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Streszczenie

W ramach niniejszej rozprawy doktorskiej zaprezentowany zostal cykl pieciu artykutow
poswieconych weryfikacji mozliwosci zastosowania analizy sygnatow krazeniowo-
oddechowych z rozszerzeniem o domeng przyczynowg i informacyjng w celu poprawy oceny
stanu zdrowia. W pierwszym kroku, w analizie przeprowadzonej na podstawie 369 zapisow
z prob wysitkowych, dokonano predykcji warto$ci VOazpeak dla roznych zestawow parametrow
krazeniowo-oddechowych. Uzyskane wyniki wskazaty na statystycznie istotng poprawe jakosci
predykcji przy uwzglednieniu parametréw oddechowych poza parametrami kardiologicznymi
przy najnizej wartosci $redniego procentowego bledu bezwzglednego rownej 10,51%.
Nastepnie zaprezentowano utworzony w jezyku Python pakiet nonlincausality, stuzacy do
analizy przyczynowosci z zastosowaniem modeli uczenia maszynowego. Dzigki temu
narzedziu mozliwe bylo sparametryzowanie nieliniowych zalezno$ci przyczynowych, ktore nie
byly wykrywane przy uzyciu klasycznego podejscia metoda Grangera. W dalszej kolejnosci
sprawdzono mozliwo$¢ zastosowania opracowanego pakietu oraz innych dostgpnych technik
analizy przyczynowosci na sygnalach krazeniowo-oddechowych w grupie 20 pediatrycznych
pacjentéw kardiologicznych, z czego kazda metoda byta w stanie wykry¢ oraz okresli¢
liczbowo wspotzaleznosci miedzy aktywnos$cig uktadu krazenia i ukladu oddechowego.
Kolejna praca przedstawia pilotazowe wykorzystanie szerokiego zestawu cech opisujacych
aktywno$¢ ukladu krazenia, parametréw oddechowych oraz z domeny przyczynowe;j
1 informacyjnej w potaczeniu z metodami uczenia maszynowego do predykcji czasu trwania
proby wysitkowe] na podstawie S-minutowych statycznych pomiardw w pozycji lezacej
w grupie 36 miodych pitkarzy. Uzyskane wyniki charakteryzowaly si¢ umiarkowang
doktadno$cig ze $rednim procentowym bledem bezwzglednym wynoszacym 17,1% oraz
$rednim btedem bezwzglegdnym réwnym 129 sekund. Techniki wyjas$nialnej sztucznej
inteligencji dostarczyly wgladu w poziom wptywu poszczegdlnych cech na wyniki modelu,
wskazujac na kluczowe znaczenie parametrow kardiologicznych, ale jednocze$nie podkreslajac
potrzeb¢ uwzglednienia informacji z sygnalow oddechowych oraz wspoélzaleznosci
krazeniowo-oddechowych. Ostatnia z publikacji opisuje wykorzystanie metod uczenia
maszynowego do klasyfikacji stanu zdrowia badanego na podstawie parametrow krazeniowo-
oddechowych, w tym tych z domeny przyczynowej i informacyjnej. W tym badaniu wzi¢to
udzial 135 os6b w wieku od 6 do 17 lat, przy czym kazda z nich zostata przydzielona do jednej
z trzech grup w zaleznosci od stanu zdrowia. Dla zestawu danych sktadajacego si¢ z 35

najbardziej istotnych parametréw osiggni¢to doktadno$¢ rowna 89,1%. Uzyskane wyniki



wykazaly statystycznie istotnie lepsza jakos¢ klasyfikacji dla zbioréw danych zawierajacych
parametry z domeny przyczynowej i informacyjnej, co wskazuje na zawarta w nich potencjalnie
cenng informacj¢ diagnostyczna. Przeprowadzone analizy demonstrujg praktyczny potencjat
wykorzystania przedstawionych metod i narzedzi w diagnostyce medycznej. Zastosowanie
parametréw krazeniowo-oddechowych, w tym cech z domeny przyczynowej i informacyjnej,
moze umozliwi¢ bardziej precyzyjne monitorowanie stanu zdrowia, ocen¢ postgpoOw

treningowych oraz personalizacj¢ opieki zdrowotne;.

Stowa kluczowe: Sprzezenie krazeniowo-oddechowe, analiza przyczynowosci, uczenie

maszynowe, parametry kragzeniowo-oddechowe, pneumografia impedancyjna



Abstract

This doctoral dissertation presents a series of five articles focused on the verification of the
potential application of cardiorespiratory signal analysis, extended with causal and
informational domains, to improve health status assessment. In the first step, an analysis based
on 369 cardiopulmonary exercise test recordings was conducted to predict VOopeak values with
various sets of cardiorespiratory parameters. The obtained results indicated a statistically
significant improvement in prediction quality when respiratory parameters were included
alongside cardiac parameters, achieving the lowest mean absolute percentage error of 10.51%.
Subsequently, the nonlincausality package, developed in Python for causality analysis using
machine learning models, was introduced. This tool enabled the parameterization of nonlinear
causal relationships that were undetectable using the classical Granger method. Next, the
possibility of applying the developed package and other available causality analysis techniques
to cardiorespiratory signals in a group of 20 pediatric cardiac patients was tested, with each
method successfully identifying and numerically quantifying the interdependence between
cardiovascular and respiratory system activity. Another study presented the pilot use of an
extensive set of features describing cardiovascular activity, respiratory parameters, and features
from causal and informational domains combined with machine learning methods to predict the
duration of a cardiopulmonary exercise test based on 5-minute static measurements in a lying
position in a group of 36 young soccer players. The obtained results were characterized by
moderate accuracy, with a mean absolute percentage error of 17.1% and a mean absolute error
of 129 seconds. Explainable artificial intelligence techniques provided insight into the influence
of individual features on the model's outcomes, highlighting the critical importance of cardiac
parameters while emphasizing the need to include information from respiratory signals and
cardiorespiratory interdependencies. The final publication described the use of machine
learning techniques to classify an individual's health status based on cardiorespiratory
parameters, including those from causal and informational domains. This study involved 135
participants aged between 6 and 17 years, each assigned to one of three groups depending on
their health status. For a dataset comprising the 35 most significant parameters, an accuracy of
89.1% was achieved. The results showed a statistically significant improvement in
classification quality for datasets containing parameters from causal and informational
domains, indicating their possibly valuable diagnostic information. The conducted analyses
demonstrate the practical potential of utilizing the presented methods and tools in medical

diagnostics. The application of cardiorespiratory parameters, including features from causal and



informational domains, could enable more precise health monitoring, training progress

evaluation, and the personalization of healthcare.

Keywords: Cardiorespiratory coupling, causal analysis, machine learning, cardiorespiratory

parameters, impedance pneumography
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2. Wstep

Jednym z wyzwan stawianych wspotczesnej medycynie jest optymalizacja obcigzen
fizycznych, ktorym pacjent lub sportowiec jest poddawany podczas rehabilitacji lub treningu
w taki sposob, aby byly one spersonalizowane i dostosowane do mozliwosci danej osoby [1],
[2], [3]. Indywidualny dobdr obcigzen zalezy miedzy innymi od wydolno$ci krazeniowo-
oddechowej (CRF, z ang. cardiorespiratory fitness), wystgpowania przeme¢czenia w zwigzku
zuprzednim wysitkiem fizycznym 1 wystepujacymi problemami zdrowotnymi. W tym
kontekscie istotne jest monitorowanie parametrow fizjologicznych, ktore dostarczaja cennych
informacji diagnostycznych o obecnym stanie zdrowia danej osoby i mozliwos$ci adaptacji
organizmu do obcigzenia fizycznego. Kluczowe znaczenie ma tu zwtaszcza monitorowanie
pracy uktadu krazenia i oddechowego, ktore ze wzgledu na swoja dostgpnos$¢ (na przyktad
z wykorzystaniem urzadzen ubieralnych) i wartos¢ diagnostycznag, stanowig podstawe oceny
reakcji organizmu na obcigzenia fizyczne. Ocena, jak uktad sercowo-naczyniowy i oddechowy
przystosowuja si¢ do wysitku fizycznego, jest niezwykle istotna nie tylko dla pacjentow
w trakcie rehabilitacji, ale takze dla os6b uprawiajacych sport, zarowno w czasie okresu
treningowego, jak i zawodow. Wydaje si¢ to niezbedne dla opracowania, dostosowania

1 personalizacji planéw treningowych oraz czasu potrzebnego na regeneracje.

Obecnie ocena funkcji krazeniowo-oddechowych jest mozliwa mi¢dzy innymi na podstawie:
parametrow kardiologicznych, takich jak czgsto$¢ akcji serca (HR, z ang. heart rate) lub
parametroOw zmienno$ci rytmu zatokowego (HRV, z ang. heart rate variability) [4], wynikow
testu wysitkowego (CPET, z ang. cardiopulmonary exercise test) [5], badan laboratoryjnych [6]
oraz technik obrazowania medycznego [7]. Jednakze metody te sa albo kosztowne i mato
dostepne, jak wykonanie pelnego testu wysitkowego, gdzie konieczne jest zaangazowanie
wykwalifikowane personelu, sprzgtu, na ktorym test mogiby by¢ wykonany (jak bieznia lub
cykloergometr) oraz mi¢dzy innymi zaawansowanej aparatury do analizy gazow oddechowych,
albo nie przedstawiaja pelnego obrazu funkcji krazeniowo-oddechowych, jak w przypadku
parametrow HRYV, gdzie informacja o funkcji oddechowej jest uzyskiwana wylacznie
posrednio. W zwigzku z tym wcigz trwaja badania nad nowymi podej$ciami, ktore mogtyby
dostarczy¢ dodatkowych informacji na temat stanu zdrowia pacjenta, co pozwolitoby na
bardziej indywidualne podejscie. Jedna z mozliwosci poprawy jakosci oceny adaptacji do
wysitku fizycznego zdaje si¢ by¢ jednoczesne uwzglednienie informacji o uktadzie sercowo-

naczyniowym oraz o ukladzie oddechowym, jak rowniez uwzglednienie informacji
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o wspotzaleznosciach krazeniowo-oddechowych opisywanych w domenie przyczynowe;j

i informacyjne;j.

W dzisiejszych czasach monitorowanie aktywnosci pracy serca jest mozliwe dzigki
popularyzacji inteligentnych zegarkéw, monitoréw pracy serca oraz innych urzadzen
ubieralnych. Urzadzenia te pozwalaja na wyznaczenie parametréw HRV opisujacych prace
serca zar6bwno w domenie czasu, czestotliwosci, jak i cech nieliniowych. Parametry te moga
zosta¢ wyliczone przy uzyciu takich narzedzi jak KubiosHRV [8] lub pakietu NeuroKit2 [9].
Do najpopularniejszych parametrow HRV w dziedzinie czasu naleza: $rednia warto$¢
interwaléow RR lub odpowiadajaca jej $rednia czgsto$¢ rytmu serca, odchylenie standardowe
interwalow RR, ktore odzwierciedla ogdlng zmienno$¢ rytmu serca zarowno w krotkim, jak
1 dtugim okresie, pierwiastek kwadratowy ze $rednich kwadratéw roznic kolejnych interwatéw
RR, stuzacy do oceny krétkoterminowej zmienno$ci rytmu serca, a takze NN50, okreslajaca
liczbe¢ par sasiadujacych normalnych interwalow RR, ktorych roznica przekracza 50
milisekund. Czgsto wykorzystuje si¢ roOwniez jej wariant procentowy, pNNS50, ktory wyraza t¢

samg informacje w formie wzgledne;.

Dla parametrow w dziedzinie czgstotliwosci wyrdznia si¢ trzy odrgbne pasma: bardzo niskie
czestotliwosci (VLF, z ang. very low frequency), niskie czgstotliwosci (LF, z ang. low
frequency) oraz wysokie czestotliwosci (HF, z ang. high frequency). W przypadku
krotkoterminowych pomiaréw HRV u zdrowych osoéb, pasma te zazwyczaj definiuje si¢
w nastepujacych zakresach czgstotliwosci: 0-0,04 Hz dla VLF, 0,04-0,15 Hz dla LF oraz
0,15-0,4 Hz dla HF. Kluczowe parametry HRV wyprowadzane z tych pasm obejmuja
czgstotliwos$¢ szczytowa (czgstotliwose, przy ktorej wystepuje maksymalna moc w kazdym
z pasm), warto$ci mocy absolutnej i wzglednej (dla VLF, LF i HF), moce znormalizowane
(szczegodlnie dla LF i HF), stosunek mocy LF/HF oraz calkowita moc spektralng. Moce dla
poszczegolnych pasm oblicza si¢ przez catkowanie oszacowan widma w granicach danego
pasma czgstotliwosci, natomiast catkowita moc uzyskuje si¢ przez calkowanie w calym

spektrum.

Nieliniowe metody parametryzacji HRV obejmuja migdzy innymi: wykres Poincaré,
aproksymowang entropi¢ (ApEn, z ang. approximate entropy), entropi¢ probki (SampEn, z ang.
sample entropy), wymiar korelacyjny D; oraz beztrendowg analiz¢ fluktuacji (DFA, z ang.
detrended fluctuation analysis). Wykres Poincaré przedstawia graficznie zalezno$¢ miedzy
kolejnymi interwalami RR, wykre$lajac RRun+1 wzgledem RR., gdzie n oznacza numer

interwalu w analizowanym zapisie. Z wykresu tego wyznaczane sg dwa parametry: SD1, ktory
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oznacza odchylenie standardowe wykresu Poincaré prostopadle do linii tozsamos$ci, podczas
gdy SD2 reprezentuje odchylenie standardowe wykresu Poincaré wzdhuz linii tozsamosci [10].
SD1 odzwierciedla gléwnie krotkoterminowa zmiennos$¢, natomiast SD2 opisuje zmienno$¢
dlugoterminowa. Przyktadowy wykres Poincaré z wizualng prezentacja parametréw SD1 i SD2
zostal zaprezentowany na Rycinie 1. Aby oceni¢ zlozono$¢ lub nieregularno$¢ HRV, stosuje
si¢ miary bazujace na teorii informacji takie jak ApEn i SampEn. Gldwna r6znicg migdzy tymi
dwiema miarami jest to, ze ApEn oblicza regularno$¢ na podstawie krotkich sekwencji
czasowych, podczas gdy SampEn uwzglednia caly szereg czasowy [11]. DFA to technika
stuzaca do oceny korelacji migdzy interwalami RR na réznych skalach czasowych. W tej
metodzie korelacje krotkoterminowe al sg oceniane na podstawie danych z segmentow
obejmujacych 4 do 16 uderzen serca, natomiast o2 opisuje korelacje dlugoterminowe
w przedziale od 16 do 64 uderzen [12]. Korelacje krétkoterminowe sg zwigzane z odruchem
z baroreceptoréw, natomiast korelacje dtugoterminowe odzwierciedlaja szersze mechanizmy

regulacyjne w uktadzie krazenia [13].
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Rycina 1. Przyktadowy wykres Poincaré wygenerowany przy uzyciu programu KubiosHRV.
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Parametry HRV s3 cennymi wskaznikami $miertelnosci u oséb z niewydolnoscig serca [14],
stanu zdrowia psychicznego [15], skutkéw zachorowania na COVID-19 w populacji oso6b
starszych [16], przebiegu rehabilitacji po przebytym udarze [17], [18], wynikéw sportowych
[19], a takze stanu przetrenowania i stopnia regeneracji [20]. Jednakze poza parametrami
krazeniowymi istotng rol¢ dla oceny szeroko pojetego stanu zdrowia odgrywaja rowniez
parametry oddechowe, takie jak czesto$¢ oddechowa (RespRate, z ang. respiratory rate),
obj¢tos¢ oddechowa (TV, z ang. tidal volume) i minutowa wentylacja pluc (VE, z ang.
ventilaton), ktore sa istotne w wykrywaniu i monitorowaniu takich schorzen, jak przewlekta
obturacyjna choroba ptuc [21], [22] czy zapalenie ptuc [23]. Monitorowanie aktywnos$ci
oddechowej moze by¢ przeprowadzone przy uzyciu roznych metod i urzadzen, jak spirometry,
pasy oddechowe oraz czujniki i urzadzenia ubieralne. Kazda z tych metod moze by¢ stosowana
w zaleznosci od potrzeb pacjenta, warunkow 1 wymagan specyficznych dla monitorowania
stanu zdrowia lub aktywno$ci fizycznej. Istnieja réwniez algorytmy pozwalajace na
wyznaczenie krzywej oddechowej na podstawie sygnatu elektrokardiograficznego (EKG) [24],

jednakze niektore prace wskazujg na ich niskg uzyteczno$¢ w wybranych zastosowaniach [25].

