from experimental data.

Non-stationarities, however, are a major issue in the analysis of signals that
are recorded from composite systems over an extended period of time. Many
internal and external perturbations are unceasingly influencing the systems,
causing interruptions of the periodic behavior. The interruptions often ‘reset’ the
regulatory processes leading to a phase de-synchronization of the oscillations.
The signal consequently becomes quasi-periodic and cannot be thoroughly
guantified by conventional methods, for example spectral analysis that compare
the signal with long sinusoids of different frequency without phase resets.
Moreover, any measurement of a biological system is noise polluted.

An innovative signal processing technique, called phase-rectified signal
averaging (PRSA) (Bauer, et al., 2006), has been proposed to address this issue.

PRSA is an algorithm capable of synchronizing the phase of all periodic
components of a noisy, non-stationary signal with respect to their frequencies

and time scales. Furthermore, it is a powerful tool to analyze separately the
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accelerations and decelerations of the HR; this peculiarity gives the possibility to
identify the influence of the sympathetic and parasympathetic system separately
(Huhn, et al., 2011).

The HR signals are processed using this technique with the aim of
compressing the signal into a shorter sequence, without losing any relevant
quasi-periodicities, but removing non-stationarities, artifacts, and noise.

This technique consists of 3 simple steps outlined in Figure-2-9.
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Figure-2-9 lllustration of the PRSA technique: (a) Anchor points are selected from the original time series
(x;); here increase events are selected according to Eq. (1a), corresponding to T=1. (b) Windows
(surroundings) of length 2L with L=16 are defined around each anchor point; the points in each window are
given by Eq. (3) and shown here for the first four anchor points. (c) The surroundings of many anchor points
(all located in the center) are shown on top of each other. (d) The PRSA curve X (k) resulting from averaging
over all surroundings is shown versus the offset k from the anchor points; the parameter L is increased to
L=32 in order to improve the visibility of the slow period. The original signal consists of 1/f noise (generated
using the Fourier filtering method, see, e.g., Ref. [5]) with two additional quasi-periodicities with
characteristic frequencies f =0.05/At and f= 0.3/At; phase jumps are inserted after an average number of
four periods.

Firstly, anchor points (AP) are chosen based on a certain property of signal
x. In this study, increases or decreases in the signal are considered (Eq.(17 and

Eq.(18), as well as averages of T values of the time series (Eq.(19 and Eg. (20)
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X; > Xit+1 (17)
X < X1 (18)
1T—1 1T—1 (19)
3N
=0 =0
(20)

T-1 T-1
1 1
SRR
j=0 j=0

Normally, half of the points of the signal will be APs by these definitions.

The parameter T sets an upper frequency limit for the detection of
periodicities, since taking a mean over T samples is equal to applying a low-pass
filter.

The proficiency of resetting comes from the fact that when we mark the AP
in the increasing (decreasing) point, it will be in the phase of the steepest ascent
(descent), which means when the phase of the oscillation is near to 0 (). Thanks
to this procedure, we can extract the phase information of the oscillations from
the signal itself.

Afterwards, windows of length 2L, in this case L=150 samples, are defined
around each AP. APs where no full surroundings of this length are available are
omitted from the analysis. Since most of the APs are closer than 2L, most of the
windows will overlap. It is crucial to properly select the parameter L; it should be
larger than the period of the slowest oscillation that one wants to detect. Lastly,
the windows are all centered in the AP and the PRSA curve is obtained by
averaging the aligned windows.

Due to this average, components that are not phase synchronized with the
AP, will have zero mean and thus will even out; on the other end, the events that
have a fixed phase relationship with the AP in all the 2L windows will have the
same pattern and thus will be preserved in the average.

We repeated the analysis with T ranging from 3 to 60 samples, which on

average corresponds to 1 to 20 beats.
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From each signal, the average was subtracted to highlight variation around

the mean and to facilitate the comparison between signals with different means.
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CHAPTER 3

Results

In the first part of this chapter we will present a validation of our
population. In fact, before proceeding to all the analysis, we have calculated few
parameters to check if our data were following physiological behaviors illustrated
in literature, in order to prove that further results can be referred to a general
population.

In the second part, the results obtained with the methods illustrated in
Chapter 2 are shown. We will illustrate for each method a significant example,
with a ‘step by step’ approach, in order to highlight the potentiality of the
approach. Tables containing the values of each infant can be requested to the
authors of this thesis.

Lastly, the statistical analyses are presented, elucidating which methods

are capable of distinguishing among the various conditions.

1 Evolution of parameters with PMA

It is well known that when babies are born their HR is almost double

adults’ one. Thus, during the infancy their HR needs to decrease. We looked for
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this phenomenon in our data, as a function of post-menstrual age (PMA) at the
time of the study, in order to evaluate if the recordings used were exemplifying a
general population.

It is important to highlight that the distribution of our population among
the different PMA groups is not homogenous. Table 5 shows the number of

babies present in each age group.

Table 5 Age distribution of the population according to PMA

PMA 32 33 34 35 36 37 38 40 42 43
(weeks)
# Babies | 1 5 5 9 6 3 3 1 1 1
HRstd 165.8 | 164.3 | 167.4 | 168.6 | 159.7 | 151.4 | 156.6 | 152.9 | 149.
Active- $12.3 | £11.7 | 6.2 18.9 3.4 2.0 1
Sup
HRstd 162.9 152.1 139.4 | 138.1 | 146.2 | 146.
Quiet-Pr +11.7 +11.2 +12.9 4

To perform this analysis, we took the mean of the HR of all the babies and
then we divided them in categories according to their PMA (by week). Then we
took the average of the HR values of each group and we plotted them against the
PMA. We obtained the following graphs showing that mean HR decreases with

increasing age. This is totally in agreement with what said in the beginning of this

paragraph.
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Figure 3-1 HR (beats per minute) as a function of PMA, expressed in weeks. In the graph to the left, average
HR of babies in Active sleep are portrayed, both in Prone (red) and Supine (blue) position. Picture to the right

shows the same analysis, but for babies in Quiet sleep
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Reduced HR has always been related to an increase in vagal contribution.
In the frequency spectrum, this contribution is generally contained in the HF.
Thus, we have done the same type of analysis plotting the HF contribution
averaged in every PMA group, against the PMA.

The results are shown in figures below, where an increasing trend can be
seen. Differently from the mean HR that was extremely homogenous in each
PMA group, HF contribution was more variable and this has greatly affected this

second analysis.
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Figure 3-2 High Frequency contributions, in ms?, as a function of PMA, expressed in weeks. In the graph to
the left, average HF of babies in Active sleep are portrayed, both in Prone (red) and Supine (blue) position.
Picture to the right shows the same analysis, but for babies in Quiet sleep

These results are crucial for the entire study: as a matter of fact, they
allowed us to be confident that the parameters calculated to evaluate the
functioning of ANS can be representative of an average population of infants of

this age.
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2 ‘Step by step’ presentation of the results:

In order to present the results in a simple and straightforward way, for

each method one subject from the entire population was considered to present

the outcomes and the considerations relative to a single case. Then the entire

population will be described.

In the figures below are portrayed examples of around 3 minutes recording

of babies 4 and 15, who have been selected to present the results in the

following sections.

At first glance, Active and Quiet sleep recordings in Figure 3-4 and Figure

3-5 appear very different in term of variability, while Prone and Supine positions

in Figure 3-3and Figure 3-6 are not as distinguishable.
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Figure 3-3 In the upper picture, is shown a tachogram of patient 15 in Active sleep and in Supine position,
while in the lower picture, the tachogram is taken from Prone position. RR values are in millisecond and

samples on the x axis indicate the occurrence of the QRS peaks in ECG recording
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Figure 3-4 In the upper picture, is shown a tachogram of patient 15 in Supine position and Quiet sleep,
while in the lower picture, the tachogram is taken from Active sleep. RR values are in millisecond and

samples on the x axis indicate the occurrence of the QRS peaks in ECG recording
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Figure 3-5 In the upper picture, is shown a tachogram of patient 4 in Prone position and in Quiet sleep,
while in the lower picture, the tachogram is taken from Active sleep. RR values are in millisecond and
samples on the x axis indicate the occurrence of the QRS peaks in ECG recording
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Figure 3-6 In the upper picture, is shown a tachogram of patient 4 in Quiet sleep and in Supine position,
while in the lower picture, the tachogram is taken from Prone position. RR values are in millisecond and
samples on the x axis indicate the occurrence of the QRS peaks in ECG recording

2.1 Time domain

All time domain parameters have been calculated on segments of 3
minutes on the Supine and Prone baselines, both in Active and Quiet sleep.
This definite period of time is significant since, for premature babies, the

hypothesis of stationarity is supposed to remain valid.

Segments recruitment procedure:

These procedures have been repeated considering only segments retained
as valid, depending on the presence of a certain number of interruptions within
the signal. In fact, every time an ectopic beat, an excessively long RR interval or a
noisy artifact occurs, the point of the RR sequence related to the event is

disregarded and one or more samples are lost (as explained in the preprocessing
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for noise removal section). This loss of continuity in the signal may affect the
results. Thus, in order to assess the effect of the alterations of the signal due to
these interruptions, four possible ways of recruitment of the segments have

been chosen:

1. No concern about the presence of interruptions in the segment.
2. Use of 3 minutes parts containing less than 10 interruptions.

3. Use of 3 minutes parts containing less than 8 interruptions.

4. Use of 3 minutes parts containing less than 5 interruptions.

Going from the first to the last condition, the total length of signal available
for the computation reduces, however the reliability of the results improves
consistently.

Finally all the values obtained from the 3-minutes segments are averaged
and one single parameter is extracted for the characterization of infant
condition. This operation of averaging is made only if at least 3 segments of 3
minutes are available, otherwise the baseline is disregarded because the length
is insufficient for a trustworthy evaluation.

In Table 6 are shown the outcomes of subject number 4, obtained using
the 4™ criterion of recruitment. It appears evident that in Active sleep
parameters are higher than in Quiet and that in Active sleep values show a
higher HRV in Prone position. Since the number of parameters computed is
relevant, it is essential to understand which of them contain different
information about the system and which instead may be considered as
correlated, in order to reduce the number of parameters extracted without

losing information about the system.
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Table 6 Time domain parameters for subject number 4, with the 4™ criterion of recruitment, where only
segments with less than 5 interruptions are accepted

Parameter ACTIVE SLEEP QUIET SLEEP
SUPINE PRONE SUPINE PRONE
SDNN | 0.0168 +0.0061 | 0.0068 +0.0041 | 0.0036 +0.0016 | 0.0094 *
SDANN 0.0069 0.0048 0.0012 0.0028
RMSSD | 0.0051+0.0022 | 0.0031+0.0012 | 0.0017 +0.0001 | 0.0039 &
HVTI 18.05 11.57 3.92 6.43
Mean HR | 0.358 +0.008 0.349 £ 0.009 0.332 £ 0.001 0.353 ¢
STV 0.0035 +0.0009 | 0.0023 +0.0008 | 0.0013 +9E-05 | 0.0028 *
LTV 35.67 + 15.06 20.48 £ 10.63 13.54 £ 6.92 37.14 ¢
[ 0.0469 0.0167 | 0.0192+0.0112 | 0.0111+0.0049 | 0.0267 *
DI 0.0126 £ 0.0054 | 0.0063 +0.0032 | 0.0031+0.0009 | 0.0059 *
RMSM | 0.0441+0.0216 | 0.0140+0.0085 | 0.0080 +0.0016 | 0.0146
LTI 0.0364+0.0183 | 0.0121+0.0104 | 0.0052 +0.0018 | 0.0114
2.2  Frequency Domain

Frequency domain parameters were evaluated firstly with the traditional

Welch method. We calculated the frequency contributions in the following band:
LF from 0.05 to 0.2 Hz, while HF from 0.5 to 1.5 Hz.

Since this type of analysis must be applied to evenly spaced signal, the RR
series needed to be interpolated and resampled. It was used a cubic spline and
then the signal was resampled at 10 Hz.

Each signal was then explored and segments of 3 minutes of continuous
recording were identified and taken into consideration. Only if a baby had at
least 3 segments of 3 minutes he/she was included in the analysis, in order to

obtain robust results. The results presented below are from baby number 15.
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Figure 3-7 Welch spectra from patient number 15, represented in a semilogarithmic graph. The left picture
shows comparison between Supine (red) and Prone (black) position in Active sleep, while picture to the
right in Quiet sleep. Values on abscises are in Hz, while on ordinates are in ms?2

The capability of distinguishing Prone vs. Supine condition both in Active

and Quiet Sleep is very limited. In fact, Welch method, in Figure 3-7, provides

similar spectra for recordings in both positions.
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Figure 3-8 Welch spectra from patient number 15, represented in a semilogarithmic graph. The left picture
shows comparison between Quiet (red) and Active (black) sleep in Supine position, while picture to the right
in Prone position. Values on abscises are in Hz, while on ordinates are in ms”2

The discerning performance of the spectral analysis between Active and

Quiet Sleep is definitely better. As a matter of fact, with the Welch method both

in Prone and in Supine position, the spectrum of the baby is lower in Quiet sleep

rather than in Active, especially in the LF.

In Table 7 are listed all the parameters extracted from the spectra for baby

number 15.
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Table 7 Frequency domain analysis parameters with Welch method for baby number 15

PSD (Welch) ACTIVE QUIET
SUPINE 15 15
LF (ms~2) 491.22 +304 85.5+£29.9
HF(ms"2) 19.85+8.2 6.09 £1.5
LF% 95.43 92.86
HF% 4.57 7.14
# of segments 7 8
# interrupt 8 2
PRONE 15 15
LF(msA2) 571.78+211.4 199.75+214
HF(ms"2) 18.079+4.8 7.54%3.2
LF% 96.65 91.94
HF% 3.35 8.04
# of segments 5 3
# interrupt 3 7

It has been shown that interpolation and resampling often act as a low-
pass filter, possibly introducing artifacts in the estimated spectrum (Laguna, et
al., 1998). A solution to this problem was proposed by Lomb with a PSD
estimation method that deals with unevenly sampled data and it was originally
proposed for astronomic time series analysis.

With this approach, in the estimation of the power spectrum the data are
weighted on a point per point basis rather than on a per time interval basis, as in
the conventional FFT.

Several studies have already applied this method on HRV spectral
estimation; Laguna et al. (Laguna, et al., 1998) found that the Lomb method for
estimating the PSD of unevenly sampled signals produces a better estimate of
the PSD of an RR tachogram than re-sampling at 2Hz and using a conventional
FFT. In this case HR simulated signals and real HR signals from adults were used,
thus the frequencies of interest were different from our case.

Results in other applications seem to indicate that the Lomb method

provides a spectral estimate closer to the real PSD. Nonethless, frequencies of
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Ms2

interest are totally different and thus a validation of the method on premature

HR signals was considered necessary.
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Figure 3-9 Lomb-Scargle spectra from patient number 15, represented in a semilogarithmic graph. The left
picture shows comparison between Prone (red) and Supine (black) position in quiet sleep, while picture to
the right shows the comparison between Quiet and Active sleep in Supine position. Values on abscises are in
Hz, while on ordinates are in s"2

Table 8 Frequency analysis parameters with Lomb-Scargle method for baby number 15

LOMB-SCARGLE ACTIVE QUIET
SUPINE 15 15
LF(s"2) 0.399+0.09 0.43210.18
HF(s"2) 0.0323+0.053 0.0617+0.03

LF% 92.32 86.831
HF% 7.68 13.169
#spez 3 min 6 8
PRONE 15 15
LF(s"2) 0.39310.066 0.426%0.06
HF(s"2) 0.0269+0.005 0.06510.04
LF% 93.499 87.859
HF% 6.50 12.141
#spez 3 min 5 3

It appears evident at first glance that above 1 Hz artifact components are

present. It could be aliasing and this hypothesis is corroborated from the study of

Laguna et al. (Laguna, et al., 1998), where they suggest using Lomb method for
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frequency estimation only up to half of the Nyquist frequency, estimated as the
inverse of the mean RR interval. In our case this value would go up to 1-1.2 Hz at

the most.

2.3  Approximate and Sample Entropy

For the implementation of these entropy measures, two different
approaches have been used: values of Entropy were computed every 3 minutes,
and every 1500 samples. In both the approaches these values were finally
averaged in order to get only one parameter for each baby.

For both approaches the parameter r (the tolerance within a match
between template is accepted) was set equal to 0.2. This choice has guaranteed
to obtain a reliable estimate of Entropy because of the appropriate number of
matches found in the computation and at the same time it was not too loose.

On the other hand, we have varied m from 1 to 3, in order to test which

was the best value for our purpose.

3 minutes approach

The first approach was pursued because in this period of time stationarity
of the RR sequence is generally guaranteed and because Time Domain analysis
had already shown interesting results considering the same amount of time.

This methodology revealed two drawbacks.

The first one is that the number of beats in 3 minutes is extremely variable
among the subjects and also among the different 3 minutes segments of the
same subject, but the entropy measures must be estimated considering the
same number of samples N. This leads to take in consideration only the first N
samples of every 3-minutes segment, with N equal to the number of samples of
the shortest segment.

The second problem is that the estimate of entropy tends to its real value
when N tends to infinite, thus values of N over 1000 of samples are suggested,

requirement which is not properly respected in this case.

68



Results

In Table 9, it appears evident that ApEn has a stronger dependence on the
parameter m than SampkEn, since it shows a greater variability when m changes.
Furthermore, the effect of increasing m is to shift the values of entropy toward
zero and this is more marked for the ApEn, as portrayed in Figure 3-11.

Generally, Entropy is higher in Supine position rather than in Prone and in

Quiet sleep rather than in Active.