Jedna z metod, ktora pozwala na ciggle monitorowanie aktywnos$ci oddechowej, a przy tym nie
wymaga specjalistycznej aparatury do analizy gazow wydechowych oraz przylegajacej maski,
ktéra wplywa na naturalny przeptyw wdychanego i wydychanego powietrza, jest pneumografia
impedancyjna (IP, z ang. impedance pneumography) [26], [27], [28], [29]. W tej technice,
za pomocy elektrod aplikacyjnych, do tkanek osoby badanej aplikowany jest prad zmienny
o niskim natg¢zeniu (ponizej progu pobudliwosci komoérek organizmu), natomiast przy uzyciu
elektrod odbiorczych rejestrowane jest napigcie bedace odpowiedziag na zadany prad.
Na podstawie wartosci zaaplikowanego pradu i zarejestrowanego napi¢cia wyznaczana jest
warto$¢ impedancji. Zastosowanie tetrapolarnej metody pomiaru i rozdzielenie elektrod
aplikacyjnych od odbiorczych jest wskazane ze wzglgdu na zniwelowanie wptywu impedancji
elektroda-skoéra w tej metodzie. Zgodnie z [30], elektrody odbiorcze powinny by¢ umieszczone
w linii pachowej, w okolicy piatego i szdstego zebra, a elektrody aplikacyjne przymocowane
do wewnetrznej strony ramienia na wysokosci elektrod odbiorczych. Przy takim
umiejscowieniu elektrod regresja liniowa zapewnia najlepsza zgodno$¢ pomigdzy
IP a pneumotachometria, dzigki czemu sygnat IP moze by¢ traktowany jako sygnal wzglednej
objetosci oddechowej [30]. Uzyskanie bezwzglednych warto$ci objgtosci oddechowe;j
1 przeptywu powietrza z sygnatu IP jest mozliwe, jednak wymagana jest do tego odpowiednia

kalibracja [311, [32], [33].
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Jednym z urzadzen pozwalajacych na rejestracje sygnatu IP jest opracowany na Politechnice
Warszawskiej Pneumonitor [34], [35], [36]. Pneumonitor pozwala na jednoczesng rejestracje
IP oraz EKG ze wspdlng podstawag czasu obu sygnatéw. Do pomiaru IP wykorzystywana jest
konfiguracja tetrapolarna, w ktdrej aplikowany jest prad sinusoidalny o czestotliwosci 100 kHz
i maksymalnej amplitudzie do 1 mA. Mierzona jest natomiast warto$¢ napigcia bedacego
odpowiedziag na zadany sygnat pradowy, na podstawie ktérej wyliczana jest wartos¢
impedancji. Elektrody pomiarowe umieszczone sg w linii pachowej na wysokos$ci pigtego
i szostego zebra, a elektrody aplikacyjne sa przytwierdzone na ramieniu, na poziomie
odpowiadajacym elektrod pomiarowym. Do rejestracji uzywane sg elektrody typu Holter
Ag/AgCl, a sygnaly probkowane sg z czestotliwoscig 250 Hz. Taka konfiguracja umozliwia
precyzyjna ocen¢ zmian impedancji klatki piersiowej zwigzanych z oddychaniem, co czyni
Pneumonitor skutecznym narz¢dziem do monitorowania parametréow oddechowych.
Urzadzenie Pneumonitor przedstawiono na Rycinie 2, natomiast schemat podiaczenia elektrod

stuzacych do pomiaru IP oraz EKG zaprezentowano na Rycinie 3.

Rycina 2. Pneumonitor wersja 2.
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Rycina 3. Schemat umieszczenia elektrod wykorzystywanych w urzadzeniu Pneumonitor do
pomiaru IP oraz EKG.

Coraz wiecej prac wskazuje na nierozerwalny charakter wspotzaleznosci miedzy uktadem
sercowo-naczyniowym i uktadem oddechowym oraz na korzy$ci ptynace z uwzglednienia
parametréw oddechowych wraz z parametrami kragzeniowymi [ 15], [37]. Zwiazek ten okreslany
jest mianem sprzezenia krazeniowo-oddechowego (CRC, z ang. cardiorespiratory coupling),
u podstaw ktérego lezy miedzy innymi zjawisko niemiarowo$ci oddechowej (RSA, z ang.
respiratory sinus arrythmia). RSA przejawia si¢ w skrdoceniu interwatow RR w trakcie fazy
wdechu oraz ich wydtuzeniu w trakcie wydechu, co przeklada si¢ odpowiednio na chwilowy
wzrost 1 spadek tetna. Zjawisko to jest zwigzane z pracg autonomicznego uktadu nerwowego,
przy czym zwigkszenie aktywnosci uktadu wspolczulnego odpowiada za skrdcenie $redniego
cyklu akcji serca (wzrost tetna), a zwigkszenie aktywnos$ci uktadu przywspotczulnego wplywa
na jego wydluzenie [38]. Przyklad omawianego sprzezenia zostal zaprezentowany na

Rycinie 4.
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Rycina 4. Sygnat EKG oraz sygnat relatywnej zmiany objetosci oddechowej z widocznym

skroceniem interwatow RR podczas wdechu oraz ich wydluzeniem podczas wydechu.

Informacj¢ o CRC mozna uzyskaé na podstawie parametrow HRV, w szczegdlnosci z domeny
czgstotliwosciowej [13], jednakze pelen obraz tej zaleznosci mozliwy jest przy wykorzystaniu
zarowno sygnatu opisujacego czynno$¢ ukladu krazenia, jak i oddechowego. Parametryzacja
CRC moze by¢ wykonana na wiele sposobow [39], migdzy innymi poprzez podejScia bazujace
na przyczynowos$ci Grangera (GC, z ang. Granger causality). Podej$cie Grangera do oceny
zalezno$ci przyczynowych migdzy szeregami czasowymi zostalo zaprezentowane w 1969 roku
[40]. Zaktada ono zbadanie przyczynowosci od szeregu czasowego Y do szeregu czasowego
X (oznaczonej jako Y—X) przy uzyciu dwoch modeli autoregresji liniowej, zaprezentowanych
w Rownaniach (1-2).

L

X© = ) aX(—D+ B (1)

=1
L

X(t) = Z aX(t—1)+ z b Y(t — 1) + Exy(t) 2)
=1

=1
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Gdzie L jest maksymalng warto$cig przesztych obserwacji uwzglgdnionych w modelowaniu,
a; 1 b; to wspdlczynniki modeli (udzial przesztych wartosci w predykcji obecnej wartosci
szeregu czasowego X), a E; oraz E, to residua modeli. Aby oceni¢, czy zmienna Y jest
przyczyna zmiennej X w sensie Grangera, mozna wykorzysta¢ test F [41], lub test chi-kwadrat
[42]. W obu przypadkach nalezy wyliczy¢ sum¢ kwadratow residuow (RSS, z ang. residual
sum of squares) obliczonych dla obu modeli autoregresji liniowej zgodnie z Réwnaniami

(3-4), gdzie T jest liczba przewidzianych wartosci szeregu czasowego X.

T
RSSy = ) Ex(t)? (3)
T
RSSxy = ) Bxy() 4)
t=1

Statystyka testowa S dla testu F przyjmuje posta¢ zaprezentowang w Rownaniu (5), gdzie

S pochodzi z rozktadu Fisheraz L i T — 2L — 1 stopniami swobody.

_ (RSSX - RSSX,y)/L F
~ RSSyy/(T—2L-1) »#1 (5)

Natomiast statystka testowa S dla testu chi-kwadrat wyliczana jest zgodnie z Rownaniem (6),

gdzie S pochodzi z rozktadu chi-kwadrat z L stopniami swobody.

— T(RSSX - RSSle) - 2 (6)
RSSyy L

Oproécz stwierdzenia wystgpowania przyczynowosci Grangera, taka wspolzaleznos¢ miedzy
szeregami czasowymi mozna rowniez okre$li¢ liczbowo zgodnie z Rownaniem (7), gdzie a2 Ey
oraz 0%Eyy oznaczaja odpowiednio wariancje residuéw modelu opartego na przesztych
warto$ciach szeregu czasowego X oraz modelu opartego na przesztych wartosciach szeregdw

czasowych X i Y.

Fyox = In——=— (7)
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Podejécie to ma jednak swoje ograniczenia ze wzgledu na zalozenie o stacjonarnosci
analizowanych szeregdbw czasowych oraz na brak mozliwosci wykrywania zaleznoSci
nieliniowych. Dlatego tez opracowywane sa nowe metody analizy przyczynowosci, ktore
pozwalaja na przezwyci¢zenie tych ograniczen. Inng mozliwoscig liczbowego okreslenia CRC
jest zastosowanie metod, okreslanych jako nieliniowe. Na ten zbior sktadaja si¢ metody oparte
na technikach z teorii informacji [43], [44], [45], symbolizacji [46], [47], synchronizacji faz
[48] lub innych metodach [39]. Przyktadowo zalezno$¢ migdzy dwoma szeregami czasowymi
moze zosta¢ sparametryzowana za pomocg informacji wzajemnej (MI, z ang. mutual
information). Taka zalezno$¢ dla dwoch dyskretnych zmiennych X i Y moze by¢ wyliczona na

podstawie Rownania (8) [39]:

oy p(x,y)

yeY xeX

gdzie p(x) i p(y) sa rozktadami prawdopodobienstwa zmiennych X i Y, a p(x,y) jest
rozkladem prawdopodobienstwa lacznego obu szeregdw czasowych. Obecnie wcigz trwaja
prace nad poszukiwaniem nowych metod liczbowego okreslenia CRC, ktére pozwalalyby na
bardziej precyzyjne zbadanie ztozonych i dynamicznych interakcji migedzy tymi uktadami,

a takze bytyby zoptymalizowane pod konkretne cele diagnostyczne [49], [50].

W zwiazku z rozwojem narzg¢dzi sztucznej inteligencji (Al, z ang. artificial inteligence) oraz
algorytmow uczenia maszynowego (ML, z ang. machine learning), techniki te sa coraz czgsciej
1 coraz chetniej wykorzystywane w zastosowaniach medycznych [51]. Rozwoj ten obejmuje
nie tylko systemy wspomagania decyzji klinicznych [52], [53] czy analizy sygnalow i obrazow
medycznych [54], [55], [56], [57], ale rowniez coraz bardziej zaawansowane narzgdzia do
przetwarzania jezyka naturalnego, ktore usprawniajg pracg lekarzy [58], [59]. W ostatnim
czasie nastgpit duzy wzrost popularnosci duzych modeli jezykowych, ktére s3 w stanie
przetwarza¢ jezyk naturalny na poziomie pozwalajacym na zaliczenie lekarskiego egzaminu
koncowego [60]. Szybki postep w szeroko pojetej dziedzinie Al wplywa na rozwdj precyzyjnej
i spersonalizowanej medycyny [61], [62], [63]. Pomimo tego, Ze modele uczenia maszynowego
osiggaja w roznych zadaniach poziom wydajnosci porownywalny z ludzkim, ich postrzeganie
jako "czarnych skrzynek" znacznie utrudnia zrozumienie podstaw zwracanych przez nie
wynikéw, co w rezultacie ogranicza ich szersze przyjecie i zastosowanie w medycynie [64].
Aby rozwigza¢ ten problem, coraz wigksza popularnos$¢ zyskuja techniki tzw. ,,wyjasnialne;”

sztucznej inteligencji (XAI, z ang. explainable Al), ktore odgrywaja kluczowa role
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w zwigkszaniu interpretowalnosci i wiarygodnos$ci modeli uczenia maszynowego. Ich
wykorzystanie pozwala na ograniczenie ryzyka zwigzanego z implementacja narzedzi Al,
umozliwiajac integracj¢ tych narzedzi w réznych dziedzinach w sposoéb zaré6wno efektywny,
jak 1 etycznie odpowiedzialny [65]. Techniki ML znajduja zastosowanie rowniez w analizie
danych krazeniowo-oddechowych, np. w kardiologii, pulmonologii i medycynie sportowe;j.
Uzycie algorytméw uczenia maszynowego okazalo si¢ przydatne w przewidywaniu ryzyka
choroby niedokrwiennej serca [66], klasyfikacji stopnia ograniczenia mozliwego wysitku [67],
identyfikacji profili na podstawie testow wysitkowych do oceny ryzyka wystapienia zdarzen
sercowo-naczyniowych [68], wykrywaniu bezdechu centralnego u wczesniakow [69] oraz

w wielu innych zastosowaniach [70].

Biorac pod uwage rosnacy trend, polegajacy na bardziej holistycznym podejsciu do ludzkiego
organizmu, w tym do wspolpracy miedzy system kragzeniowym a oddechowym oraz rosngce
mozliwos$ci analityczne dostarczane dzigcki metodom uczenia maszynowego, na potrzeby
niniejszej rozprawy zdefiniowano problem badawczy jako poszukiwanie sposobu zastosowania
analizy sygnalow krazeniowo-oddechowych z rozszerzeniem o domene przyczynowa

1 informacyjng w celu poprawy oceny stanu zdrowia.

W ramach tej pracy postawiono hipotezg: uwzglednienie informacji o aktywnosci
oddechowej i parametrach z domeny przyczynowej lub informacyjnej dla sygnalow
krazeniowo-oddechowych pozwala uzyska¢ dodatkowa wartos¢ diagnostyczna w ocenie

stanu zdrowia.

Celem cyklu prac byto zbadanie istotnosci aktywnosci oddechowej i parametréw z domeny
przyczynowej lub informacyjnej dla sygnalow krazeniowo-oddechowych w konteks$cie stanu

zdrowia osoby badane;.

Powyzszy cel zostal podjety w publikacjach stanowigcych cykl artykuldw skladajacy sie
z nastepujacych pozycji:

1. M. Rosot, M. Petelczyc, J. S. Gasior, and M. Mtynczak, “Prediction of peak oxygen
consumption using cardiorespiratory parameters from warmup and submaximal stage
of treadmill cardiopulmonary exercise test,” PLoS One, vol. 19, no. 1, p. €0291706, Jan.
2024, doi: 10.1371/journal.pone.0291706.
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2. M. Rosol, M. Mtynczak, and G. Cybulski, “Granger causality test with nonlinear neural-
network-based methods: Python package and simulation study.,” Comput Methods
Programs Biomed, vol. 216, 2022, doi: 10.1016/j.cmpb.2022.106669.