Table 9 Entropy values on 3 minutes segments for subject number 15, computed with m (length of the
template) that goes from 1 to 3 samples

Entropy ACTIVE SLEEP QUIET SLEEP
SUPINE PRONE SUPINE PRONE
m=1
ApEn 0.916+0.099 | 0.845+0.102 | 1.009 +0.264 0.913
SampEn 0.752+0.118 | 0.670+0.097 | 0.876+0.230 0.758 =
m=
ApEn 0.742+0.074 | 0.689+0.080 | 0.794 +0.190 0.755
SampEn 0.632+0.110 | 0.552+0.083 | 0.785+0.278 0.666 =
m=
ApEn 0.571+0.053 | 0.540+0.049 | 0.598 +0.077 0.558 +
SampEn 0.562+0.105 | 0.483+0.063 | 0.728+0.264 0.616 +

Figure 3-10 shows four 3-minutes segments of the signal recorded from
subject 15. The four segments are representative of the four possible conditions
in which the subject can be, according to the protocol (AS-Pr, AS-Sup, QS-Pr, QS-
Sup). To every interval of the RR signal is associated its value of Entropy
(computed with m=1, r=0.2). It is interesting to observe that there is not a clear
correlation between the measures of Entropy and the variability of the signal
that can be assessed by means of a visual inspection.

In fact, Entropy evaluates the generation of information in a beat to beat
scale, whose mechanisms are not always correlated to those relative to a longer

scale.
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Figure 3-10 3-minutes recordings from subject # 15, one for every possible infant’s condition (AS-Sup, QS-
Sup, AS-Pr, QS-Pr). To everyone of them are associated the measures of Approximate and Sample Entropy
computed from the 3-minutes segment

1500 samples approach

The second approach consists in the computation of entropy indices every

segment of 1500 samples of the RR signal.

In this case as well we have obtained a single value of entropy for every

condition analyzed, obtained as the average of the parameters extracted from all

the segments found in the baseline. Subjects with less than 3 segments have

been disregarded.

In Table 10 Entropy values estimated using the 1500-

samples approach for subject number 15, Entropy measures from subject

number 15 are listed.

Table 10 Entropy values estimated using the 1500-samples approach for subject number 15, with m that
goes from 1to 3

Entropy ACTIVE SLEEP QUIET SLEEP
SUPINE PRONE SUPINE PRONE
m=1
ApEn 0.871 £ 0.137 0.865 0.810 £ 0.066 0.819 £ 0.057
SampEn 0.627 £0.188 0.651 0.636 £ 0.076 0.594 £ 0.101
m=2
ApEn 0.758 £0.143 0.779 0.681 + 0.060 0.695 + 0.068
SampEn 0.502 £ 0.164 0.534 0.543 £ 0.083 0.497 £0.106
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m=3

ApEn

0.637+£0.126

0.676

0.603 £ 0.060

0.582 + 0.069

SampEn

0.438 £0.138

0.461

0.504 £0.074

0.463 £0.104

In this second case, results are significantly different: it is not observable a

clear change from Supine to Prone position whereas it is still evident in the

comparison between the sleeping conditions. The considerations about the

behavior of the measures in response to variations of m are still valid, as evident

in Figure 3-11.
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Figure 3-11 Representation of the measure of ApEn and SampEn computed over the entire population in
Active sleep and Supine condition with different values of m

2.4

Permutation Entropy

PermEn has been computed every 1500 samples of the RR signal, firstly

with a parameter D=6, where D is the length of the patterns detected in the

signal and coded, in order to find their probability distribution.

Moreover, the number of missing ordinal patterns (MP) has been

associated to every value of PermEn. This measure consists in counting how

many patterns, among the D! possible permutations, occur with a null

frequency.
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In Figure 3-12 and Table 11 are presented the probability distributions, the
values of PermEn and the number of missing ordinal patterns obtained from

subject number 15, with D=6.
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Figure 3-12 Probability distributions of patterns of length equal to 6 samples. The two figures on top are in
Supine position and those ones below in Prone. AS stands for Active sleep and QS for Quiet sleep

Table 11 Values of PermEn and Missing patterns for baby number 15, obtained with D(length of patterns)
equal to 6. All the four possible situations are represented

Entropy, D=6 ACTIVE SLEEP QUIET SLEEP
SUPINE PRONE SUPINE PRONE
PermEn 0.797 £ 0.029 0.782 0.853£0.006 | 0.857 +0.035

Missing patterns

43.2% +5.4% 43.3%

38.1% +2.2%

35.0% +4.1%

We can verify that the values of PermEn are higher in quite sleep, which
implies a greater randomness in the generation of the data. This reflects the fact
that the probability distribution is flatter: the peaks are placed in the same
position but their amplitude is lower. Thus, both in Active and quite sleep certain
patterns happen more frequently than others, but in Active they recur more
often than in Quiet. The number of missing patterns seems to give the same
information as the PermEn: in Active sleep the number of patterns occurring in
the signal is lower, which suggests a greater determinism in the mechanism of

generation of the signal.
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In order to understand how the parameter D affects the outcomes we have
repeated the analysis also for D that goes from 3 to 5. We have found out that
the decrease of D causes the PermEn to saturate toward the limit value of 1 and
to compress the range of the PermEn (Figure 3-13). This fact leads to a loss in the

discerning capability of the method.
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Figure 3-13 Box plot of the permutation entropy computed on the entire population in Active sleep
and Supine condition for D varying from 6 to 3

We also report below the probability distributions and the measures

extracted with D=3 (Figure 3-14).
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Figure 3-14 Probability distribution of the six possible patterns detectable within the signal, given D=3. They
are computed, according to our protocol, for all the possible four condition of the subject # 15
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Table 12 Values of PermEn and Missing patterns for baby number 15, obtained with D(length of patterns)

equal to 3. All the four possible situations are represented

Entropy, D=3 ACTIVE SLEEP QUIET SLEEP
SUPINE PRONE SUPINE PRONE
PermEn 0.966 + 0.007 0.948 0.985 £ 0.001 0.989 £+ 0.0127
Missing patterns 0% 0% 0% 0%

Being the number of patterns depending on D according to a factorial law,

with D=3 the possible patterns detectable are only 6 and the values of PermEn

are very close to 1.

2.5 Phase rectifying signal averaging

In the calculation of the PRSA we have pursued two different approaches.

In the first one, the algorithm marks all the AP where increases occur, whereas

the second one detects the decreases.

Unlike the previous methods, in this case it is not necessary to divide

signals in segments of the same length because the PRSA is computed using the

entire duration of the baseline.

This parameter has been computed with a window L of 150 samples

around the central AP and a parameter T variable, from T=3 to T=60 increasing

with a step of T=3. We have decided to do so in order to understand what is the

optimum T for this application.

From each PRSA curve 4 parameters have been extracted:

1. DELTAX: the x-axis distance between the first maximum and

minimum of the curve around the central point of the window.

2. DELTAY: the y-axis distance between the first maximum and

minimum of the curve around the central point of the window.

3. SLOPE: the slope of the linear interpolation of the curve included

between the maximum and the minimum.
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4, SLOPE1: the slope of the segment that connects the first point at

the right of the central point with the first one on the left.

We show below, in Figure 3-15 PRSA method, Increasing approach: on

top the subject is in Supine position, blue in Active sleep and green in quite

sleep; at the bottom the subject is in Prone positionand Figure 3-16, the PRSA

curves and the values of the corresponding 4 parameters extracted from the

subject number 15 both in Active and Quiet sleep and in Prone and Supine

position.
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Figure 3-15 PRSA method, Increasing approach: on top the subject is in Supine position, blue in Active sleep

and green in quite sleep; at the bottom the subject is in Prone position

Table 13 Are shown the four parameters Ax, Ay, slopel and slope for the subject #15, referred to the PRSA

curve of Figure 3-15

PRSA, ACTIVE SLEEP QUIET SLEEP
. SUPINE PRONE SUPINE PRONE
Increasing approach
Ax 56 40 49 54
Ay 211 23.5 7.6 11.4
Slopel 2.2 2.6 1.1 1.0
Slope 0.46 0.74 0.18 0.23
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Decreasing approach:

Table 14 Are shown the four parameters Ax, Ay, slopel and slope for the subject #15, referred to the PRSA
curve of Figure 3-16

PRSA ACTIVE SLEEP QUIET SLEEP
. SUPINE PRONE SUPINE PRONE
Decreasing approach
Ax 64 40 32 45
Ay 21.8 22.7 6.1 10.5
Slopel -2.4 -2.5 -1.0 -1.1
Slope -0.44 -0.71 -0.24 -0.29

milliseconds

|
50 100 150 200 250 300
samples

milliseconds

1 I 1 | 1
50 100 150 200 250 300
samples

Figure 3-16 PRSA method, decreasing approach: above the subject is in Supine position whereas below it’s
in Prone position. Blue stands for Active sleep, while green for Quiet

We can clearly understand from the graphs in Figure 3-16 that the PRSA is
capable of finding a transient event that repeats itself with a certain quasi-
periodicity. The shape of the curve depends on the amplitude and on the
duration of the accelerations or decelerations found within the signal. In
particular, the duration varies in a small range around the value of the parameter
T, which is the number of samples in which a significant increment/decrement of
the signal must be observed in order to identify an increase/decrease.

The examples shown highlight the fact that in both the approaches Ay

shows an evident difference between Active and Quiet sleep conditions.
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In conclusion we can assert that the method permits a quantitative analysis
on the shape of transient quasi-periodic events, characterized by a duration that

varies in a small range around a value set by the parameter T.