3. M. Rosotl, J. S. Gasior, I. Walecka, B. Werner, G. Cybulski, and M. Mtynczak,
“Causality in cardiorespiratory signals in pediatric cardiac patients,” in 2022 44th
Annual International Conference of the IEEE Engineering in Medicine & Biology
Society (EMBC), 2022, pp. 355-358. doi: 10.1109/EMB(C48229.2022.9871750.

4. M. Rosol, J. S. Gasior, K. Korzeniewski, J. Laba, R. Makuch, and M. Mtynczak,
“Prediction of the duration of maximal exercise test in professional adolescent football
players based on the cardiorespiratory signals — a pilot study,” in 2024 46th Annual
International Conference of the IEEE Engineering in Medicine and Biology Society
(EMBC), 2024, pp. 1-4. doi: 10.1109/EMBC53108.2024.10782255.

5. M. Rosol, J. S. Gasior, K. Korzeniewski, J. Laba, R. Makuch, B. Werner, M. Mtynczak,
“Machine Learning Classification of Pediatric Health Status Based on Cardiorespiratory
Signals with Causal and Information Domain Features Applied—An Exploratory

Study,” J Clin Med, vol. 13, no. 23, 2024, doi: 10.3390/jcm13237353.

W pierwszej z wymienionych prac [71] zaprezentowano predykcje warto$ci szczytowego
pochlaniania tlenu (VOgzpeak) na podstawie rdéznych zestawdéw parametréw krazeniowo-
oddechowych. Przedstawione w tej pracy wyniki wskazuja na potrzebe uwzgledniania
informacji oddechowej w celu lepszego profilowania sportowcéw ze wzgledu na statystycznie
istotnie mniejsze bledy predykcji w sytuacji, gdy oprocz parametrow krazeniowych zostaty
uwzglednione parametry oddechowe. Zasugerowano rowniez mozliwos¢ rozszerzenia zestawu
parametrow o cechy z domeny przyczynowej i informacyjnej, w celu dalszej poprawy
doktadno$ci otrzymywanych predykcji. W pracy [72] opisano pakiet nonlincausality
opracowany w jezyku Python, stuzacy do parametryzacji zwiazkéw przyczynowych przy
uzyciu nieliniowych technik modelowania opartych o uczenie maszynowe. W tej publikacji
przedstawiono analizy symulacyjne, pokazujace mozliwos¢ wykrywania zwigzkow
przyczynowych o ztozono$ci wigkszej niz liniowa w paradygmacie Grangera, za pomoca
opracowanego pakietu uzywajacego sieci neuronowych. Wskazano rowniez na mozliwo$¢
zastosowania zaproponowanych narzgdzi do analizy wspodtzaleznosci krazeniowo-
oddechowych. Kolejna praca [73] prezentuje zastosowanie opracowanego pakietu do sygnatow
krazeniowo-oddechowych w grupie pacjentow z problemami kardiologicznymi. Tachogramy

oraz krzywe oddechowe uzyskane z pigciominutowych rejestracji w spoczynku zostaty
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poddane analizie przyczynowosci w grupie 20 pediatrycznych pacjentéw kardiologicznych.
Dokonano réwniez poréwnania uzyskanych wynikéw parametryzacji CRC z uzyciem réznych
metod analizy przyczynowej. W publikacji [74] przedstawione zostaty wyniki predykcji czasu
trwania proby wysitkowej wykonywanej przez mtodych pitkarzy przy uzyciu technik ML, na
postawie parametréw kardiologicznych, oddechowych oraz z domeny przyczynowe;j
1 informacyjnej, wyliczonych z 5-minutowych pomiaréw pracy serca i uktadu oddechowego
podczas spoczynku. Ostatnia praca z cyklu [75], ukazuje analizg klasyfikacji oséb badanych ze
wzgledu na stan zdrowia, na podstawie parametrow krazeniowych, oddechowych oraz
z domeny przyczynowej i1 informacyjnej. Wydzielone zostaty 3 grupy oséb badanych: dzieci
z problemami kardiologicznymi, dzieci zdrowe oraz wytrenowani mtodzi sportowcy. Sygnaty
krazeniowo-oddechowe byty rejestrowane u kazdej osoby przez przynajmniej 5 minut podczas
spoczynku, a nastgpnie dokonano ich parametryzacji. Analizie poddano 6 zestawdéw danych
sktadajacych si¢ z réznych kombinacji wyliczonych parametrow. Uzyskane wyniki wskazaty
na uzyteczno$¢ parametréw kwantyfikujacych CRC ze wzgledu na znaczaca poprawe jakosci

klasyfikacji w sytuacji uwzgl¢dnienia tej grupy cech w analizie.

Podsumowujac, prace stanowigce zaprezentowany cykl prezentuja badania przeprowadzone
nad istotno$cig aktywnos$ci oddechowej i1 parametrow z domeny przyczynowej lub
informacyjnej dla sygnalow krazeniowo-oddechowych w kontek$cie stanu zdrowia osoby
badanej, dazac do opracowania nowych narzgdzi i metod analitycznych, ktére umozliwia
bardziej precyzyjng ocen¢ stanu zdrowia, wspomoga proces diagnostyki oraz przyczynia si¢ do

personalizacji opieki zdrowotne;.
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3. Prediction of peak oxygen consumption using cardiorespiratory
parameters from warmup and submaximal stage of treadmill

cardiopulmonary exercise test

3.1. Materiaty 1 metody
W pracy poswieconej predykcji VOzpeak Wykorzystano otwarty zbidr danych, opublikowany
przez Mongina 1 innych [76], [77], ktéry zawiera rejestracje parametrow krazeniowo-
oddechowych wykonane migdzy 2008 a 2018 rokiem w grupie amatorskich i profesjonalnych
sportowcdw, podczas 992 maksymalnych prob wysitkowych na biezni. Badania te obejmowaty
dwa rodzaje protokotéw: ciagly oraz skokowy wzrost predkosci biezni. W analizie
postanowiono ograniczy¢ si¢ wylacznie do eksperymentow z ciaglym wzrostem predkosci.
Protokot badania obejmowal: rozgrzewke trwajaca 8—10 minut przy predkosci 5 km/h, bieg na
biezni z predkoscia wzrastajacg o 1 km/h na minut¢ do momentu maksymalnego zmegczenia
oraz faze¢ regeneracji po wysitku przy predkosci 5 km/h. Do analizy wybrano uczestnikéw
w wieku od 18 do 40 lat, co zmniejszyto liczbe zapisow do 692. Wybrano tylko testy z ciaglym
wzrostem predkosci, aby uzyskac spojne warunki badania, w wyniku czego pozostato 485
nagran. Nastegpnie wykluczono rejestracje osob, ktdre zostaly okreslone jako obserwacje
odstajace na pod wzgledem wagi, wzrostu i VOzpeak W 0dniesieniu do danej plci, ograniczajac
probke do 462 nagran. Ponadto dane zostaly poddane wizualnej ocenie w celu odrzucenia
pomiarow, podczas ktorych wystapity widoczne artefakty w akwizycji HR (np. nagly spadek
o ponad 30 uderzen na minute lub brak cigglosci szeregdw czasowych HR podczas proby
wysitkowej, prawdopodobnie z powodu odtaczenia elektrody). Ostatecznie do analizy zostato
wykorzystanych 369 nagran. Koncowe nagrania nalezalty do 327 sportowcow (42 osoby
przeszty wigcej niz jeden test), w tym 275 me¢zczyzn i 52 kobiet. Pelna charakterystyka grup

jest przedstawiona w Tabeli 1.
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Tabela 1. Charakterystyka grupy badanej z podziatem na pleé¢, przedstawiona jako warto$¢

$rednia & odchylenie standardowe oraz zakres w nawiasie.

. BMI VO2peak
Ple¢ Wiek [lata] | Wzrost [cm] Waga [kg]
[kg/m?] [ml/min/kg]
| 27,3+£5,8 177,4 +6,3 76,6 £ 8,3 243+22 47,7+17,5
Mezczyzni
(18,0-39,8) | (160,5-193,0) | (55,3-97,0) | (17,9-31,4) (28,9-67,3)
‘ 26,9 + 6,3 165,2 + 6,1 62,2 +8,2 22.8+23 38,1 +£6,3
Kobiety
(18,0-40,0) | (154,0-178,0) | (46,0-83,0) | (18,0-29,6) (24,8-53,8)
27,3+5,9 175,5+7,6 74,5+9,7 24,1 +2,3 46,3 £ 8,1
Wszyscy
(18-40) (154,0-193,0) | (46,0-97,0) | (17,9-31,3) (24,8-67,3)

W oparciu o uzyskany zbior danych, na podstawie parametrow krazeniowo-oddechowych
z r6znych etapéw CPET, przy uzyciu metod uczenia maszynowego zbadana zostala jako$¢
predykcji warto$ci VOppeak oOraz istotno$¢ cech opartych na danych oddechowych dla
modelowania VOzpeak. W tym celu wykorzystano zarejestrowane szeregi czasowe tetna (HR),
czestotliwosci oddechow (RespRate) oraz wentylacji minutowej (VE). Warto§¢ VOzpeax zostata
okreslona jako maksymalna warto$¢ poboru tlenu uzyskana po zastosowaniu okna $redniej
ruchomej na podstawie 15 oddechow, zgodnie z zaleceniami przedstawionymi przez Robergsa

i innych [78].

Jako cechy dla modeli ML obliczono parametry takie jak: $rednia, odchylenie standardowe,
warto$¢ maksymalna i minimalna, mediana, 25. 1 75. kwantyl, sko§nos¢, kurtoza, wspotczynnik
zregresji liniowej, wspotczynniki impulsu i ksztattu dla HR, RespRate i VE dla r6znych etapow
podjetego wysitku. Lacznie utworzono 11 zestawdéw danych (oznaczonych jako D1-D11) na
podstawie roznych kombinacji parametrow i etapéw CPET. Badania skupily si¢ na fazie
submaksymalnym z testu wysitkowego, trwajacym od momentu zakonczenia rozgrzewki do
momentu uzyskania 85% maksymalnego tetna (HRmax). Wykorzystano zarowno faktyczne
HRumax uzyskane podczas testu, jak i HRmax Wyliczone na podstawie wieku (220-wiek), aby
dostarczy¢ informacji o uzyteczno$ci prognozowania VOazpeak W testach submaksymalnych bez

uprzedniej wiedzy o warto§ci HRmax dla danego uczestnika.

Doktadno$¢ prognozy oceniano za pomoca 10-krotnej walidacji krzyzowej. W kazdej iteracji,
na podstawie $redniej i1 odchylenia standardowego z zestawu danych treningowych,
dokonywano standaryzacji cech niekategorycznych. Wykorzystano rézne algorytmy ML

powszechnie stosowane w problemach regresji. Dostrojenie hiperparametréw dla kazdego
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algorytmu przeprowadzono za pomoca techniki przeszukiwania siatki. W kazdej iteracji
walidacji obliczano metryki takie jak: $redni procentowy blad bezwzgledny (MAPE, z ang.
mean absolute percentage error), wspotczynnik determinacji R?, $redni blad bezwzgledny
(MAE, z ang. mean absolute error), pierwiastek btedu $redniokwadratowego (RMSE, z ang.
root mean square error) oraz f> Cohena do oceny wielkosci efektu. Najlepszy model dla kazdego
zestawu danych okreslano na podstawie najnizszego wyniku MAPE, uzyskanego z walidacji
krzyzowej. Dla najlepszego modelu obliczano wspdtczynnik korelacji zgodno$ci Lina oraz
zwizualizowano zalezno$¢ miedzy przewidywanymi i rzeczywistymi warto§ciami VOopeak, jak
réwniez utworzono wykres Blanda-Altmana. Ponadto sprawdzono roznice w warto$ciach

uzyskanych metryk dla m¢zczyzn i kobiet.

Wyniki uzyskane dla wszystkich zestawow danych poréwnywano parami za pomocg testu
Wilcoxona. Poziom istotnosci ustalono na 0,05. Do obliczen uzyto Pythona 3.9.13. Aby zbada¢
znaczenie poszczego6lnych cech wykorzystanych w modelowaniu ML, zastosowano narze¢dzia

do wyjasnialnej sztucznej inteligencji.

3.2. Wyniki

W ramach przeprowadzonej analizy statystycznej, oceniono skutecznos$¢ roznych algorytmow
na podstawie najnizszej wartosci MAPE uzyskanego z walidacji krzyzowej dla kazdego
z zestawow danych. Wyniki te, wraz z nazwami modeli, przedstawiono w Tabeli 2.
Wizualizacj¢ uzyskanych metryk dla kazdego zestawu danych zaprezentowano na Rycinie 5,
natomiast p-warto$ci uzyskane z testu Wilcoxona dla poréwnan metryk otrzymanych z roznych

zestawOw danych przedstawiono na Rycinie 6.

Tabela 2. Warto$ci metryk uzyskane dla poszczegolnych zbioréw danych wraz z modelem, dla
ktérego zostaty otrzymane i ktdry otrzymal najmniejsza wartos¢ MAPE, przedstawione jako
$rednia + odchylenie standardowe z 10-krotnej walidacji krzyzowej. Najkorzystniejsze

warto$ci metryk sg wyrdznione pogrubieniem.

Zestaw MAPE MAE RMSE Rodzaj
R? ‘ ‘ > Cohena
danych [%] [ml/min/kg] | [ml/min/kg] modelu
12,52 + 0,26 + 0,37 + Ridge
D1 5,50+ 0,80 | 6,84 +0,81
2,11 0,09 0,17 regression
11,95+ 0,31 + 0,47 + Huber
D2 5,24+0,84 | 6,61 0,71 .
1,84 0,07 0,16 regression
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Bayesian

11,63 + 0,34 £ 0,53 +
D3 5,13+£0,75 | 6,45+ 0,65 ARD
1,84 0,05 0,12 .
regression
Bayesian
11,51 + 0,36 + 0,58 +
D4 5,07+0,68 | 6,36 + 0,64 ARD
1,72 0,06 0,15 .
regression
Bayesian
10,86 + 0,44 + 0,80 +
D5 4,78 £ 0,52 | 5,95+0,51 ARD
1,23 0,06 0,19 .
regression
11,67 £+ 0,34 + 0,53 + Lasso
D6 5,15+ 0,69 | 6,46 +0,64 .
1,72 0,07 0,15 regression
Bayesian
11,10 + 0,42 + 0,74 +
D7 4,90+ 0,53 | 6,07+0,50 ARD
1,26 0,08 0,23 .
regression
Bayesian
11,36 + 0,38 + 0,61 +
D8 4,99 £0,61 | 6,29+ 0,59 ARD
1,49 0,06 0,14 .
regression
Bayesian
10,54 + 0,47 + 0,91 +
D9 4,64 +0,49 | 5,78 0,50 ARD
1,20 0,06 0,19 .
regression
Bayesian
11,50 + 0,36 + 0,57 +
D10 5,06 0,62 | 6,37 +0,59 ARD
1,49 0,07 0,16 .
regression
Bayesian
10,51 + 0,47 + 0,91 +
’ + + ARD
D11 124 0.07 4,63 £0,52 | 5,78+0,52 0.23 |
regression
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Rycina 5. Wykresy skrzypcowe przedstawiajace obliczone metryki dla kazdego zestawu

danych z wizualizacja metryk uzyskanych w kazdej iteracji 10-krotnej walidacji krzyzowe;.

Czarne kropki reprezentuja metryki uzyskane z zestawow danych niezawierajacych cech

oddechowych, natomiast czerwone kropki reprezentuja te, ktore owe cechy zawieraja.
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D7 QMBI 0.064 0.064 0.193 [} . 5 ! i X D7 L1 0.084 0.160 0. : i 0.084 [X3I)
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Cohen's f?
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Rycina 6. P-warto$ci uzyskane z testu Wilcoxona dla porownan metryk otrzymanych z r6znych

zestawow danych. P-warto$ci mniejsze niz 0,05 oznaczono czarnym ttem.

Najnizsze wartosci MAPE 1 MAE (odpowiednio 10,51% 1 4,63) osiagnigto dla zestawu danych
D11 (zestaw ten zawieral dane demograficzne wraz z cechami kardiologicznymi
i oddechowymi z ostatnich 30 sekund rozgrzewki i testu CPET do 85% warto$ci HRmax
wyliczonej na podstawie wieku), podczas gdy najnizszy RMSE 1 najwyzsza warto$¢
wspotczynnika determinacji R? (odpowiednio 5,78 i 0,47) uzyskano dla zestawu D9 (zestaw

danych sktadat si¢ z danych demograficznych wraz z cechami kardiologicznymi
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i oddechowymi z testu CPET do 85% warto$ci HRmax wyliczonej na podstawie wieku).
Najgorsza predykcje VOzpeak pod wzgledem wszystkich metryk uzyskano, korzystajac

z zestawu danych D1 (wylacznie dane demograficzne).

Wyniki uzyskane dla D11 byty statystycznie znaczaco lepsze pod wzgledem wszystkich metryk
w porOwnaniu z resztg zestawOw danych, z wyjatkiem zestawu D9. Metryki R? i RMSE dla
zestawOéw danych zawierajacych cechy oparte o parametry oddechowe z submaksymalnej
czesci CPET (niezaleznie od sposobu wyznaczania HRmax) byly statystycznie istotnie lepsze od
metryk uzyskanych dla zestawow danych, gdzie parametry byly wyliczane z analogicznych
okresOw proby, ale nie zawierajacych cech oddechowych. Dla MAPE i MAE, zestawy danych
zawierajace cechy oddechowe obliczone do 85% maksymalnej wartosci t¢tna wyliczonej na
podstawie wieku wykazaly znaczaco lepsze metryki niz zestawy zawierajace wylgcznie cechy
kardiologiczne z tego okresu. Zmierzone warto§ci VOzpeax Oraz wartosci przewidziane dla
zestawu danych, ktory uzyskat najnizszy wynik MAPE (D11), zostaly zwizualizowane na
Rycinie 7. Wspolczynnik korelacji zgodnosci Lina migdzy przewidywanymi a zmierzonymi
warto§ciami  VOopeak Wyniost 0,66. Wykres Blanda-Altmana dla tego zestawu danych
przedstawiono na Rycinie 8, natomiast wartosci Shapleya na Rycinie 9. Nie stwierdzono
statystycznie znaczacych réznic w przypadku metryk uzyskanych dla uczestnikoéw ptci meskiej

i zenskiej.
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Rycina 7. Wykres przedstawiajacy rzeczywiste i przewidziane przez model wartosci VOzpeak

dla zestawu danych D11. Czarna ciagla linia reprezentuje funkcje y=x.
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Rycina 8. Wykres Blanda-Altmana na podstawie wynikow uzyskanych dla zestawu

danych DI11.
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Rycina 9. Warto$ci Shapleya uzyskane dla zestawu danych D11. Opis poszczegdlnych cech
znajduje si¢ w Zataczniku 1 do pracy [71].

3.3. Dyskusja
W badaniu predykcji VOopeak najlepsze rezultaty pod wzgledem MAPE uzyskano

wykorzystujac zbidér danych zawierajacy dane demograficzne, parametry kardiologiczne

uzyskane z ostatnich 30 sekund rozgrzewki oraz z czgsci testu wysitkowego do momentu
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uzyskania 85% HRmax wyliczonego na podstawie wieku oraz parametrow oddechowych z tych
samych okreséw. Dzigki wiaczeniu cech oddechowych do modelowania uzyskano w tym
wypadku statystycznie istotng poprawg wynikow. Zastosowanie progu 85% HRmax
wyliczanego na podstawie wieku, potencjalnie umozliwia zastosowanie zaproponowanej
metody w praktyce klinicznej, w zwigzku z brakiem konieczno$ci uprzedniego wykonania testu
maksymalnego do precyzyjnego okreslenia HRmax. Wykonywanie testow submaksymalnych
zamiast maksymalnych moze by¢ wskazane ze wzgledu na wystgpujace choroby uktadu
krazenia, uktadu oddechowego lub uktadu migsniowo-szkieletowego, a takze ze wzglgdu na
rygorystyczny program treningowy. Co wiecej, wykorzystanie parametrow opartych na HR,
RespRate i VE, pozwala na przeprowadzenie testu z wykorzystaniem aparatury prostszej
wzgledem tej standardowo stosowanej podczas testow wysitkowych, chociazby ze wzgledu na
brak konieczno$ci analizy gazéw oddechowych. Uzyskane wyniki sg porownywalne lub lepsze
w stosunku do niektérych innych metod predykcji VOopeak [79], [80], [81], jednakze
w dostepne;j literaturze znajduja si¢ takze techniki, ktore osiagnety lepsze rezultaty [82], [83].
Warto zauwazy¢, ze réznice w skuteczno$ci poszczegdlnych metod moga wynika¢ z wielu
czynnikow, w tym ze specyfiki grupy badanej, dokladnos$ci uzytych urzadzen czy tez
zastosowanego protokotu testowego. Zasugerowano rowniez mozliwo$¢ dalszej poprawy
jako$ci modelowania poprzez uwzglednienie informacji o wspoétzaleznosciach krazeniowo-
oddechowych. Poniewaz niedostepne byly surowe sygnaly EKG/RRi oraz surowe krzywe
oddechowe, niemozliwe bylto obliczenie bardziej zaawansowanych parametrow, szczegolnie
z domeny przyczynowej i informacyjnej, ktore pozwolityby na zweryfikowanie tej hipotezy.
Innym ograniczeniem tego badania byla wielko$¢ proby, gdyz uzyto tylko 369 rekordow
z poczatkowej bazy danych zawierajacej 992 nagrania, po zastosowaniu opisanych kryteriow
wykluczenia 1 wizualnej inspekcji sygnatow. Co wigcej, zestaw danych byl niezrownowazony
pod wzgledem plci sportowcow, gdyz zawieral rejestracje pochodzace od 275 mezczyzn 1 52
kobiet. Wieksza i bardziej zrownowazona pod wzgledem pici baza danych moglaby pozwoli¢
na uzyskanie predykcji obarczonych mniejszym btgdem. Brakowato rowniez informacji o ilo$ci
aktywnosci sportowej podejmowanej przez uczestnikow, co moglo wprowadzaé¢ niespdjnosci
w badanej populacji. Dodatkowo, réwnanie uzyte do okreslenia HRmax na podstawie wieku
(220-wiek) moze by¢ rowniez traktowane jako ograniczenie, poniewaz istniejg rownania
z mniejszym bledem predykcji tej wartosci. Jednak uzyte w badaniu réwnanie jest
najpopularniejsze i charakteryzuje si¢ prostota stosowania. Sprawdzono rowniez wylgcznie
jeden prog dla testow submaksymalnych, wynoszacy 85% HRmax. Jest to zmienna, ktora

réwniez moglaby zosta¢ zoptymalizowana. Zaprezentowana metodologia moglaby by¢
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z tatwo$cig zastosowana przy uzyciu urzadzenia Pneumonitor, ze wzgledu na funkcjonalno$ci
jednoczesnej rejestracji sygnaldow EKG i IP, co umozliwia wyliczenie cech wykorzystanych do
trenowania modeli ML (po uprzedniej kalibracji na potrzeby wyznaczenia VE) oraz nie
wymaga uzycia zaawansowanej aparatury do analizy gazow i ciasno przylegajacej maski, ktora
zaburza naturalny przeptyw gazéw oddechowych oraz moze by¢ problematyczna do
zastosowania np. u dzieci. Dalsze badania w tym zakresie powinny skupi¢ si¢ na sprawdzeniu
wplywu parametrow z domeny przyczynowej i informacyjnej oraz okresleniu optymalnego
progu procentowego HRmax pod wzgledem minimalizacji bledu predykcji oraz wymaganego
wysitku. Warto$ciowe byloby takze zbadanie wptywu poziomu aktywnosci fizycznej badanych
na dokltadno$¢ predykcji oraz przeprowadzenie modelownia dla innych form testow
wysitkowych (np. test na cykloergometrze), aby okresli¢ optymalne warunki do przewidywania
VO2peak. Przydatnos¢ opisanej metody moze réwniez zaleze¢ od powtarzalno$ci wynikow, ktore
réwniez wymagaja dalszego sprawdzenia. Przy wysokiej powtarzalno$ci metoda ta mogtaby
by¢ uzyteczna w praktyce klinicznej, np. do $ledzenia zmian w CRF podczas rehabilitacji
kardiologicznej lub obozéw treningowych sportowcow, bez konieczno$ci przeprowadzania

pelnego testu wysitkowego.
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4. Granger causality test with nonlinear neural-network-based

methods: Python package and simulation study

4.1. Materialy 1 metody

Celem artykulu bylo przedstawienie zaproponowanej metody analizy przyczynowos$ci opartej
na nieliniowym modelowaniu z zastosowaniem modeli uczenia maszynowego i opracowanego
w jezyku Python pakietu nonlincausality, wraz z prezentacja zastosowania na zasymulowanych

szeregach czasowych.

Stworzony pakiet sktadat si¢ z 8 funkcji, ktore mozna podzieli¢ na funkcje testujace zwigzek
przyczynowy miedzy dwoma seriami czasowymi oraz funkcje mierzagce zmiang
przyczynowosci w czasie. Pakiet opiera si¢ na podejsciu zaproponowanym przez Grangera,
gdzie o wystgpowaniu zalezno$ci przyczynowej Y—X $wiadczy sytuacja, gdy przeszie
warto$ci Y pozwalaja na doktadniejszg predykcje obecnej wartosci X wzgledem predykc;ji
opartej wylacznie na przesztosci X. Jednakze w celu przezwycigzenia ograniczen zwigzanych
z zastosowaniem modeli autoregresji liniowej zastosowano modele oparte o sieci neuronowe.
Pakiet pozwala na zastosowanie modeli takich jak perceptron wielowarstwowy (MLP, z ang.
multilayer perceptron), sie¢ rekurencyjna z komérkami dtugiej pamigci krotkotrwatej (LSTM,
z ang. long-short term meomory) oraz z komoérkami bramkowanych jednostek rekurencyjnych
(GRU, z ang. gated recurrent unit). MLP jest prosta siecig neuronowa zbudowang z warstw
pojedynczych perceptronow, ktéra umozliwia modelowanie zaleznos$ci nieliniowych. Komorki
LSTM zawieraja trzy bramki, ktore kontroluja przeptyw informacji, umozliwiajac
"zapami¢tywanie" lub "zapominanie" informacji z poprzednich momentéw czasowych,
co pozwala na zniwelowanie problemu zanikajacego gradientu, wystepujacego
w podstawowych sieciach rekurencyjnych. Komoérka GRU, zaproponowana przez Cho et al.
w 2014 [84], jest podobna do komodrki LSTM, jednakze ma wzglgdem niej uproszczong
strukturg 1 charakteryzuje si¢ dwiema bramkami, co redukuje ztozonos$¢ obliczeniowg. Ponadto
pakiet umozliwia analiz¢ przyczynowosci z wykorzystaniem modelu autoregresyjnej
zintegrowanej $redniej kroczacej (ARIMA, z ang. autoregresive integrated moving average).
Do oceny istotnos$ci statystycznej poprawy predykcji przy uwzglednieniu przesztych wartosci
Y uzyto testu Wilcoxona, przy uzyciu ktérego poréwnywane sa wartosci absolutne bigdu
modelu wykorzystujacego oba szeregi czasowe X 1 Y z warto$ciami otrzymanymi dla modelu
uzywajacego wylacznie szeregu X. Hipoteza zerowa zaklada, Ze mediana bledu absolutnego

dla modelu opartego na przesztych warto$ciach X jest rowna lub mniejsza niz dla modelu
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opartego na przesztych wartosciach X 1 Y. Caly pakiet zostat napisany w jezyku Python
z wykorzystaniem biblioteki Keras do modelowania z uzyciem sieci neuronowych. Od czasu
opublikowania pracy pakiet zostal zaktualizowany do wersji 2.0.2, gdzie zredukowano liczbg
funkcji z zachowaniem wszystkich opisanych funkcjonalno$ci, zwigkszono mozliwosci
kontroli procesu treningu sieci neuronowej, dodano mozliwo$¢ modyfikacji parametrow
regularyzacji oraz umozliwiono modelowanie z wykorzystaniem dowolnych modeli uczenia

maszynowego dostepnych w bibliotece Scikit-learn.

Na potrzeby przedstawienia wykorzystania opracowanego pakietu do wykrywania
przyczynowos$ci za pomocg roznych modeli, wygenerowano dwa sygnaly X i Y zgodnie

ze wzorami;

Y(t) = cos(t) + sin(0.15 * t) + E(t) 3)
X(©) = 2+Y(t — 100)3 — 5Y(t — 100)2 + 03V (t — 100) +2 + E,(t) (4)

Analize przeprowadzono dla dwoéch przypadkow: obecno$ci zalezno$ci przyczynowej
z wykorzystaniem wygenerowanych sygnalow i braku zwiazku mi¢dzy szeregami czasowymi
(w tym wypadku zamieniono sygnat Y na losowy szum). Zastosowano réwniez dwie warto$ci
analizowanych opo6znien réwnych 50 i 150. Pierwsze 70% sygnatéw zostato uzyte jako dane
treningowe, a pozostate 30% jako zbior testowy. Do analizy przyczynowo$ci wykorzystano

3 sieci neuronowe z utworzonego pakietu, o nastepujacych architekturach:

e dwie warstwy LSTM z 10 komoérkami kazda (LSTM), po ktorych nastgpuje jeden
neuron wyj$ciowy z liniowa funkcjg aktywacji;

e dwie warstwy GRU z 10 komodrkami kazda (GRU), po ktorych nastgpuje jeden neuron
wyjsciowy z liniowa funkcja aktywacji;

e dwie warstwy w pelni potaczone ze 100 neuronami kazda (MLP) i funkcja aktywacji

ReLU, po ktorych nastepuje jeden neuron wyjsciowy z liniowa funkcjg aktywacji.