3 Statistical analysis between Active and

Quiet sleep

Our first task has been the evaluation of the capability, of the methods
previously described, to discriminate from a condition of Quiet sleep to Active
sleep. In order to do so, we have applied a paired T-test to the various

populations.

Paired T-test

A T-test is any statistical hypothesis test, in which the test statistic follows
a Student's T distribution if the null hypothesis is supported. It can be used to
determine if two sets of data are significantly different from each other.

There are two necessary hypotheses that the dataset has to follow when a
T-test is applied (Scotti, n.d.).

1. The distribution of the data has to be a normal distribution.

2. The observations have to be collected independently.

In the case of a paired T-test, each value in one population has a natural
partner in the other one. In particular the comparison is implemented between
the mean of the differences of the dependent samples, which are expected to be

different.

In this study, the first population is composed by parameters derived from
the signals extracted when preemies are in Active sleep and the second one
while they are in Quiet. Babies who did not remain for a sufficient number of
minutes (at least 9) in both conditions have been disregarded. These conditions

have led us to use at most 27 subjects.
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Furthermore, in order to respect the condition of normal distribution
requested by the test, it has been necessary to use a Gaussianity test on the
samples and make sure that the result was positive, before proceeding with

further analysis.

3.1 Time domain

In the following Table 15 and Table 16 are summarized the results of the
paired T-test conducted between the parameters extracted in Active and in
Quiet sleep. 20 subjects proved themselves suitable for the analysis in Supine
position and 26 in Prone. Table 15 is relative to the analysis conducted using
signals included in condition 1, as described in section 2.1, while Table 16 refers
to the test carried out on signals that respected condition 4. We did so in order
to evaluate if interruptions due to noise and disturbs affect the outcomes and to

guantify this effect.

Table 15 P-values for time domain parameters in condition of recruitment number 1, where all segments
are accepted for the analysis. In this table are presented the results of the discriminatory capability between
Active and Quiet sleep. In the first column are the P- values in Supine position and in the third for the
Prone. The “+” columns indicates in which condition the values were higher. P-values considered significant
below the 0.05 threshold are marked with **, below the 0.01 threshold with ***

Condition 1 SUPINE PRONE
Active vs Quiet P-value + P-value +
SDNN 4.8E-04 *** AS 4.1E-08*** AS
SDANN 0.022 ** AS 1.3E-04*** AS
RMSSD 0.28 0.0042%** AS
HVTI 7.9E-05 *** AS 2.2E-Q9*** AS
Mean HR 0.0010 *** Qs 7.9E-04*** Qs
STV 0.49 0.36
LTV 9.9E-05*** AS 5.6E-Q7*** AS
1 1.4E-04*** AS 2.3E-08%** AS
DI 0.012** AS 3.4E-Q5*** AS
RMSM 1.8E-04*** AS 3.9E-Q7*** AS
LTI 2.3E-05*** AS 1.3E-Q7*** AS
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Since condition 4 is stricter than the condition 1, one more subject was
excluded in this analysis because of the lack of sufficient duration of the signal

that satisfied the conditions requested.

Table 16 P-values for time domain parameters in condition of recruitment number 4, where only segments
with less than 5 interruptions are accepted for the analysis. In this table are presented the results of the
discriminatory capability between Active and Quiet sleep. In the first column are the P- values in Supine

position and in the third for the Prone. The “+” columns indicates in which condition the values were higher.

P-values considered significant below the 0.05 threshold are marked with **, below the 0.01 threshold

with***
Condition 4 SUPINE PRONE

Active vs Quiet p-value + p-value +
SDNN 3.9E-05 *** AS 1.1E-Q7 *** AS
SDANN 0.011** AS 8.7E-05 *** AS
RMSSD 0.063 0.0072 *** AS
HVTI 1.3E-05 *** AS 7.7E-09*** AS
Mean HR 0.0039%** Qs 0.0012** Qs

STV 0.27 0.47
LTV 1.5E-Q5*** AS 4 9E-Q7*** AS
I 1.3E-Q5*** AS 4 .8E-08*** AS
DI 0.014** AS 5.0E-Q5%** AS
RMSM 2.0E-Q4*** AS 6.8E-Q7*** AS
LTI 5.5E-06*** AS 2.1E-Q7%** AS

As we can see almost all the parameters show a good discriminatory
capability, especially in Prone condition. The “+” column show which one,
between Active sleep (AS) and Quiet sleep (QS), had bigger values.

Finally, we can also appreciate how almost all the p-values decrease and no
one increases passing from the first to the second table, suggesting that
removing the noisy part of the signal improves the discriminatory ability of the
parameters, even if not significantly.

At the same time, we can affirm that even in condition 1 the discriminatory

capability is good. This is very important because it shows that the method is
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robust and apt to be used on real data that are commonly affected by noise and

interruptions.

3.2 Frequency domain

In this paragraph are reported p-values from the T-test performed on the
results from frequency domain analysis, both with Welch and Lomb-Scargle
method, in order to evaluate the discriminatory capability between Quiet and
Active sleep.

Table 17 shows p-values from Welch approach, where babies available for
the comparison were 15 in Supine position and 18 in Prone. In both positions,

this method indicated a difference in the LF range (0.05-0.2Hz).

Table 17 P-values for parameters of frequency domain with Welch method, to evaluate the capability of
distinguishing Quiet and Active sleep. Results obtained from 15 babies in Supine position and 18 for Prone.
P-values considered significant below the 0.05 threshold are marked with **, below the 0.01 threshold

with***
Welch P value +
SUPINE (B3) 15 subjects
LF 0.0124%** AS
HF 0.6552
PRONE (B6) 18 subjects
LF 0.004*** AS
HF 0.2056

On the other hand, the Lomb-Scargle method shows good discrimination
both in LF and HF. Looking at these results, it is important to remember the
considerations done in paragraph 2.2, since values in HF seem to be greatly
affected by artifacts. 14 subjects were available for analysis in Supine position

and 18 for Prone.
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Table 18 P-values for parameters of frequency domain with Lomb-Scargle method, to evaluate the
capability of distinguishing Quiet from Active sleep. Results obtained from 14 babies for Supine position and
18 for Prone. P-values considered significant below the 0.05 threshold are marked with **, below the 0.01

threshold with ***

Lomb-Scargle P value +
SUPINE (B3) 14 subjects

LF 0.025** Qs

HF 0.0083*** Qs
PRONE (B6) 18 subjects

LF 0.0092*** Qs

HF 0.0124** Qs

3.3 Approximate and Sample Entropy

ApEn and SampEn have shown a great discriminatory capability.

For the 3 minutes approach the test was conducted on 21 subjects in

Supine condition and 27 in Prone. Have been included subjects with at least 3

segments of 3 minutes available for entropy computation, in both sleeping

conditions. P-values for this case are listed in Table 19.

Differently from the time domain, ApEn and SampEn show a greater value

in Quiet rather than in Active sleep. Furthermore, considering the influence of

the m parameter, we can conclude, for the 3 minutes approach that a higher

value of m, leads ApEn to lose the discerning capability between Active and

Quiet sleep, whereas SampEn remains stable.
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3-minutes approach:

Table 19 T-tests for Approximate and Sample entropy computed using the 3-minutes approach, with m that
goes from 1 to 3 and r=0.2. In this table are presented the results of the T-test between all babies in Active
and Quiet sleep. In the first column are the P- values in Supine position and in the third for the Prone. The

“+” columns indicates in which condition the values are higher. P-values considered significant below the
0.05 threshold are marked with **, below the 0.01 threshold with ***

SUPINE PRONE
p-value + p-value +
m=1
ApEn 1.4E-05 *** Qs 1.0E-Q7*** Qs
SampEn 2.1E-05*** Qs 1.5E-07*** Qs
m=2
ApEn 3.1E-05*** Qs 6.4E-08*** Qs
SampEn 2.3E-05*** Qs 2.2E-07*** QS
m=3
ApEn 0.014** QS 0.76
SampEn 2.3E-05** Qs 1.9E-07*** Qs

In the 1500-samples case we recruited subjects with at least one 1500-
samples segment available in both sleeping conditions. Thus, we could utilize 22
subjects for the Supine part and 28 for the Prone one.

These results, shown in Table 20 are very similar to those obtained with
the previous approach, except for the fact that, incrementing m, the p-values
maintain a value within a small range of variability. This fact indicates a greater

stability of the second approach.
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1500-samples approach:

Table 20 T-tests for Approximate and Sample entropy computed using the 1500-samples approach, with m
that goes from 1 to 3 and r=0.2. In this table are presented the results of the T-test between all babies in
Active and Quiet sleep. In the first column are the P- values in Supine position and in the third for the
Prone. The “+” columns indicates in which condition the values were higher. P-values considered significant
below the 0.05 threshold are marked with **, below the 0.01 threshold with ***

SUPINE PRONE
p-value + p-value +

m=1

ApEn 2.29E-05%** Qs 1.57E-05*** Qs

SampEn 2.53E-05%** QS 4.39E-05*** Qs
m=2

ApEn 1.63E-05*** Qs 1.48E-05*** Qs

SampEn 2.17E-05%** Qs 9.2E-05%** Qs
m=3

ApEn 2.81E-06*** Qs 1.18E-06*** Qs

SampEn 2.03E-05*** Qs 1.23E-04*** Qs

3.4 Permutation Entropy

The requirements for the recruitment of the subjects were the same as for
the previous 1500-samples approach.