Dla kazdej sieci zastosowano do regularyzacji technike porzucania (ang. dropout) z wartoscia
wspotczynnika porzucania rowng 0,01. Sieci neuronowe byly trenowane przez 150 epok,
z wspotczynnikiem uczenia rownym 0,001 1 0,0001 odpowiednio dla pierwszych 50 epok oraz
ostatnich 100. Aby uzyska¢ najdokladniejsze modele, sieci LSTM i GRU byly tworzone
1 trenowane 2 razy, a model MLP 5 razy (przy wykorzystaniu parametru run). Do ostatecznych
testow przyczynowosci wybrano modele (jeden oparty na X i jeden oparty na X oraz Y)

z najmniejszg warto$cig sumy kwadratow biedu (RSS, z ang. residua sum of squares). Roznica
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w wartosci parametru run byla spowodowana dlugim czasem potrzebnym na trening LSTM

1 GRU.

Do analizy przyczynowosci zastosowano rowniez model autoregresji liniowej (AR), stosowany
w tradycyjnym podejsciu Grangera oraz metode wielkoskalowej nieliniowej przyczynowos$¢
Grangera (ISNGC, z ang. large-scale nonlinear Granger causality), ktéra wykorzystuje sie¢
z uogblnionymi radialnymi funkcjami bazowymi (GRBF, z ang. generalized radial basis
functions) [85]. Jako$¢ predykcji wszystkich metod zostata skwantyfikowana za pomoca
$redniego btedu kwadratowego (MSE, z ang. mean square error), S$redniego biedu
bezwzglednego (MAE, z ang. mean absolute error) oraz mediany biedu bezwzglednego
(MedAE, z ang. median absolute error). Ponadto oceniono, czy uzycie proponowanych metod
skutkuje poprawa doktadno$ci modeli predykcyjnych w pordwnaniu z AR lub ISNGC. W tym
celu uzyto testu rang Wilcoxona do poréwnania warto$ci bezwzglednych btedow uzyskanych
z odpowiadajacych sobie modeli (np. model MLP bazujacy na przesztosci X i model AR
bazujacy réwniez na przesztosci X). Do oceny wielko$¢ efektu wiaczenia przeszlosci szeregu
czasowego Y do predykeji dla kazdej metody uzyto d Cohena. W celu lepszego zobrazowania
wynikow utworzono wykresy wartosci przewidywanych w stosunku do warto$ci prawdziwych
oraz wykresy btedu predykcji wzgledem warto$ci przewidywanych dla kazdego modelu.
Przyjety poziom istotnosci wynosi 0,05. Wszystkie analizy zostaly przeprowadzone przy

uzyciu jezyka Python w wersji 3.7.10.

4.2. Wyniki

Wszystkie metryki bledéw obliczone na zbiorze testowym dla kazdej metody analizy
przyczynowosci, dla opdznienia rownego 50 1 150, przedstawiono w Tabeli 3. P-wartosci
uzyskane z testu Wilcoxona, uzytego do oceny obecnosci przyczynowosci Y—X dla kazdej
metody 1 kazdego opdznienia, przedstawiono w Tabeli 4. Przyktadowe wykresy warto$ci
zestawu testowego 1 warto$ci przewidzianych z wykorzystaniem sieci neuronowych dla

opdznienia rownego 50 1 150, przedstawiono na Rycinie 10.
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Tabela 3. Metryki btedu uzyskane na zbiorze testowym dla kazdego modelu utworzonego na

podstawie 50 i 150 wartos$ci przesztych w przypadku, gdy Y—X. Najmniejsza metryka btgedu

dla danego przypadku jest wyrdzniona pogrubieniem.

Opoznienie | Metryka | Sygnaly | LSTM GRU MLP AR GRBF
X 0,042 0,041 0,042 0,041 0,057
MSE
XandY | 0,039 0,039 0,039 0,041 0,038
X 0,162 0,161 0,162 0,161 0,188
50 MAE
XandY | 0,158 0,158 0,161 0,161 0,155
X 0,139 0,138 0,136 0,136 0,153
MedAE
XandY | 0,137 0,135 0,137 0,140 0,135
X 0,041 0,041 0,045 0,041 0,254
MSE
XandY | 0,039 0,038 0,011 0,041 0,036
X 0,159 0,161 0,166 0,160 0,413
150 MAE
XandY | 0,156 0,156 0,078 0,160 0,151
X 0,135 0,136 0,132 0,137 0,379
MedAE
XandY | 0,134 0,134 0,056 0,136 0,130

Tabela 4. P-wartos$ci dla kazdego modelu 1 kazdego testowanego opdznienia uzyskane z testu

Wilcoxona dla Y—X. Przypadki, w ktorych wykryto zwigzek przyczynowy, sa wyrdznione

pogrubieniem.
Opdznienie LSTM GRU MLP AR GRBF
50 < 0,001 < 0,001 0,025 0,703 < 0,001
150 < 0,001 < 0,001 < 0,001 0,261 < 0,001

W przypadku opo6znienia rdwnego 50, wszystkie modele z utworzonego pakietu uzyskaty
podobne wyniki pod wzgledem metryk blgdow. Modele AR miaty podobng dokladnos¢
przewidywania, podczas gdy modele GRBF miaty tendencj¢ do uzyskiwania najwigkszych
metryk btedow dla modelu opartego tylko na poprzednich warto$ciach X i najmniejszych
w przypadku modelu opartego na obu sygnatach. Dla op6znienia 150, NN i AR uzyskaty
przewaznie podobne wyniki, z wyjatkiem modelu MLP opartego na X i Y, ktory przewyzszylt
wszystkie inne modele i uzyskal najmniejszy btad we wszystkich trzech metrykach.
W przypadku wigkszego opdznienia, model GRBF odnotowat spadek jakosci predykcji dla
modelu opartego tylko na sygnale X. W przypadku testu przyczynowosci, wszystkie nieliniowe

metody uzyskaly p-warto§¢ mniejsza niz przyjety poziom istotnosci, co oznacza,
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ze w przypadku uzycia modeli z opracowanego pakietu lub modelu GRBF istniejg podstawy
do odrzucenia hipotezy o braku zalezno$ci przyczynowej Y—X, nawet dla opodznienia
mniejszego niz rzeczywiste opoznienie mi¢dzy szeregami czasowymi. Model autoregresyjny
uzywany w pierwotnej metodzie Grangera nie wykazal wystgpowania zaleznosci przyczynowej

dla zadnego z podanych opdznien.

Lag = 50

2.0 A —— Original X
—— Pred. based on X
—— Pred. based on X and Y

1.5 1

1.0 A

0.5+

0.0 A

—0.5 A

Predicted value

_1.0 .

=1.5 1

0 500 1000 1500 2000 2500 3000
Lag = 150

g
o
1

—— Original X
—— Pred. based on X
—— Pred. based on X and Y

Predicted value
|
© © o = ¥
w o w o w
1 L 1 1 L

| |
= -
w o

1 1

0 500 1000 1500 2000 2500
Number of sample

Rycina 10. Wykres prezentujacy dane testowe oraz warto$ci przewidziane przez model oparty
wylacznie na przesztych warto$ciach szeregu czasowego X oraz model bazujacy na przesziosci

szeregdw X 1Y.

4.3. Dyskusja
Praca opisujaca opracowany pakiet nonlincausality prezentuje nowa metodologi¢ korzystajaca
z sieci neuronowych do badania zaleznosci przyczynowych, ktora radzi sobie z ograniczeniami
klasycznych modeli autoregresyjnych stosowanych w metodzie Grangera. Modele AR

zaktadaja liniowa zalezno$¢ mi¢dzy analizowanymi szeregami czasowymi, w zwigzku z czym
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moga nie wykrywaé bardziej ztozonych relacji, ktore sa obserwowane w wielu dziedzinach,
takich jak medycyna czy ekonomia. Sieci neuronowe w zaprezentowanym pakiecie nie tylko
pozwalaja na wykrywanie bardziej skomplikowanych wspoétzaleznosci, ale rowniez pozwalaja
na obejscie ograniczenia wymogu stacjonarno$ci analizowanych szeregéw czasowych. W tej
publikacji modele oparte na sieciach neuronowych byly w stanie wskaza¢ wystgpowanie
zwigzkow przyczynowych dla zaleznos$ci nieliniowych, co nie byto mozliwe z wykorzystaniem
tradycyjnego podej$cia Grangera oraz przewaznie osiggaly najmniejsze warto§ci metryk
btedow w poréwnaniu z innymi analizowanymi algorytmami. Poréwnujac uzyskane wyniki
zmetoda ISNGC, wytrenowane modele MLP charakteryzowaly si¢ znacznie mniejszym btgdem
predykcji dla wigkszej z analizowanych warto$ci op6znienia. Co wigcej, modele utworzone
z wykorzystaniem opracowanego pakietu nie wykazaty zwigzku przyczynowego w sytuacji,
gdy zastapiono wygenerowany szereg czasowy Y losowymi warto$ciami, podczas gdy metoda
ISNGC wskazala takg zalezno$¢ dla opoznienia réwnego 150. Ograniczeniem
zaproponowanego podejscia jest jednak zlozono$¢ obliczeniowa i czasochtonno$é treningu
sieci neuronowych, w zwigzku z czgsta koniecznos$cia dostrojenia hiperparametréw modeli.
Podjeto rowniez wysitki w celu zaadresowania tego problemu poprzez umozliwienie
wykorzystania prostszych obliczeniowo modeli uczenia maszynowego dostgpnych w bibliotece
Scikit-learn, ktore réwniez bazuja na podejsciach nieliniowych, jednakze ta aktualizacja
pakietu zostala dodana po opublikowaniu omawianej pracy i wykorzystanie tej mozliwosci nie
zostatlo w niej zaprezentowane. Dodatkowo ograniczeniem tej pracy jest zastosowanie
sygnalow zasymulowanych a nie rzeczywistych oraz w zwigzku z wykorzystaniem bardziej
zaawansowanych metod modelowania, konieczno$¢ poglebionej analizy uzyskiwanych
wynikow w celu kontroli zjawiska niedotrenowania (ang. underfitting) lub przetrenowania
(ang. overfitting) modeli ML. Niewatpliwg =zaleta opracowanego pakietu jest jego
uniwersalnos¢ pod wzgledem zastosowania, publiczna dostgpnos¢ i mozliwos¢ wykorzystania
w dowolnych dziedzinach nauki, takich jak ekonomia, neurobiologia czy fizjologia. Zgodnie
z planami przedstawionymi w tej publikacji, w pozniejszym czasie wykorzystano opracowany

pakiet do badania zalezno$ci przyczynowych migedzy sygnatami krazeniowo-oddechowymi.
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5. Causality in cardiorespiratory signals in pediatric cardiac patients

5.1. Materiaty 1 metody

Kolejna praca miala na calu zastosowanie opracowanej metody analizy przyczynowosci opartej
o sieci neuronowe (NNGC) i pordwnanie jej z trzema innymi metodami - jednej liniowej
1 dwoma nieliniowymi: przyczynowos$ci Grangera (GC), jadrowej przyczynowosci Grangera
(KGC, z ang. kernel Granger causality) oraz ISNGC - do oceny i iloSciowego okreslenia
niemiarowos$ci oddechowej w grupie pediatrycznych pacjentow kardiologicznych. W tym celu
w grupie 20 pacjentow pediatrycznych Kliniki Kardiologii Wieku Dziecigcego i Pediatrii
Ogolnej Warszawskiego Uniwersytetu Medycznego wykonano pomiary z wykorzystaniem
urzadzenia  Pneumonitor, ktére pozwala na jednoczesnag akwizycje sygnalu
elektrokardiograficznego oraz pneumografii impedancyjnej [34], [35], [36]. Charakterystyke

grupy przedstawiono w Tabeli 5.

Tabela 5. Charakterystyka grupy badanej z podzialem na ple¢ przedstawiona jako warto$¢

$rednia + odchylenie standardowe.

Wszyscy Chtopcy (12) Dziewczynki (8)
Wiek [lata] 12,9 +3.,5 143+33 10,8 +2,6
Masa [kg] 58,8 +£23,2 65,2 +229 46,0 + 18,1
Wzrost [cm] 160,1 + 17,2 166,1 + 16,3 151,0+ 16,3
BMI [kg/m?] 21,5+5,0 22,7+5,1 19,3 +4,1

Z zarejestrowanego sygnalu EKG, poprzez interpolacje¢ sze$cienng wyznaczonych interwatow
RR (RRi), uzyskano tachogram (RR). W zwiagzku z zastosowang konfiguracja elektrod, sygnat
IP byt traktowany jako ekwiwalent sygnatu objetosci oddechowej (TV, z ang. tidal volume).
Czestotliwos¢ probkowania obu szeregéw czasowych zostala zredukowana do 25 Hz, aby
osiggnag¢ kompromis miedzy ztozonoscig obliczeniowa a zachowaniem rozdzielczosci
czasowej. Tak uzyskane szeregi czasowe zostaly poddane analizie przyczynowosci
z wykorzystaniem wyzej wymienionych metod. Analiza przyczynowosci byta przeprowadzana
dla opodznienia rownego 1 sekundzie dla kazdej metody. Architektura sieci neuronowych
uzytych w NNGC skladata si¢ z 2 w pelni potaczonych warstw ukrytych, zawierajacych po 20
neuronow, z funkcja aktywacji ReLU w warstwach ukrytych i liniowa funkcja aktywacji
w warstwie wyjsciowej. Sieci byly trenowane przez 100 epok, ze wspolczynnikiem uczenia

rownym odpowiednio 10 i 10 dla pierwszej i drugiej polowy procesu uczenia. Zbadano
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réwniez zalezno$ci miedzy otrzymanymi warto$ciami przyczynowosci w obu kierunkach
a danymi demograficznymi. Korzystajac ze wspdtczynnika korelacji Spearmana, obliczono
korelacje miedzy warto$ciami przyczynowosci a wiekiem pacjentow oraz ich wskaznikiem
masy ciata (BMI, z ang. body mass index), jak réwniez migdzy warto$ciami przyczynowosci
w réznych kierunkach. Sprawdzono rowniez wystgpowanie roéznicy w warto$ciach

przyczynowosci w zaleznosci od pici pacjentéw przy uzyciu testu Manna-Whitneya.

Zalezno$ci czasowe mig¢dzy sygnatami byly takze zbadane za pomoca pakietu tempord [86],
z zastosowaniem metody modelowania liniowego z progiem 0,9 i przesuni¢ciem czasowym od
-2 do 2 sekund. Wyniki uzyskane z analizy porzadkdw czasowych zostaly rowniez porownane
z wynikami z grupy 10 elitarnych sportowcow i 10 zdrowych studentdw przedstawionymi

w [86].

5.2. Wyniki

Przyktad uzyskanego tachogramu i sygnatu oddechowego, przedstawiono na Rycinie 11. Dla
tych sygnatéw dokonano analizy przyczynowosci pomi¢dzy nimi dla kazdego z pacjentow
z osobna, wykorzystujac rézne metody oraz analizujac zalezno$¢ zar6wno od TV do RR jak
i od RR do TV. Uzyskane wartosci liczbowe okreslajace sile zaleznosci przyczynowych
(stopien, w jakim przeszto$¢ szeregu czasowego Y poprawia predykcje wartosci szeregu X)
zostaly zilustrowane na Rycinie 12. Dla dwunastu pacjentéw przyczynowos¢ TV—RR byta
wyzsza niz w kierunku odwrotnym, a dla o§miu pacjentow wigksze wartos$ci przyczynowosci
RR—TV odnotowano przy uzyciu metod GC i NNGC. W przypadku metody IsSNGC proporcje
byly odwrotne: dla o$miorga dzieci wicksze wartosci przyczynowosci zaobserwowano dla
kierunku od TV do RR, a dla dwanasciorga od RR do TV. Przyczynowos$¢ migedzy sygnatami
byta statystycznie istotna w obu kierunkach niezaleznie od uzytej metody, z wyjatkiem

przyczynowosci TV—RR wedtug IsNGC u pacjenta nr 4.
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Rycina 11. Przyktadowe przebiegi tachogramu i sygnatu oddechowego od pacjenta #8.