Only the parameter PermEn has shown p-values inferior to 5%, while the
number of missing patterns has not given relevant results.

Anyway, even when efficient, PermEn shows a p-value several orders of

magnitude higher than the outcomes relative to the other entropy measures.
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Table 21 T-tests for Permutation Entropy and missing ordinal patterns, extracted with D=6. In this table are

presented the results of the T-test between all babies in Active and Quiet sleep. In the first column are the

p-values in Supine position and in the third for the Prone. The “+” columns indicates in which condition the

values were higher. P-values considered significant below the 0.05 threshold are marked with **, below the
0.01 threshold with ***

SUPINE PRONE
Entropy, D=6
p-value Trend p-value Trend
PermEn 0.063 0.007*** Qs
Missing patterns 0.248 0.175

3.5 Phase rectifying signal averaging

The PRSA has not been applied on the baselines united, so we made our
comparison taking into account baseline 3 for the Supine position and baseline 6
for the Prone, since they are much longer than the other two baselines in the
same positions. Consequently, the dataset usable for the analysis was composed

by 16 subjects recorded while in Supine position and 18 in Prone.
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Figure 3-17 P-values for phase rectifying signal averaging, estimated with the increasing approach, with T
that goes from 3 to 60 with a step equal to 3. In these pictures are presented the results of the T-tests
between all babies in Active and Quiet sleep. In the first graph are the P- values relative to the comparisons
between parameters dx and dy both in Supine and Prone position. In the second one below are the P- values
relative to the comparisons between parameters slopes and slopel both in Supine and Prone position. The
red line stands for the value of 0.05

For every subject, we chose to compute the PRSA for different values of T,
since, for our purpose, it is important to understand which duration of
acceleration and deceleration best distinguishes the different conditions.

The range of T goes from 3 to 60 samples, which corresponds in terms of
time to a period of approximately 1 to 20 seconds, considering that generally the
heart of the infant beats 3 times per second. This range is in accordance with the
time scale of the periodicities that physiologically happen in the signal. We have
also highlighted the range of T in which the PRSA gives the best results, which is
included between two blue bars. This has been estimated considering the
combination of p-values of the four parameters. Finally we have shown with a

red line the threshold of the T-test of 0.05.
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Decreasing approach:
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Figure 3-18 P-values for phase rectifying signal averaging, estimated with the decreasing approach, with T
that goes from 3 to 60 with a step equal to 3. In these pictures are presented the results of the T-test
between all babies in Active and Quiet sleep. In the first graph are the P- values relative to the comparisons
between parameters dx and dy both in Supine and Prone position. In the second one below are the P-
values relative to the comparisons between parameters slopes and slopel both in Supine and Prone
position. The red line stands for the value of 0.05

The decreasing approach performs much better than the acceleration one.

For the second approach this range is shifted toward a higher number of
samples that means longer oscillations detected and averaged by the algorithm.

We have also noticed that Ax and Ay assume a growing value with the

increase of T; on the other hand, slopes are steeper for a lower value of T.
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The last consideration is that all parameters have shown a mean value
higher in Active rather than in Quiet sleep. This means that in Active sleep
transient events detected by the PRSA generally happen faster and with greater

amplitude.

4 Comparison between Prone and Supine

position

The second task we have accomplished is a comparison between the HRV
of babies while they are in Prone and Supine position. In order to do so we have
followed the same procedures as those utilized for the previous comparison,

therefore, also the results will be presented in the same way.

4.1 Time domain

In this case, 33 subjects proved themselves suitable for the analysis in
Active sleep and 19 in Quiet sleep. This important difference in the
numerousness of the populations suggests the fact that the outcomes obtained
comparing babies in Active sleep are more reliable than those obtained
considering infants in Quiet sleep. The same consideration will be valid for all the

methods shown afterwards.

Table 22 is relative to the analysis conducted using the signals included in
condition 1, as described in section 2.1, while Table 23 refers to the test carried

out on signals that respect situation 4.
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Table 22 P-values for time domain parameters in condition of recruitment number 1, where all segments
are accepted for the analysis. In this table are presented the results of the discriminatory capability between
Prone and Supine condition. In the first column are the P- values in Active sleep and in the third for Quiet.
The “+” columns indicates in which condition the values are higher. P-values considered significant below
the 0.05 threshold are marked with **, below the 0.01 threshold with ***

Condition 1 ACTIVE SLEEP QUIET SLEEP

Prone vs Supine p-value + p-value +
SDNN 0.0329** | Supine 0.1946
SDANN 0.0926 0.2119
RMSSD 0.2875 0.1143
HVTI 0.0467** | Supine 0.5409
Mean HR 0.7286 0.1512
STV 0.0899 0.2998
LTV 0.3218 0.6828
I 0.0257** | Supine 0.2571
DI 0.6602 0.2197
RMSM 0.7598 0.7540
LTI 3.6E- Supine 0.4794

Only four parameters are capable to discriminate between the two
situations, while the subjects are in Active sleep, whereas p-values relative to

Quiet sleep are very high, showing a high similarity between the populations.
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Table 23 P-values for time domain parameters in condition of recruitment number 4, where only segments
with less than 5 interruptions are accepted for the analysis. In this table are presented the results of the
discriminatory capability between Prone and Supine condition. In the first column are the P- values in Active
sleep and in the third for the Quiet. The “+” columns indicates in which condition the values were higher. P-

values considered significant below the 0.05 threshold are marked with **, below the 0.01 threshold with
% %k %k

Condition 4 ACTIVE SLEEP QUIET SLEEP

Prone vs Supine p-value + p-value +
SDNN 0.0147** Supine 0.5118
SDANN 0.0317** Supine 0.3753
RMSSD 0.159 0.4403
HVTI 0.0827 0.6888
Mean HR 0.5345 0.4078
STV 0.0388** Supine 0.8308
LTV 0.3308 0.8336
I 0.0122** Supine 0.6454
DI 0.2472 0.8390
RMSM 0.9801 0.7489
LTI 6.8E-04*** Supine 0.5729

In Table 23, it is interesting to observe that the order of magnitude of all
the p-values does not change between the two situations, meaning that time
domain parameters are very consistent and even the presence of interruptions
within the signal does not affect the computation of the measures.

Only LTI has proved to have a p-value considerably lower than the

threshold of 0.05.

4.2 Frequency domain

P-values presented in Table 24 and Table 25 refer to the capability of
frequency domain parameters to distinguish Prone and Supine condition both in

Active and Quiet sleep. As could be hypothesized by looking at the graphs
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presented in paragraph 2.2, this technique is not very efficient in performing this
task.

The tables below present the p-values both in Active and Quiet sleep for
Welch and Lomb-Scargle approach. Baseline 3 was taken into consideration for
Supine sleep, while baseline 6 for Prone sleep; the parameters evaluated are the
power in LF band, 0.05-0.2Hz, and in the HF band, 0.5Hz and 1.5 Hz.

The “+” column indicates which position has higher values of the specific
parameter, in case of significant difference.

We performed this analysis progressively raising the minimum number of
3-minutes segments required. This number is inversely related to the number of
patients available for the analysis, listed in the last column to the right. This was
done to verify the robustness of the method, which means that if the number of

analyzed data increases, the results remained fairly constant.

Table 24 P-values for parameters of frequency domain with Welch method, to evaluate the capability of
distinguishing Prone and Supine position. Baseline 3 was considered for Supine sleep and baseline 6 for
Prone. In the second column is indicated the minimum number of 3 minutes segments required for the

recruitment. Results are presented first for Active, then for Quiet sleep. The last column indicates the
number of subjects available for each analysis. P-values considered significant below the 0.05 threshold are
marked with **, below the 0.01 threshold with ***

Active min # of P-value + P-value HF + # subjects
segments LF
B3vsB6 n=1 0.65 0.033** Supine 25
n=2 0.55 0.049** Supine 21
n=3 0.49 0.068 20
Quiet min # of P-value + P-value HF + # subjects
segments LF
B3vsB6 n=1 0.128 0.803 11
n=2 0.128 0.803 11
n=3 0.17 0.99 9

About Table 24, the first consideration to be made is that in Quiet sleep the
number of patients available for the analysis is very limited, as highlighted in the

last column.

91



Results

For this reason, our focus was on Active sleep: in this case HF parameter
was the only one to prove itself capable of distinguishing the two conditions,
even if the p-values are definitely high.

Content in the HF band was higher in babies in Supine position.

Table 25 P-values for parameters of frequency domain with Lomb-Scargle method, to evaluate the
capability of distinguishing Prone and Supine position. Baseline 3 was considered for Supine sleep and
baseline 6 for Prone. In the second column is indicated the minimum number of 3 minutes segments
required for the recruitment. Results are presented first for Active, then for Quiet sleep. The last column
indicates the number of subjects available for each analysis. P-values considered significant below the 0.05
threshold are marked with **, below the 0.01 threshold with ***

Active min # of | P-valueLF + P-value HF | + | # subjects
segments
B3vsB6 n=1 0.41 0.13 29
n=2 0.02%** Prone 0.3 24
n=3 0.053 0.25 21
Quiet min # of | P-valueLF + P-value HF | + | # subjects
segments
B3vsB6 n=1 0.525 0.708 10
n=2 0.525 0.708 10
n=3 0.984 0.728 7

The same consideration about Quiet sleep can be done for Lomb-Scargle
analysis, shown in Table 25.