Wykonano analize korelacji pomigdzy warto§ciami przyczynowosci a wiekiem i BMI
pacjentdw oraz miedzy warto$ciami przyczynowosci w obu kierunkach. Wyniki tej analizy
przedstawiono w Tabeli 6. Niezaleznie od metody, nie stwierdzono statystycznie istotnej
korelacji migdzy wiekiem a kierunkiem przyczynowos$ci. Zaobserwowano natomiast istotng
statystycznie ujemnag korelacje miedzy BMI a warto$cia przyczynowosci TV—RR wyliczong
metoda NNGC oraz dodatnig korelacje migdzy BMI a RR—TV wyliczong metoda IsSNGC. Dla
metod InNGC i GC réwniez stwierdzono istotne korelacje migdzy TV—RR a RR—TV.
Zaobserwowano réwniez statystycznie istotne réznice w przyczynowosci mi¢dzy chlopcami

a dziewczgtami dla metod ISNGC 1 GC (p-warto$ci < 0,05).

Tabela 6. Warto$ci wspolczynnikow korelacji rangowej Spearmana mig¢dzy warto$ciami
przyczynowosci a wiekiem i BMI oraz migdzy wartosciami przyczynowosci w przeciwnych

kierunkach. W nawiasach podano uzyskane p-wartosci.

Wiek BMI

Przyczynowosci
TV—-RR RR-TV TV—-RR RR—TV

GC 0,30 (0,20) | 0,16(0,49) | 0,25(0,30) = 0,12 (0,63) 0,45 (<0,05)

KGC | -0,38(0,10) | -0,30 (0,21) | -0,31(0,20) | -0,33 (0,17) 0,40 (0,08)

ISNGC | 0,17 (0,47) | 0,13(0,60) | 0,15(0,53) | 0,52 (<0,05) | 0,59 (<0,01)

NNGC | -0,35(0,14) | 0,20 (0,39) | -0,46 (<0,05) = 0,04 (0,88) -0,19 (0,43)
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Rycina 12. Warto$ci przyczynowosci uzyskane dla réznych metod dla kazdego pacjenta.

Niebieskie kropki reprezentujg wartosci przyczynowosci TV—RR, natomiast pomaranczowe

odpowiadaja warto$ciom przyczynowosci RR—TV.

Przyktadowy wykres uzyskany z analizy porzadkow czasowych z wykorzystaniem pakietu
tempord zostat przedstawiony na Rycinie 13. Zgodnie z oczekiwaniami, wektory
przyczynowosci uzyskane ws$rdd pacjentdéw kardiologicznych byty znacznie krotsze
i charakteryzowaly si¢ mniejsza ciaglosciag niz te uzyskane w populacji profesjonalnych
sportowcow oraz zdrowych studentow [86]. Sredni wektor przyczynowosci wynosit -72 + 668

milisekund ($rednia = odchylenie standardowe). Dla szesciu z dwudziestu pacjentdw nie

zaobserwowano w ogodle wektora przyczynowosci.
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Temporal orders with causal vector, based on linear modeling

Time [min]
Rycina 13. Wykres porzadkéw czasowych z zaznaczonym wektorem przyczynowosci

uzyskany przy uzyciu pakietu tempord dla pacjenta #8.

5.3. Dyskusja

Statystycznie istotna zaleznos$¢ przyczynowa migdzy sygnatami RR a TV zostala wykryta, a co
za tym idzie skwantyfikowana, przez kazda z zastosowanych metod przynajmniej w jednym
kierunku. Metoda KGC jako jedyna w kazdym przypadku wskazywata na silniejszy zwigzek
przyczynowy od TV do RR. Metody GC i NNGC czgéciej identyfikowaly wicksza
przyczynowo$¢ od TV do RR, podczas gdy IsSNGC czesciej wskazywata na wicksza
przyczynowo$¢ od RR do TV. Co wigcej, stwierdzono statystycznie istotng negatywna
korelacje migdzy BMI a wartosciami przyczynowosci od TV do RR dla NNGC, co moze
$wiadczy¢ o silnym zwigzku tej miary z aktywno$cig autonomicznego ukladu nerwowego,
poniewaz podobng zalezno$¢ obserwuje si¢ miedzy wartosciami BMI a parametrami HRV,

ktore zalezg wlasnie od pracy tego uktadu [87], [88].

Analiza porzadkow czasowych rowniez zdaje si¢ mie¢ potencjat jako narzgdzie diagnostyczne,
w zwigzku z widoczng roznicg otrzymanych wykresow w pordwnaniu do przebiegow
wektorow przyczynowych u sportowcdéw i zdrowych studentoéw zaprezentowanych w [86].
Ze wzgledu na jednolito$¢ grupy badanej 1 brak uprzednich badan w tym zakresie, nie byto
mozliwosci analogicznego sprawdzenia dla badania zmiany przyczynowos$ci w czasie
z wykorzystaniem pakietu nonlincausality, jednakze pokazano podobng mozliwo$¢ tego

narzg¢dzia przy wizualizacji wspotzaleznosci.

Poniewaz kazda z badanych metod jest zdolna do wykrywania zaleznosci przyczynowych
mi¢dzy analizowanymi sygnalami krazeniowo-oddechowymi, wszystkie moga by¢

potencjalnie uzyteczne, dostarczajac roznych informacji diagnostycznych. Stwierdzona
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przyczynowos$¢ od TV do RR jest zgodna z oczekiwaniami w zwigzku z wystegpowaniem
zjawiska niemiarowos$ci oddechowej. Wykryta przyczynowo$¢ od RR do TV, ktéra moze
wydawac¢ si¢ sprzeczna ze zjawiskiem RSA, poza fizjologiczng dwukierunkowg zaleznoscia
migdzy praca serca a ukladu oddechowego [89], moze by¢ zwigzana z charakterystyka
zastosowanych metod, ktére badaja zalezno$ci przyczynowe bazujac na analizie sygnalow.
W wypadku sygnatu RR i TV moze dochodzi¢ do wystgpowania lokalnych maksiméw sygnatu
RR przed wystgpieniem lokalnych maksiméw sygnatu TV [90], [91], co moze by¢
interpretowane przez uzyte metody jako wystapienie przyczynowosci. Dlatego tez interpretacja
zalezno$ci przyczynowych powinna by¢ wykonywana w potaczeniu z aktualng wiedza z danej
domeny. Pomimo nieoczywistego charakteru wykrytych zaleznosci RR—TV, moga one
stanowi¢ istotng informacj¢ diagnostyczna, poniewaz opisuja wczesniej nieparametryzowane
wspotzaleznos$ci  krazeniowo-oddechowe. Gléwnym ograniczeniem tego badania jest
stosunkowo mata i jednorodna grupa badawcza. Brak grupy kontrolnej zdrowych osob
uniemozliwia okreslenie przydatnosci obliczonych warto$ci przyczynowosci jako biomarkera
dla problemow kardiologicznych. Ograniczeniem omawianych metod analizy przyczynowosci
jest ich zalezno$¢ od wyboru parametréw, co moze mie¢ wplyw na koncowy wynik, a takze
niedeterministyczny charakter trenowania sieci neuronowych. W celu dalszej walidacji
zaprezentowanych metod, a takze innych sposobow parametryzacji zalezno$ci krazeniowo-

oddechowych, wykonano dalsze badania opisane w kolejnej pracy.
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6. Prediction of the duration of maximal exercise test in professional
adolescent football players based on the cardiorespiratory signals —

a pilot study

6.1. Materiaty 1 metody

Celem tego artykulu bylo zbadanie jako$ci przewidywania wydolnosci krazeniowo-
oddechowej pod wzgledem czasu trwania proby wysitkowej, przy wykorzystaniu modeli
uczenia maszynowego trenowanych na podstawie cech krazeniowo-oddechowych obliczonych
z sygnaléw pozyskanych podczas spoczynku w pozycji lezacej wsrod grupy wytrenowanych
mlodych sportowcoéw oraz ocena wptywu cech z domeny przyczynowej i informacyjnej na
generowane predykcje. W badaniu wzigto udzial 36 oséb aktywnie trenujacych pitke nozng
w wieku od 10 do 15 lat, ktéorych dane demograficzne zostaty przedstawione w Tabeli 7.
W trakcie badania najpierw, przez co najmniej 5 minut w spoczynku w pozycji lezacej
rejestrowano sygnaly krazeniowo-oddechowe, po czym przeprowadzono test wysitkowy na
cykloergometrze, zaczynajac od obcigzenia rownego 40 W i1 zwiekszajac obcigzenie 0 40 W co
3 minuty. Zawodnicy mieli wykonywa¢ test do wyczerpania. Mierzono czas trwania proby
wysitkowej od momentu rozpoczecia do momentu odmowy dalszego wysitku przez osobe
wykonujaca test. Badanie zostato zatwierdzone przez Komisj¢ Bioetyczng Warszawskiego
Uniwersytetu Medycznego (KB/70/2021) oraz uzyskano pisemng zgode¢ na udzial w badaniu
od opiekuna prawnego kazdego z uczestnikow. Do rejestracji sygnatow krazeniowo-
oddechowych uzyto urzadzenia Pneumonitor, tak jak w poprzedniej pracy. Z zarejestrowanych
sygnalow uzyskano szereg czasowy RR oraz TV w sposob analogiczny jak w [73], z ta r6znica,
ze sygnal TV zostal dodatkowo wyfiltrowany za pomoca filtru pasmowo-przepustowego
o czestotliwosciach odcigcia 0,05 i 0,67 Hz, co odpowiadato 3 i 40 oddechom na minutg.
Modelowanie z wykorzystaniem metod uczenia maszynowego przeprowadzono przy uzyciu
parametréw demograficznych, HRYV, oddechowych oraz w domenie przyczynowej
i informacyjnej jako wektorow cech wejSciowych. W celu ograniczenia zbioru cech
uwzgledniono tylko te cechy, ktore miaty wspotczynnik korelacji Pearsona w stosunku do czasu
trwania CPET wiekszy niz 0,2. Ocena doktadnos$ci predykcji byta przeprowadzana za pomoca
MAPE, MAE, RMSE, wspofczynnika determinacji R? oraz wspotczynnika korelacji Pearsona,
z zastosowaniem techniki walidacji krzyzowej z zestawem testowym sktadajacym si¢ z jedne;j
probki (leave-one-out). Wszystkie metryki byly obliczane po walidacji, na podstawie

poréwnania wynikow predykcji uzyskanych na probkach testowych z rzeczywistymi
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warto$ciami czasu trwania testu. Aby zbada¢ wpltyw poszczegoélnych cech na wyniki predykec;ji,
zastosowano techniki XAI w postaci wartosci Shapley’a obliczonych dla danych testowych.

Wszystkie analizy wykonano w jezyku Python 3.10.8.

Tabela 7. Charakterystyka grupy badanej zaprezentowana jako $rednia + odchylenie
standardowe. Warto§ci VOomax zostaly otrzymane na podstawie testu Yoyo i nie zostaly

uwzglednione w przeprowadzonej analizie.

VOZmaX
Wiek [lata] Masa [kg] Wzrost [cm] BMI [kg/m?] )
[ml/min/kg]
13,3+1,5 56,7+ 14,0 169,1 £13,0 19,4+24 48,7+5,5
6.2. Wyniki

Poczatkowy zestaw danych sktadajacy si¢ z 153 cech po procesie selekcji ograniczono do 39.
Najlepsze wyniki pod wzgledem MAPE uzyskano dla modelu regres;ji liniowej z zastosowang
regularyzacja Lasso, z parametrem alfa rownym 1,65. Uzyskane metryki przedstawiono
w Tabeli 8. Zalezno$¢ mi¢dzy przewidywanymi warto$ciami a rzeczywistymi czasami trwania
CPET zostata przedstawiona na Rycinie 14. Istotno$¢ cech oceniona za pomoca warto$ci
Shapley'a obliczonych na danych testowych zostata zobrazowana na Rycinie 15. Najbardziej
wplywowa cechg byta $rednia odchylen standardowych RRi wyodrebnionych z 2-minutowych
segmentow (SDNNI2), jednak rowniez dane demograficzne (wiek i BMI) oraz nieliniowe
cechy HRV miaty znaczacy wptyw na wyniki predykcji. W przypadku cech przyczynowych
najwickszy wplyw na predykcje miala warto§¢ przyczynowosci od sygnalu oddechowego do
tachogramu, oceniona za pomoca regresora Theil-Sen (Resp—RRrsr). Dla cech z domeny
informacyjnej byla to warto$¢ symbolicznej entropii transferowej (ang. symbolic transfer

entropy) w tym samym kierunku (Resp—RRstE).

Tabela 8. Warto$ci metryk uzyskane z walidacji leave-one-out.
MAPE [%] MAE [s] RMSE [s] R? R Pearsona
17,4 129,1 170,3 0,52 0,74
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Rycina 14. Wykres rzeczywistego 1 przewidywanego czasu trwania CPET. Przerywana czarna

linia reprezentuje funkcje y=x.
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Rycina 15. Wartosci Shapley’a uzyskane na danych testowych. Nazwy cech sa wyjasnione
w [92].
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6.3. Dyskusja

W wykonanym badaniu przedstawiono predykcje czasu trwania CPET na podstawie
parametréw zebranych podczas spoczynku w pozycji lezacej z umiarkowang doktadnoscia,
przy MAPE wynoszacym 17,4%. Dla zastosowanej metody wyzsze przewidywane wartosci
uzyskiwano dla uczestnikow starszych, z wigkszym BMI, wyzszymi warto§ciami SDNNI2 lub
Fuzzy Entropy oraz nizszymi wartosciami SDANN2 lub VHF. W przeciwienstwie do
rezultatow zaprezentowanych w [71], gdzie warto$ci VOzpeak byly przewidywane na podstawie
submaksymalnego CPET, cechy zwigzane z oddechem nie mialy kluczowego znaczenia dla
wynikow modelu. Najbardziej wptywowym parametrem oddechowym byt 25-centyl wzglednej
warto$ci TV, ktorego wysokie wartosci wskazywaty na krotszy przewidywany czas trwania
proby. Cechy z domeny przyczynowej i1 informacyjnej réwniez okazaty si¢ cennymi
predyktorami wynikow: wzrost wartosci Resp—RRrsr byl zwiazany ze wzrostem
przewidywanego czasu testu, podczas gdy dla najbardziej wptywowej cechy informacyjne;j
Resp—RRstE, zalezno$¢ byta odwrotna. Cechy te, parametryzujace zaleznosci krazeniowo-
oddechowe, moga by¢ interpretowane jako liczbowe okreslenie zjawiska niemiarowos$ci
oddechowej [73], a ich istotno$¢ sugeruje zwigzek migdzy sprawnoscia fizyczng a interakcja

mig¢dzy uktadami sercowym i oddechowym.