As observed in section 2.2, HF values for this method are greatly affected
due to artifacts. This could be a reason why p-values are so different from Welch
method. Moreover, in this method is present a small significance in the LF, where
values in Prone position are higher than in Supine.

4.3 Approximate and Sample entropy

As for the first comparison, two approaches have been followed, 3-minutes

and 1500 samples, and the second one has given the best outcomes.

3-minutes approach:

For the estimate of the Entropy measures have been used exactly the same

signals as for the time domain parameters’ computation. Thus, also in this case
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the populations for the comparison in Active sleep are composed by 33 samples

both in Prone and in Supine condition, while in Quiet seep are only 19.

Table 26 T-tests for Approximate and Sample entropy computed using the 3-minutes approach, with m
that goes from 1 to 3 and r=0.2. In this table are presented the results of the T-test between all babies in
Supine and Prone condition. In the first column are the P- values in Active sleep and in the third in Quiet.

The “+” columns indicates in which condition the values were higher. P-values considered significant below
the 0.05 threshold are marked with **, below the 0.01 threshold with ***

ACTIVE SLEEP QUIET SLEEP
p-value Trend | p-value Trend
m=1
ApEn 0.773 0.206
SampEn 0.610 0.184
m=2
ApEn 0.641 0.710
SampEn 0.400 0.165
m=3
ApEn 0.504 0.107
SampEn 0.307 0.381

As evident in Table 26, no difference has been detected according to this

approach.

1500-samples approach:

With this second approach one subject has been disregarded during Active
sleep, because the part of the signal useful for the analysis did not satisfy the
condition of minimal duration. This means that the subjects in Active passed

from 33 to 32 and those in Quiet remained 19.

93



Results

Table 27 T-tests for Approximate and Sample entropy computed using the 1500-samples approach, with m
that goes from 1 to 3 and r=0.2. In this table are presented the results of the T-test between all babies in
Supine and Prone condition. In the first column are the P- values in Active sleep and in the third in Quiet.

The “+” columns indicates in which condition the values were higher. P-values considered significant below

the 0.05 threshold are marked with **, below the 0.01 threshold with ***

ACTIVE SLEEP QUIET SLEEP
p-value + p-value +

m=1

ApEn 0.0310** Prone 0.9770

SampEn 0.0254** Prone 0.9441
=2

ApEn 0.0241** Prone 0.9471

SampEn 0.0100** Prone 0.9542
m=3

ApEn 0.0247** Prone 0.8174

SampEn 0.0047%*** Prone 0.9093

With the 1500-samples approach in Table 27, an improvement is evident
even if the possibility of discerning Supine and Prone positions is much weaker
than that one of discerning Active from Quiet sleep, being the p-values very close

to 5%.

4.4 Permutation Entropy

The subjects involved in the statistical analysis are the same as for the
previous entropy analysis using the 1500-samples approach (AS=32 subjects,
QS=19 subjects).

Unlike before, PermEn has proved incapable of finding a difference
between the two populations, both in Active and in Quiet sleep.

Only the parameter characterizing the number of missing patterns has

proved itself to be able to do so.
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Table 28 T-tests for permutation entropy and missing ordinal patterns, extracted with D=6. In this table are
presented the results of the T-test between all babies in Supine and Prone condition. In the first column are
the P- values in Active sleep and in the third in Quiet. The “+” columns indicates in which condition the
values were higher. P-values considered significant below the 0.05 threshold are marked with **, below the
0.01 threshold with ***

Entropy, D=6 ACTIVE SLEEP QUIET SLEEP
p-value Trend p-value Trend
PermEn 0.0804 0.6709

Missing patterns 0.0184** Prone 0.9556

We can notice that the outcomes are completely different, passing from
the Active sleep to the Quiet sleep comparison. This is once more a proof of the
fact that the different number of subjects available for the T-test affects greatly

the results.

4.5 Phase rectifying signal average

For this method, in Active sleep, 31 subjects from baseline 3 (Supine) and
baseline 6 (Prone) have been compared, while in Quiet only 11.

We have reported in the following graph, in Figure 3-19 P-values for
phase rectifying signal averaging, estimated with the increasing approach, with
T that goes from 3 to 60, with a step equal to 3. In this graph are presented the
results of the T-tests between all babies in Supine and Prone position, using
parameters dx and dy both in Supine and Prone position. The red line stands
for the value of 0.05, only the results referred to Ax and Ay because they are the
only ones that presented p-values under 5%. Anyway, also for these parameters
the discerning capability is not very significant. In fact we can see that the only

two p-values below the threshold are very close to it.
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Increasing Approach:
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Figure 3-19 P-values for phase rectifying signal averaging, estimated with the increasing approach, with T
that goes from 3 to 60, with a step equal to 3. In this graph are presented the results of the T-tests between

all babies in Supine and Prone position, using parameters dx and dy both in Supine and Prone position. The
red line stands for the value of 0.05
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Figure 3-20 P-values for phase rectifying signal averaging, estimated with the decreasing approach, with T
that goes from 3 to 60, with a step equal to 3. In this graph are presented the results of the T-tests between
all babies in Supine and Prone position, using parameters dx and dy both in Supine and Prone position. The

red line stands for the value of 0.05

For the decreasing approach, reported in Figure 3-20, remain valid what
said before for the acceleration one, except for the fact that, as already seen for

the comparison between Active and Quiet sleep, in this case the results improve:
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p-values decrease and the method proves itself to be successful in a greater

number of situations.

Concluding, we can assert that the set of parameters proposed have
proved to be a great tool in classifying HRV signals in premature babies. The
results are promising for a future use of these techniques for a clinical multi

parametric monitoring of infants.
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CHAPTER 4

Discussions

In this chapter we will present a discussion on the obtained results.
Adopted parameters have shown ability to separate different premature
conditions and were sensitive also to Prone and Supine position of the baby.

In particular we found out that Time Domain parameters were robust to
noise and perform well both for the differentiation of sleep state and position.
Frequency domain indices from non-parametric spectral analysis (Welch),
showed inconclusive results. Nevertheless, differences between Active and Quiet
sleep were assessed. Between Prone and Supine the results were less robust. As
a further contribution, we tested also the Lomb-Scargle periodogram technique
in order to verify its applicability to HRV signals in premature infants.

Among nonlinear parameters, Entropy measures proved to be very
efficient: among all, SampEn, computed in 1500 samples (long time scale), had
the best performance, confirming their usefulness in biomedical signal analysis.

Lastly, even PRSA indices have shown interesting results.



Discussions

In summary all approaches permitted to classify different behavioral states
of premature newborns. Our results open to a development of a patient specific
monitoring approach taking advantage from quantitative signal analysis.

In the following we summarize the main results trying to connect them to

physiological mechanisms acting in the regulation of the premature baby heart.

1 Time domain indices

The population we considered included 35 preterm babies. As their
cardiovascular system regulation is still in progress, it is still difficult to find
guidelines internationally recognized that permit to standardize the process of
analysis.

As a consequence, we made choices about data processing, by adapting
the values adopted in adults and in fetal conditions, and according to reliable
studies already carried out with preterm infants.

Thus, we have chosen to consider both the classical parameters used in the
applications of HRV analysis in adults, together with parameters originally
proposed for fetal HR analysis.

The considered signal length was 3-minute, corresponding to 360 RR values
on average.

The parameters are: SDNN, SDANN, RMSSD, HVTI, and mean HR.

From what we experienced from fetal HR analysis, we added to the
classical parameters some indices, such as LTV, STV, Il, DI, RMSM, and LTI, which
are specific in the fetal analysis field.

We think that this particular approach, obtained by mixing parameters
originally applied in very distant fields, could be an innovative tool in order to
describe the complex situation of prematurity, a temporary condition in which
two different developmental states coexist. Moreover, the control mechanisms

responsible for the HRV dynamics are still evolving to a mature state.
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As first consideration, all parameters have proved to be quiet robust, or
rather able of characterizing signals corrupted by a limited amount of noise,
(correction percentage about 2% of total length). Results are shown by
comparing condition 1 (raw data) and condition 4 (less than 5 corrections per
segment). It is worth to mention that apneas and ectopic beats must be removed
before parameter computation.

A second important consideration is that the parameters from fetal
analysis have displayed the best discerning capability both in the comparison of
Active vs. Quiet sleep and in Supine vs. Prone position. In particular the LTI
parameter is the only one that provided p-values lower than 0.01, in both
comparisons. The LTI parameter describes the variability of HRV on a long term
scale, suggesting this could be the proper temporal scale to enhance differences
both related to position and sleep states.

In general we can assess that, analyzing signals belonging to infants, it
could be useful to combine both parameters coming from the adult and the fetal
monitoring. The latter in particular is the approach that has given the best result
in the comparison between Supine and Prone position.

Concluding, almost all the time domain parameters have proved their
ability to find significant differences between sleeping conditions. Only 4 of them
(SDNN, HVTI, 1, LTI) were able to discriminate Prone vs. Supine condition. In
particular, LTI reached a p-value low enough to support a reliable use on a real

population analysis, including a small number of subjects, like in this study.

2 Frequency domain analysis

Beat-to-beat fluctuations in HR and blood pressure and their interaction
with respiration are consequences of a complex autonomic control regulation.
Sympathetic and parasympathetic mechanism have rhythmic actions, thus the
complex cardio-respiratory behavior can be looked at in terms of a set of

oscillations, each determined from the combined action of neurons, effector
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muscles, and sensors. These are the oscillations that can be observed in the

frequency spectrum of HRV and blood pressure.

FFT with Welch method

For frequency domain analysis we used firstly spectral estimation through
the FFT, applying the Welch procedure to obtain a smoother spectra.

This method has been used to evaluate if differences in sleep state and in
position would affect the oscillations identified by this method and portrayed in
the spectrum.

Before evaluating the performances for each task, some observations valid
for all the analysis should be highlighted: firstly we took in consideration
problems related to interpolation. As already pointed out, linear re-sampling
could produce a poor approximation of the underlying sinusoid. The main risk of
interpolating and re-sampling is to affect the values of the spectrum, in particular
it has been shown an overestimation of the LF and the opposite effect on the HF
(Lippman, et al., 1994).

This is partially solved by cubic spline interpolation, as it generates a very
close approximation. However, the accuracy of this approximation will decrease
if the underlying variability of the HR is not truly sinusoidal in nature.

Secondly, spectral analysis requires a stationary signal. For this reason,
windows of 3 minutes were considered.

Thirdly, a finite length signal is hardly periodic at its boundaries. Spectral
leakage to nearby frequencies due to the finite interval over which the data is
sampled, leads to side-lobes in the periodogram and this problem is typically
minimized through windowing. Thus, we have used a Hamming window.

Finally, in our analysis we have divided frequency contributions in 2 bands:

Low Frequencies were 0.05-0.2 Hz, while High Frequencies 0.5-1.5 Hz.

Sleep state differentiation
For what regards the capability of differentiating sleep states, from the T-
test it was clear that the main difference occurs in the LF band, between 0.05 Hz

and 0.2Hz, with higher frequency content in Active sleep. This means that the
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regulatory systems that mainly difference the two conditions act on long term.
This is particularly interesting in comparison with the results obtained in time
domain, where both Long Term Irregularity (LTI) and Variability (LTV) performed
excellently in distinguishing Active and Quiet sleep.

Nonetheless, if on one hand it is generally accepted that the HF band is a
measure of the parasympathetic outflow, the physiological interpretation of the
LF band is more controversial. Although sympathetic and parasympathetic
mechanisms can operate at these frequencies, many authors ascribe fluctuations
in the LF band to sympathetic activation only. For this reason, the attribution of
this difference to one regulatory mechanism is not straightforward.

This finding is also confirmed in the study of Baldzer at al., where they find
that in Active sleep LF content is increased.

Furthermore, the fact that no main difference was detected in the HF
band, 0.5Hz to 1.5Hz, might be due to the irregular respiration rate of neonates.
As a matter of fact, almost none of the spectra obtained showed a clear peak in
this range, where respiration acts as the main character. This probably indicates
that the frequency of respiration was constantly changing, giving origin to many
small contributions.

Position differentiation

For this task, frequency analysis did not perform as well as for the previous.
Only small differences were detected in the HF band, with very low significance.

It is interesting to notice that in time domain parameters indicating long
term variability, such as LTI, had P-values very low, thus we would have expect to
find differences in the LF band as happened for the sleep state differentiation.
This did not happen, confirming the higher difficulty to assess and interpret the
power content in this band.

Hypothetical explanations given to justify the effects of Prone position are
often related to respiration, including reduced inspired oxygen or increased
carbon dioxide levels due to rebreathing. This would make sense since the

difference we found lies in the band mostly related to the respiration effect.
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Nevertheless, in the study of Horne et al. (Horne, et al., 2002) all of infants
were placed Prone with their face to the side and impairment in arousal occurred
but no physiologically significant change in either rectal or abdominal skin

temperature, oxygen saturation, or respiratory rate occurred.

Lomb-Scargle periodogram

After the analysis with the traditional approach, we were looking for a
method that would have allowed overcoming the problem of interpolation and
resampling. In literature the Lomb-Scargle periodogram had been proposed
exactly to solve this issue and for this reason it was implemented and applied in
thesis work. We were aware of the many caveat of this approach, but we
considered the potential benefit be worth the risk. Most of the concerns
regarding the application of this method were confirmed in this analysis and will
be listed in this paragraph.

The peculiarity of this method is that it does not require interpolation and
resampling of unevenly spaced data. If on one hand this is a benefit, since we do
not introduce any artefact in the signal, on the other hand this leads to a new
conception of the Nyquist frequency, known as the average Nyquist frequency.
Thus care should be taken with the upper limit of the high-frequency band.

A practical difference from the previous method lies in the treatment of
spectral leakage. Since the axes of the RR tachogram are intricately linked,
applying a windowing function to the amplitude of the data unevenly spaced
signals, implicitly applies a nonlinear stretching function to the sample points in
time. The distortion will be determined by the distribution of the sampling
irregularity and for this reason a windowing function is preferably not applied to
the irregularly sampled data. Distortion in the spectral estimate due to edge
effects will not occur means and first derivatives do not change significantly.

A general observation on all the Lomb periodograms obtained for the
different tasks is that the frequency contribution in HF seems to be affected by
some artifacts, especially in the comparison with the PSD from the Welch

method. Since these are real data, we do not know the precise theoretical PSD so
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we cannot asses with certainty which of the two is the correct one, but it is
difficult to imagine such a strong contribution in the HF; moreover the shape of
the spectrum often looks periodic with respect to the average Nyquist frequency.

This spurious contribution could be related to the so called cardiac aliasing
effect. Spectrum of sampled signal is mirrored around Nyquist frequency and if
the frequency of sampled signal goes beyond Nyquist limit, this frequency is
folded over Nyquist frequency and appears at wrong position, in the range 0 — fs
/2, unless anti-aliasing filter was applied.

In the specific case of HRV signal, sampling frequency is not constant and
signal that modulates sinus node frequency does not pass through artificially
added antialiasing filter, thus unfortunately it often happens that the mean HR is
too low to obtain a reliable spectral analysis up to the desired frequency. In
adults this occurs in situation of bradycardia, while in neonates this is a
physiological condition since often the ventilation frequency exceeds mean HR
halved. In fact, generally the respiration rate in neonates is 40-80 breaths per
minute while the HR is 120-160 beats per minuteln order to understand better
this phenomenon, we investigated previous applications of this method in similar
conditions.

Based on these considerations, the performances of this method in the

differentiation of sleep states and positions are discussed.

Sleep state differentiation

For this task, the Lomb-Scargle approach proved to be quiet efficient, since
it differentiated Quiet vs. Active sleep both in Prone and in Supine position.
Values in LF and HF band were generally higher in Quiet sleep.

In the HF band it could be explained by the fact that the respiration rate is
generally more regular, potentially giving rise to a clearer peak in this band.

Nonetheless, all these considerations should always be looked at in light of

what explained before about the potential aliasing at high frequency.
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This is even more important considering the fact that these results are in
contrast with what observed with the Welch method that presented higher
values in Active sleep in LF band.

We compared our results with few studies already done in similar
conditions: in the study of Eiselt et al. (Eiselt, et al., 1993) on twelve prematurely
born infants, LF band was higher in Active sleep than in Quiet sleep, in
accordance with the result from Welch method.

Landes et al. found that HR contains the highest frequencies in Quiet sleep
(Landes, et al., 1996 ), as we found with the Lomb method. Landes et al. also
stated RR interval frequency becomes more indicative of state after 35 weeks
CA. This is relevant for us since many of the babies we studied were younger
than 35 weeks CA. Thus, our measurement could be strongly affected by the fact
that an increase in HRV over age was noted with HF components of RR interval
changes during Quiet sleep states.

Lastly, Medigue et al. found that the HF component of HRV dominates
during Quiet sleep, while LF component of HRV dominates in Active (Medigue, et
al., 1997 ). These findings partially meet the results from both methods.

In conclusion, the examples cited show that there is no clear agreement on
this issue: often the ranges of definition of HF and LF bands are different, due to
the fact that for babies the peaks are not so evident. Moreover premature babies
at the same conceptional-age may be at very different stage of maturation due

to the dissimilar time of gestation.

Position differentiation

In the second task, Lomb periodogram performance highlights different
information with respect to Welch periodogram. In Supine position LF band
content is lower than in Prone. Since altered thermoregulation has been
proposed as one of the causes for the negatively effect of Prone position, LF
band might be related to this factor.

Moreover, position during sleep is a more recent topic of investigation,

thus less comparison with literature can be found.
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As a conclusion, results on Lomb-Scargle are interesting, but not
conclusive. Deeper investigations on aliasing risk, in case of high HR must be

performed, before using it in clinical analysis.