Przewidywanie wydolnosci fizycznej jest istotne nie tylko dla sportowcow, ale réwniez dla
pacjentéw z chorobami uktadu krazenia [93] oraz dla oceny wykonywania zadan fizycznych
[94]. W zaprezentowanej pracy wazng zaletg zastosowanego podejscia do predykcji wydolnosci
jest uzycie pneumografii impedancyjnej. Jest to prostsza 1 tansza alternatywa dla
zaawansowanych systemow analizy gazow, ktére wymagaja wykorzystania specjalnej maski

zaktocajacej naturalny przeptyw wdychanego 1 wydychanego powietrza.

Wyniki przedstawione w tym badaniu sa poréwnywalne pod wzgledem uzyskanego wskaznika
R? z innymi badaniami, ktore mialy na celu przewidywanie rezultatow w wyscigu kolarskim
[95] lub wyniku szeSciominutowego testu marszu [93]. Uzyskane rezultaty sa suboptymalne,
a ich praktyczne zastosowanie wymagatoby dalszego modelowania, w szczegdlnosci
bazujacego na wigkszej liczbie danych. Gtownym ograniczeniem badania jest stosunkowo mata
liczba uczestnikéw z perspektywy treningu modeli uczenia maszynowego. Ponadto, CPET
przeprowadzono na cykloergometrze, co nie odzwierciedla gtownej aktywnos$ci podejmowanej
przez badanych. Badanie przeprowadzono wylacznie na mezczyznach, co z kolei ogranicza

mozliwo$¢ generalizacji wynikow na cata populacj¢. Warto rowniez zauwazy¢, ze rozne
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metody pozyskiwania sygnatow oddechowych, takie jak pomiar przeplywu powietrza czy
ekstrakcja sygnatu oddechowego z sygnatu EKG, moga wplynaé¢ na kwantyfikacje CRC [95],

a co za tym idzie na wynik predykcji, co réwniez mogloby podlega¢ dalszym badaniom.

Zaprezentowane badanie pokazuje mozliwo$¢ przewidywania czasu trwania maksymalnych
testow wysitkowych u mtodych pitkarzy poprzez wykorzystanie kombinacji cech kragzeniowo-
oddechowych zwigzanych z HRV, cechami oddechowymi oraz parametrami z domeny
przyczynowej i informacyjnej w potaczeniu z technikami uczenia maszynowego. Jednakze, aby
zwigkszy¢ doktadno$¢ i zastosowanie modelu, konieczne sg dalsze badania z wigksza liczba

probek i zréznicowanymi aktywnos$ciami fizycznymi.
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7. Machine Learning Classification of Pediatric Health Status Based
on Cardiorespiratory Signals with Causal and Information Domain

Features Applied—An Exploratory Study

7.1. Materiaty 1 metody

Ostatnia praca wchodzaca w sktad prezentowanego cyklu miata na celu ewaluacj¢ jakosSci
klasyfikacji pacjentéw pediatrycznych w zalezno$ci od stanu zdrowia na podstawie parametrow
krazeniowo-oddechowych przy uzyciu uczenia maszynowego, zbadanie wptywu parametréw
z domeny przyczynowej i informacyjnej na jako$¢ predykcji oraz ustalenie preferowanego
zestawu cech, ktore moglyby zosta¢ wykorzystane do dalszego rozwoju w bardziej
wyspecjalizowanych zadaniach klasyfikacyjnych lub regresyjnych, zwigzanych z ocena
postepoéw jednostki w trakcie treningu lub rehabilitacji, badZz diagnozowaniem okreslonych
stanéw zdrowia. Wszystkie osoby uczestniczace w badaniu poddano rejestracji sygnatéw EKG
oraz pneumografii impedancyjnej przez co najmniej 5 minut w spoczynku, w pozycji lezacej
na plecach, przy uzyciu urzadzenia Pneumonitor. Uczestnicy badania zostali przydzieleni do
odpowiedniej grupy na podstawie nastgpujacych kryteriow:

e Grupa Cardiac — osoby z problemem kardiologicznym w trakcie leczenia.

e Grupa Healthy — osoby bez problemow kardiologicznych, prowadzace siedzacy tryb
zycia lub podejmujace rekreacyjng aktywno$¢ fizyczna, zgodnie z klasyfikacja
przedstawiong przez McKay’a [96].

e Grupa Sport — wytrenowani mtodzi sportowcy [96], [97], trenujacy pitke nozna,
zrzeszeni w klubie sportowym, z co najmniej 3-letnim do$wiadczeniem treningowym

i regularnie trenujacy ~3 razy w tygodniu w celu rywalizacji.

Grupa sportowcow charakteryzowatla si¢ srednim do$wiadczeniem treningowym wynoszacym
5,82+ 1,19 lat i maksymalnym pobraniem tlenu (VOzmax) na poziomie 46,55 + 4,42 mL/kg/min.
Wiek, waga, wzrost i BMI uczestnikow z poszczegolnych grup pordwnano przy uzyciu testu
Kruskala-Wallisa ze wzgledu na rozklad danych inny niz normalny. Pelne informacje na temat
demografii badanych grup zostaly przedstawione w Tabeli 9. Badanie otrzymato aprobate
dwoch komisji bioetycznych. Zebrano pisemng zgode na udziat w badaniu od opiekunow
prawnych osob niepetnoletnich oraz bezposrednio od uczestnikow, jesli byli oni starsi niz

16 lat.
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Tabela 9. Charakterystyka grupy badanej z podziatem uwzglgdniajagcym stan zdrowia,

przedstawiona jako warto$¢ $rednia + odchylenie standardowe.

Cardiac Healthy Sport Wszyscy
N 29 62 44 135
Chtlopcy/dziewczynki 20/9 33/29 44/0 97/38
Wiek [lata] 13,1 £3,5 11,0+22 13,3+ 1,4 12,2+2.6
Masa [kg] 57,1 £21,0 43,5+ 12,1 57,2+ 13,6 50,9 + 16,4
Wzrost [cm] 160,4 + 17,2 151,2 + 13,1 169,4 + 12,7 159,1 £ 16,0
BMI [kg/m?] 21,3+44 18,7+ 3,2 19,6 £2,5 19,5+34

Sygnaty EKG 1 IP zarejestrowano z czgstotliwoscia probkowania 250 Hz. Sygnal IP poddano
filtracji pasmowo-przepustowej z czgstotliwosciami odcigcia 0,05 1 0,67 Hz, co odpowiada
zakresowi od 3 do 40 oddechéw na minutg. Z sygnalu EKG, na podstawie automatycznej
detekcji i recznej korekty przeprowadzonej przez doswiadczonego lekarza, wyodrebniono
interwaly RR, a nastepnie dokonano interpolacji szeSciennej tych interwaléw w celu uzyskania
tachogramu z taka samg czgstotliwoscig probkowania jak sygnal oddechowy. Czgstotliwosé
probkowania obu sygnaldw zredukowano nastepnie do 25 Hz, aby zmniejszy¢ ztozonos¢
obliczeniowa. Stacjonarno$¢ RRi potwierdzono przy uzyciu testu Phillipsa-Perrona dla kazdej
osoby badanej. Z tak przygotowanych sygnatow oraz szeregdéw RRi obliczono trzy typy
parametréw krazeniowo-oddechowych: HRV (w dziedzinie czasu, czestotliwosci oraz
parametry nieliniowe), parametry oddechowe oraz parametry z dziedziny przyczynowej
1 informacyjnej. Parametry HRV obliczono za pomoca pakietu Neurokit? [9], z wyjatkiem
parametrOw symboliki dynamicznej, ktore zostaly wyliczone za pomoca wilasnej
implementacji. Z sygnalu oddechowego wyznaczono charakterystyki statystyczne, takie jak
czestos¢ oddechow (RespRate), wzgledna objetos¢ oddechowa (TV) oraz stosunek czasu
wdechu do wydechu. W konteks$cie zaleznosci przyczynowych migdzy sygnalem opisujagcym
czynno$¢ ukladu krazenia i sygnalem oddechowym, obliczono parametry bazujac na GC,
opisanego wczesniej pakietu nonlincausality z zastosowaniem réznych modeli ML, KGC oraz
ISNGC. Parametry z dziedziny informacyjnej oparto gtéwnie na analizie entropii oraz na
prostych statystykach, takich jak najwyzszy wspolczynnik korelacji Pearsona migdzy
sygnalami, dla op6znienia czasowego miedzy -1 a 1 sekundg. W analizie wykorzystano tylko
te cechy, dla ktorych mozna bylto obliczy¢ warto$ci liczbowe dla wszystkich uczestnikow.

W rezultacie dla kazdej osoby obliczono tacznie 157 cech, w tym 5 demograficznych (wiek,
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waga, wzrost, pte¢, BMI), 102 kardiologicznych, 18 oddechowych i 32 z dziedziny

przyczynowej i informacyjnej.

Na podstawie wymienionych parametréw utworzono cztery zbiory danych (oznaczone jako
D1-D4) wedhug réznych typow cech, ktore postuzyty jako dane wejsciowe do modeli uczenia
maszynowego zgodnie z Tabelg 10. Jako etykiety do trenowania modeli ML zastosowano

informacje o przypisanej grupie.

Tabela 10. Informacja o cechach zawartych w zestawach danych D1-D4, gdzie ,,+” oznacza

obecno$¢ danego rodzaju parametrow.

Parametry
Dane Parametry Parametry z domeny
Zestaw danych
demograficzne | kardiologiczne oddechowe przyczynowej
1 informacyjne;j
Dl + +
D2 + + +
D3 + + + +
D4 + + +

Po wykonanej analizie dla zestawdéw cech D1-D4 utworzono dwa nowe zestawy cech D5 i D6,
sktadajace si¢ z 35 najistotniejszych cech okreslonych na podstawie wartosci Shapely’a
z zestawOow odpowiednio D3 i D4. W analizie wykorzystano wiele popularnych algorytmow
uczenia maszynowego, w tym regresj¢ logistyczng (z regularyzacja Ridge i Lasso), drzewa
decyzyjne, maszyne wektoréw nosnych, lasy losowe, wzmocnienia gradientowe (ang. gradient
boosting), naiwny klasyfikator Bayesa, algorytmu K-najblizszych sgsiadow, algorytm
AdaBoost, XGBoost oraz perceptron wieclowarstwowy. Dla kazdego algorytmu zastosowano
optymalizacje hiperparametrow. Do sprawdzenia jako$ci klasyfikacji zastosowano 10-krotng
walidacj¢ krzyzowa. W kazdej iteracji algorytmu walidacji obliczano nast¢pujace metryki dla
zbioru testowego: doktadnos$¢, precyzje, czulo$é, wspolezynnik F1, wspodtczynnik korelacji
Matthewsa (MCC, z ang. Matthews -correlation coefficient) oraz pole pod krzywa
charakterystyki operacyjnej odbiornika (ROC, z ang. receiver operating characteristic) (AUC,
z ang. area under curve). Srednie wartosci metryk z walidacji krzyzowej traktowano jako
ostateczng miar¢ dla algorytmu i zestawu cech. W celu zwigkszenia zbioru treningowego
zastosowano technike nadprobkowania mniejszosci syntetycznych (SMOTE, z ang. synthetic

minority oversampling technique) na zbiorze treningowym podczas kazdej iteracji walidacji
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krzyzowe;j. Dla kazdego zestawu danych wybrano najlepszy algorytm na podstawie najwyzszej
warto$ci dokladnosci, a jego wyniki poddano dalszej analizie. Metryki z poszczegdlnych
iteracji walidacji krzyzowej porownano mi¢dzy zestawami danych przy uzyciu testu Wilcoxona
dla par obserwacji, aby okresli¢, czy wiaczenie okreslonych typéw cech poprawito wydajnosé
klasyfikacji. W celu zbadania istotnosci poszczegélnych cech i ich wptywu na wyniki
otrzymywane z modelu, wykorzystano narz¢dzia XAl dla zbioru danych, ktéry osiggnat
najlepsze wyniki pod wzglgdem dokladnosci. Zbadano istotno$¢ zmiennych na poziomie
modelu w oparciu o permutacje oraz wartosci Shapleya do oceny wptywu zmiennych na wynik
dla poszczegdlnych oséb badanych. Zalozono poziom istotnosci na poziomie 0,05. Analizg

przeprowadzono przy uzyciu jezyka Python w wersji 3.10.8.

7.2. Wyniki

Metryki dla kazdego zestawu danych uzyskane z klasyfikacji przez modele, ktore uzyskaty
najwyzsza doktadno$¢ zostaty zaprezentowane w Tabeli 11. Najbardziej korzystne warto$ci
wszystkich metryk otrzymano dla zestawu danych D5, ktory skladat si¢ z 35 najistotniejszych
cech demograficznych, krazeniowych, oddechowych oraz z domeny przyczynowej
1 informacyjnej. Wykres prezentujacy zbiorcze macierze pomytek otrzymane w wyniku
10-krotnej walidacji krzyzowej oraz krzywe ROC zaprezentowano odpowiednio na

Rycinie 161 17.
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Tabela 11. Srednia + odchylenie standardowe metryk uzyskanych z 10-krotnej walidacji
krzyzowej dla danego algorytmu uczenia maszynowego z zastosowaniem techniki SMOTE,
ze strategia nadprébkowania zaprezentowang jako liczba probek treningowych odpowiednio

dla grup Cardiac / Healthy / Sport.

DI D2 D3 D4 D5 D6
Doktadnosé 83,1 + 85,3+
683+8,1 | 72,087 |86,7+84 89,1 £9,6
[%] 11,5 10,0

AUC 832+6,7 | 852+6,5 |942+52|90,1+8,3|958+5,7|94,1+5,7

81,6 £ 88,9 +

Czutos¢ [%] | 67,6 £9,6 | 68,1 +10,9 | 85,1 £9,6 84,0+9,9
11,2 10,2
Precyzja 66,9 + 85,6 + 89,6 + 86,9 +
70,8 £ 13,0 | 89,5+8,6

[%] 12,7 11,3 11,1 10,6

MCC 0,516 + 0,566 = 0,801 = 0,742 + 0,835 + 0,778 £
0,132 0,140 0,133 0,180 0,151 0,152

0,659 + 0,676 0,856 0,823 + 0,885 + 0,843 +

Miara F1

0,109 0,114 0,095 0,111 0,109 0,102

Logistic Gradient | Gradient | Gradient | Gradient
Algorytm | XGBoost _ . . . .
Regression | Boosting | Boosting | Boosting | Boosting
200/200 | 200/200/ | 200/200 | 200/200 | 200/200 | 200/200

/200 150 /200 /200 /200 /200

SMOTE
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Rycina 16. Skumulowane macierze pomytek otrzymane z 10-krotnej walidacji krzyzowej na

zbiorach testowych dla kazdego zbioru danych.
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Rycina 17. Krzywe ROC wraz z warto$ciami AUC dla kazdej klasy na podstawie podej$cia

jeden przeciw wszystkim (ang. one vs all) dla kazdego zbioru danych.