3 Approximate and Sample entropy

We have chosen to use these measures of Entropy in order to extrapolate
information regarding complexity of the HR signal.

It has been already reported that complexity of heart and brain data can
differentiate healthy and sick subjects and so the application of these techniques
could be interesting for the characterization of different conditions of babies’
health.

The use of these methods allow us to explore HRV signals on a beat-to-
beat scale, being the templates used by ApEn and SampEn formed by a number
of samples that goes from 1 to 4.

Regulations occurring in this scale can be linked with vagus nerve activity,
which change HR substantially within one cardiac cycle. These premises help us
understand why the Entropy estimators have shown a trend of the parameters
opposite to other techniques. In fact Time domain and frequency domain
revealed a higher variability in Active rather than in Quiet sleep and in Supine
rather than Prone position, while the complexity registered by SampEn and ApEn
is higher in Quiet sleep and in Prone position respectively.

The 1500 samples approach has given the best results, confirming the fact
already stated in literature, that SampEn and ApEn must be computed on signals
of at least 1000 samples, in order to assure the stability of the estimate.

Another important step is the choice of m, thus we have repeated the
analysis 3 times, for m equal to 1,2 and 3 respectively.

We have notice that the value of m affects differently ApEn and SampEn. It
induces a reduction of the average ApEn and of its variance, while it causes only

a slight drop in the average of SampEn.
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An explanation of this behavior can be searched in the formulae of ApEn
and SampEn. In fact, the less are the matches within the signal and greater is the
influence of self-matches, which leads ApEn to decrease rapidly toward 0. This is
exactly what happens increasing m from 1 to 3. Matches become fewer as the
length of compared vectors increases.

Thus, we can state that SampEn is able to remedy from this inconvenience
and it proves to be more robust to changes of m.

In term of capability of differentiation, both the estimates have given good
and similar results for what concern Quiet and Active sleep.

Regarding the Supine vs. Prone comparison, only the 1500 samples
approach has reported positive results, even if the significance is absolutely
lower than the previous comparison. In fact only m equal to 3 gave a p-value
below 0.01.

Furthermore, in this case the p-values slightly decrease with the increment
of m and they are always lower for the SampEn.

Finally, our results allow to assert that there is a relevant change in the
amount of complexity in the data due to changes in the premature baby

condition. The best parameter to assess complexity in HR series is SampEn.

4 Permutation Entropy

Permutation entropy has been recently suggested as a complexity
measure, based on comparing neighboring values of each point and mapping
them to ordinal pattern (Bandt & Pompe, 2002), without incorporating
amplitude information. PermEn is applicable for regular, chaotic, noisy or real-
world time series and has been already employed in the context of
electrocardiographic time series (Zhang D., 2008).

As the choice of parameter D emerges as the crucial point of the method,

thus we applied PermEn with D from 3 to 6 samples.
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In fact, being the possible number of ordinal patterns dependent on D in a
factorial way, it affects greatly the probability distribution. It is appropriate to
look at D as the dimension of the state-space of the system generating the signal.
Thus, it is important to choose properly D, in order to investigate correctly the
amount of information of the time series. For instance, if we take an HRV signal,
setting a low value of D would prevent us from characterizing properly the time
series, because it contains, by nature, an elevate content of complexity. On the
other hand, applying PermEn with a value of D too high for the degree of
complexity of the signal, would be a computational waste, since only a little part
of the information content detectable by the technique is actually present in the
signal.

This is why, decrementing D from 6 to 3, the value of PermEn shows a
remarkable augmentation, while its standard deviation diminishes and the range
of possible values is clearly compressed.

For example, calculating PermEn on all the babies available in Active sleep
and Supine position is noticeable that, with D=6, the average PermEn is 0.837, its
standard deviation is 0.029 and the interquartile range is 0.036; on the other
hand, for D=3 the average PermEn goes to saturation (0.973, near 1).

This phenomenon explains why the most promising results in term of
comparison between populations are obtained with D=6 and get worse gradually
diminishing the parameter.

PermEn with D=6 proved to be able to discern Active vs. Quiet sleep, even
if only in Prone position. Moreover, in Supine vs. Prone comparison, PermEn has
obtained a p-value just above the limit of 0.05 (0.080).

The other parameter linked to the computation of PermEn, is the number
of missing ordinal patterns (MP), that is patterns that do not appear at all in the
considered time series.

There are two reasons behind the presence of forbidden patterns: the first
one is due to the finite length of any real time series, the second reason is

related to the dynamical nature of the systems generating the time series.

108



Discussions

Since we have carried out our analysis considering only segments of signal
of the same length, differences in the MP parameter can only be attributed to
changes in the mechanisms of the system that generates the signal.

The interest toward these parameters is related to the possibility of
performing a classification in terms of system structure, linking the results to the

presence of system variables contributing to physiological control.

5 Phase rectifying signal averaging

The last technique applied, the phase-rectified signal averaging (PRSA),
distances itself from the other approaches, in terms of type of events detected.
In fact its peculiarity is to synchronize the phase of all periodic components of a
noisy, non-stationary signal in respect of their frequencies or characteristic time
scales (Bauer, et al., 2006).

In ECGs, the signal-processing algorithm of PRSA makes possible the
separate assessment of increase and decrease in RR series. Thereby, it gives an
approximate distinction of the separate effects of the vagal and sympathetic
nervous systems (Huhn, et al., 2011).

Thus, we have computed PRSA varying the time scale of the transient
events detected from 1 to about 20 seconds.

A caveat is mandatory: increase approach refers to a increment in the RR
intervals, which corresponds to a decrease in HR and is mainly attributable to an
action of the vagal component of the autonomic nervous system. On the other
hand a decrease in the RR intervals graph is due to an HR acceleration, that is
primarily linked to the sympathetic effect.

The range of T corresponding to the most significant results of the T-tests is
lower (from 15 to 33 samples, is seconds it is about from 5 to 10 seconds) for the

increase approach, rather than for the decrease one.
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This difference in the optima ranges of T can be interpreted considering
the different time scale of the latency of sympathetic and parasympathetic
stimulation (Revington DI, 1990).

Talking about the capacity of PRSA of discerning Active vs. Quiet sleep, we
can assert that all the 4 parameters extracted (Ax, Ay, slopel and slope) are able
to discriminate between the two conditions, even if with different statistical
significance. Among them, Ay has shown the best results and especially in Prone
position the t-test has given back p-values very low (below 0.0001).

This means that the main difference detectable by PRSA between the two
sleeping conditions is the amplitude of the oscillations that occur within the
signal. In particular the amplitude is higher in Active sleep, which is in accordance
with what already verified by other techniques, i.e. HRV is generally higher in
Active than in Quiet sleep.

Moreover, our results show that increasing approach performs slightly
worse than the decrease one in terms of p-values.

Concerning the Supine vs. Prone comparison, only Ay parameter has shown
significant p-values, between 0.01 and 0.05, for T>39.

What these results underline is that is possible to obtain robust indications
by classifying changes in time series, related to the “so called acceleration and
deceleration events”. These dynamic events are very important to monitor the

development of prematures.

6 Conclusions and further development

This study was performed on ECG signals of 35 premature babies. From
these signals RR series were extracted in order to analyze the behavior and the
development of the autonomous nervous system, through the evaluation of the
cardiovascular control development through analysis of RR variability.

For this assessment, 4 conditions were considered: Quiet and Active sleep

and Prone and Supine position.
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This thesis has proposed analysis by methods from Time domain,
Frequency domain and Nonlinear approaches.

One of the most interesting design choices is that the parameters selected
come from the analysis both of the adult and the fetal condition: this is due to
the fact that a premature baby is in a situation of incomplete development.

Moreover, among the parameters employed, some do not belong to the
usual pool of measures used in literature for the HR analysis, such as PermEn,
but also PRSA.

Both these aspects proved to be valuable contributions and constitute part
of the novelties proposed in this study.

Most of the parameters extracted proved a good discrimination capability:
p-values for Active and Quiet sleep were extremely low, while the discernment
of Prone and Supine condition showed to be more controversial, unless possible
in some cases.

Our consideration is some parameters across the three different
approaches, such as LTI, SampEn and PRSA, appear as eligible for being used to
help clinical diagnosis: they could constitute the basis for an automated classifier
for the wellbeing state of the neonate, as well as for early identification of
changes.

The natural prosecution of this study would be the increment of the
number of babies involved in this study. Moreover, it will start in the near future
a multi-signal approach, involving respiratory signal and pulse-oximeter values,
which have been already acquired for the babies considered so far.

Methods proposed are ready to be applied on HR signals of prematures in
order to have a more comprehensive picture of the health condition and to be
able to interpret better the results, both of the physiological condition and
hopefully for the pathological as well.

The great possibility of collaborating with Columbia University Medical
Center, Columbia University Department of Psychiatry and New York

Presbyterian Hospital allowed us to overcome one of the most common bottle-
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neck of the studies relative of the neonates, which is the lack of subjects and a
fragmented acquisition of signals; instead the dataset of this study was
extremely rich and accurate in the acquisition.

Moreover, the constant and fruitful collaboration with clinical
professionals addressed our research toward exceptionally interesting and
needed investigations and accompanied us in the physiological interpretation of

the results obtained.
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