Wartos$ci Shapley’a uzyskane z analizy XAl dla D5 i D6 zostaly zaprezentowane na Rycinie
18. Cechy majace najwicksze znaczenie, okre$lone na podstawie wartosci Shapleya,
to odpowiednio: stosunek GC z sygnatu oddechowego do tachogramu (Resp—RR) oraz
z tachogramu do sygnatu oddechowego (RR—Resp), najwyzsze warto$ci wspotczynnika

korelacji Pearsona migdzy sygnatem oddechowym a sygnatem opisujacym czynnos¢ uktadu
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krazenia dla op6znien od -1 do 1 sekundy (CorrCoef), wartos¢ przyczynowosci RR—Resp dla
metody ISNGC oraz RR—Resp dla metody GC. Analiza istotno$ci zmiennych oparta na
permutacjach wykazala, ze te cechy odgrywaja kluczowa rol¢ w odrdéznianiu oséb z grupy
Healthy od grupy Sport (z wyjatkiem cechy CorrCoef w przypadku zestawu danych DS).
Natomiast w przypadku rozrézniania grupy Cardiac od pozostatych grup, najwigksze znaczenie
miaty cechy CorrCoef oraz ISNGC RR—Resp. Test Kruskala-Wallisa wykazat statystycznie

istotne r6znice miedzy grupami pod wzgledem wieku, wagi, wzrostu i wskaznika BMI.
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Rycina 18. Wartosci Shapleya uzyskane dla danych testowych w 10-krotnej walidacji
krzyzowej dla zestawow D5 (po lewej) i D6 (po prawej).

7.3. Dyskusja

W tym badaniu sprawdzono jako$¢ klasyfikacji dzieci i mtodziezy do jednej z trzech grup
w zaleznosci od stanu zdrowia na podstawie parametrow krazeniowo-oddechowych.
Uwzglednienie 35 najbardziej istotnych cech sposrod wszystkich parametrow (D5), w tym
parametrow z domeny przyczynowej i informacyjnej, pozwolilo na uzyskanie najlepszych
wynikow pod wzgledem kazdej zastosowanej metryki oraz pod wzgledem ksztattu krzywych
ROC przy $redniej doktadnosci rownej 89,1%. Niewiele gorsze wyniki zostaly otrzymane dla

zestawu D6, ktory zawieral wylacznie najistotniejsze parametry krazeniowo-oddechowe bez
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informacji demograficznych, co pozwala potencjalnie na zastosowanie prezentowanej metody
bez potrzeby dodatkowych pomiaréw tych cech. Otrzymanie statystycznie istotnie lepszych
wynikoéw dla zbioréw danych zawierajacych cechy z domeny przyczynowej i informacyjnej
wzgledem zestawoéw danych niezawierajacych tych cech $wiadcza o ich przydatno$ci
1 powigzaniu z szeroko pojetym w tym badaniu stanem zdrowia. Co wigcej, w przypadku
btednej klasyfikacji, osoby z grupy Sport byly czesciej klasyfikowane jako Healthy niz jako
Cardiac. Analogicznie pacjenci z grupy Cardiac byli czesciej przypisywani do grupy Healthy
niz do grupy Sport. Swiadczy to prawdopodobnie o wiekszym oddaleniu w wielowymiarowej
przestrzeni parametréw mie¢dzy osobami z grupy Cardiac 1 Sport oraz mniejszym dystansie
miedzy grupa Healthy i Sport niz Healthy 1 Cardiac, jako ze przy nieprawidlowej klasyfikacji

osoby zdrowe byly czg$ciej oznaczane jako nalezace do grupy Sport.

Uwzglednienie parametrow oddechowych w modelowaniu pozwolilo na uzyskanie wyzszej
doktadnosci, jednakze w odréznieniu do zaprezentowanej wczesniejszej pracy [71] rdznica
miedzy wynikami uzyskanymi dla zestawu danych zawierajacego parametry kardiologiczne
1 zestawu rozszerzonego o parametry oddechowe (D1 i D2) nie byla istotna statystycznie.
Istotna poprawa predykcji przynalezno$ci do odpowiedniej grupy zostata uzyskana dopiero dla
zestawOw danych zawierajacych parametry z domeny przyczynowej i informacyjnej (D3-D6).
Przyczyna tej poprawy moze by¢ zwigzana z dodatkowg informacja diagnostyczng o stanie
zdrowia zawartg w parametrach zwigzanych z CRC. Na podstawie parametréow HRV mozna
uzyskaé informacje o wplywie w sensie przyczynowym oddechu na pracg serca (gldwnie za
pomoca parametréw z dziedziny czgstotliwosci) [13], jednakze petniejsza informacja o CRC
moze by¢ uzyskana wylgcznie przy uwzglednieniu zar6wno sygnatu opisujacego czynno$é

uktadu krazenia jak i sygnatu oddechowego.

Pomimo pr¢znego rozwoju zastosowania metod sztucznej inteligencji w wielu galeziach
medycyny, wcigz wykorzystanie parametréw zwigzanych z CRC w rozwigzaniach opartych na
uczeniu maszynowym pozostaje tematem wymagajacym dalszych badan. Obecnie dostgpne
badania wykazaly, ze CRC odgrywa wazng role¢ w medycynie sportowej [37], [98], np.
umozliwiajac roznicowanie mig¢dzy sportowcami a osobami nieuprawiajacymi sportu [99], jako
wczesny marker dysfunkcji autonomicznej ukladu sercowego u pacjentdow z cukrzyca
typu 2 [100] oraz w badaniach nad obturacyjnym bezdechem sennym [101], [102]. Zjawisko
sprzezenia krazeniowo-oddechowego znalazio swoje zastosowanie rowniez w personalizacji
treningu oddechowego [103]. Te wlasciwosci CRC wraz z uzyskanymi wynikami podkreslaja

potencjat tych parametréw do wykorzystania w szczegdlno$ci w potaczeniu z metodami
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uczenia maszynowego. Dzieki technikom ML istnieje mozliwo$¢ uproszczenia wielu
parametrow kardiologicznych, oddechowych i1 przyczynowych oraz informacyjnych, ktére
moga by¢ dla lekarza trudne do interpretacji ze wzgledu na ich mnogos¢, do pojedynczego
wyniku modelu uczenia maszynowego jako nowego parametru, ktory bylby tatwiejszy do

interpretacji.

Zastosowanie narzedzi XAl w omawianym badaniu pozwolito na glgbsze zrozumienie, ktore
cechy maja najwigkszy wplyw na wyniki modeli oraz potwierdzilo istotno$¢ parametréw
przyczynowych i z domeny informacyjnej w konteks$cie badanego zadania klasyfikacji,
zarowno pod wzgledem warto$ci Shapley’a jak 1 istotno$ci zmiennych opartych na
permutacjach. Wyniki wykazaty wigksza istotno$¢ cech zwigzanych z zalezno$cia RR—Resp
niz cech parametryzujacych zalezno$¢ Resp—RR. Jak opisano w sekcji 5.3., pomimo
nieintuicyjnego charteru tej wspolzaleznosci w kontek$cie zjawiska niemiarowosci
oddechowej, przyczyna takiego stanu moze by¢ przesunigcie lokalnych ekstremow sygnatu RR
wzgledem TV oraz fizjologiczna dwukierunkowa wspotzalezno$¢ miedzy praca uktadu

oddechowego i krazeniowo-oddechowego.

Brak kobiet w grupie sportowcow, rozne licznosci poszczegdlnych grup, roznice w parametrach
demograficznych oraz zréznicowanie schorzen wsrod grupy Cardiac stanowig ograniczenia
przeprowadzonego badania. Wigksza liczba os6b z bardziej zrownowazonym rozktadem
parametréw demograficznych i wigkszg jednorodno$cig probleméw zdrowotnych moglaby

korzystnie wplynaé na proces trenowania modeli uczenia maszynowego i na uzyskane metryki.

Niniejsze badanie nie tylko prezentuje klasyfikacje mtodych oséb ze wzgledu na rézny stan
zdrowia, co moze by¢ przydatne przy wstepnej ocenie pacjentdw, ale rowniez zwraca uwage
na istotno$¢ parametrow zwigzanych ze zjawiskiem sprzezenia krazeniowo-oddechowego.
Szczegdlnie istotna jest tutaj wykazana znaczaca poprawa w jakos$ci klasyfikacji, uzyskana dla
zestawow obejmujacych cechy zwigzane z CRC wzgledem zaréwno zestawu D1, ktory
wykorzystuje popularnie stosowane parametry HRV, jak i zestawu D2, ktory dodatkowo
wykorzystuje parametry oddechowe. Dodatkowo dzigki zastosowaniu narzedzi XAl wytonione
zostaly najistotniejsze parametry, przy uzyciu ktorych udato si¢ uzyskac jeszcze lepsze
rezultaty. Wyniki te moga zosta¢ wykorzystane w dalszych badaniach i tworzeniu modeli
predykcyjnych do monitorowania zmian parametrow krazeniowo-oddechowych u o0séb
podczas treningu sportowego lub rehabilitacji kardiologicznej, a takze w kontekscie CRF

1 konkretnych schorzen kardiologicznych. Dalsze badania zwigzane z cechami przyczynowymi
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1 z domeny informacyjnej parametryzujacymi CRC, moga rowniez skupiaé si¢ na utworzeniu
norm oraz siatek centylowych dla owych parametrow, co pozwoliloby na lepsza ich

interpretacj¢ w praktyce kliniczne;.
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8. Podsumowanie

Przeprowadzone badania, opisane w niniejszej rozprawie, pozwolity na opracowanie nowych
metod analizy zalezno$ci przyczynowych oraz zbadanie istotnosci aktywnos$ci oddechowej
1 parametrow z domeny przyczynowej oraz informacyjnej dla sygnatow krazeniowo-

oddechowych w kontek$cie stanu zdrowia osoby badane;j.

Wyniki uzyskane w pracach [71], [75] w grupie odpowiednio 327 i 135 0s6b ze $rednim
bezwzglednym btedem procentowym rownym 10,51% oraz doktadnoscia wynoszaca 89,1%

pozwalaja stwierdzi¢, iz udato si¢ potwierdzi¢ postawiong we wstepie hipotez¢ badawcza.

W ramach niniejszej rozprawy doktorskiej, dokonano znaczacych postgpow w zakresie analizy
wspotzaleznosci krazeniowo-oddechowych, wprowadzajac nowe metody i narzedzia badawcze
oraz walidujac ich uzytecznos¢ w konteks$cie oceny stanu zdrowia. Opisane wyzej publikacje
rozszerzaja obecny stan wiedzy w dziedzinie inzynierii biomedycznej o nowatorskie podejscia
do analizy sygnalow krazeniowo-oddechowych, ze szczegdlnym uwzglednieniem metod
uczenia maszynowego, analizy przyczynowo$ci oraz wyjasnialnej sztucznej inteligencji.
W niniejszym cyklu prac przedstawiono praktyczne zastosowanie algorytméw uczenia
maszynowego w predykcji parametréw wydolnosciowych, jak réwniez wprowadzono nowe
metody oparte na nieliniowej analizie przyczynowosci, umozliwiajace identyfikacje ztozonych
relacji migdzy uktadem oddechowym a krazeniowym, niedost¢pnych dla tradycyjnych modeli
liniowych. Ponadto wykazano diagnostyczng wartos¢ zjawiska sprze¢zenia krazeniowo-
oddechowego, ktore zostatlo opisane liczbowo z wykorzystaniem parametréw z domeny
przyczynowej i informacyjnej. Wyniki prezentowanych badan otwieraja nowe mozliwosci dla
personalizacji opieki zdrowotnej i1 zastosowan w rehabilitacji oraz ocenie zdolnosci
wysitkowej. Zaprezentowane wyniki wzbogacity literatur¢ naukowa o dowody na istotnos¢
uwzglednienia parametréw zwigzanych z uktadem oddechowym oraz przede wszystkim, tych
okreslajacych wspoltzaleznosci miedzy uktadem krazeniowym i oddechowym w analizie

sygnalow fizjologicznych.

W ocenie Autora gldwne osiagnigcia pracy obejmuja:

e Przeprowadzenie analizy predykcji VOzpeak na podstawie roéznych zestawow danych
z submaksymalnego testu wysitkowego wraz z badaniem istotnosci cech oddechowych

na jakos$¢ predyke;ji.
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e Podkreslenie potrzeby poszukiwania nowych parametrow krazeniowo-oddechowych,
ktére umozliwilyby uzyskanie dokladniejszej informacji diagnostycznej, istotnej
z klinicznego punktu widzenia.

e Opracowanie pakietu nonlincausality do badania nieliniowych zaleznosci
przyczynowych z wykorzystaniem modeli uczenia maszynowego, ktéry moze zostaé
zastosowany w analizie sygnatéw krazeniowo-oddechowych.

e Wykonanie analizy wspotzaleznosci w sygnalach krazeniowo-oddechowych
u pediatrycznych pacjentow kardiologicznych, z wykorzystaniem liniowych
i nieliniowych metod analizy przyczynowosci.

e Porownanie roznych mozliwosci parametryzacji zaleznosci przyczynowych
w sygnatach krazeniowo-oddechowych.

e Przeprowadzenie predykcji czasu trwania maksymalnego testu wysitkowego u mtodych
pitkarzy, z wykorzystaniem szerokiego zestawu cech krazeniowo-oddechowych,
obejmujacego cechy przyczynowe i informacyjne, jako prezentacja zastosowania
zréznicowanego zestawu cech krazeniowo-oddechowych do oceny wydolnosci.

e Klasyfikacje stanu zdrowia na podstawie parametrow krazeniowo-oddechowych,
z uwzglednieniem cech z domeny przyczynowej i informacyjnej wraz z badaniem
istotno$ci cech oddechowych oraz z domeny przyczynowej i informacyjnej na jako$¢
predykc;ji.

e Wykazanie istotnego wptywu cech zwigzanych z CRC na jako$¢ predykcji, a takze
wyodrebnienie zestawu najistotniejszych cech o potencjalnie najwickszej wartosci

diagnostycznej.

Zaprezentowane prace wskazuja roOwniez na przydatno$¢ urzadzen integrujacych w sobie
jednoczesny pomiar kilku sygnatow takich jak np. Pneumonitor. Dzigki symultanicznej
akwizycji zarowno sygnatu EKG, jak i pneumografii impedancyjnej umozliwia on nie tylko
analiz¢ parametrow kardiologicznych i oddechowych, co zazwyczaj wymaga zastosowania
osobnych aparatur, ale rowniez wspolzaleznosci migdzy rejestrowanymi sygnatami, co pozwala
na uzyskanie dodatkowej informacji diagnostycznej. Ponadto, integracja pomiaréw w jednym
urzadzeniu moze zwigkszy¢é komfort pacjenta 1 uprosci¢ procedury diagnostyczne,
zmniejszajagc potrzebe korzystania z wielu roéznych urzadzen jednoczes$nie, a takze

minimalizuje ryzyko btgdow wynikajacych z niespojnosci pomiarow.
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Ograniczeniem w pracy [71] byt brak dostgpu do surowych sygnatéow EKG/interwalow RR
1 krzywych oddechowych, co uniemozliwito obliczenie bardziej zaawansowanych parametréw
z domeny informacyjnej i przyczynowej, a takze konieczno$¢ duzego ograniczenia liczby
probek oraz nierownomierny rozktad plci uczestnikéw. W publikacji prezentujacej pakiet
nonlincausality [72] pewnym ograniczeniem bylo zastosowanie wyltacznie sygnalow
symulowanych, natomiast w [73] stosunkowo matla i jednorodna grupa badawcza oraz brak
grupy kontrolnej zdrowych 0sob, ktory uniemozliwit oceng przydatnosci obliczonych wartosci
przyczynowosci jako biomarkera schorzen kardiologicznych. Gléwnym ograniczeniem
badania zaprezentowanego w [74] byla niewielka z punktu widzenia uczenia maszynowego
liczba os6b badanych, a takze fakt, ze testy wysitkowe przeprowadzono na cykloergometrze,
co nie odzwierciedlato gltownej aktywnosci badanych, dodatkowo badanie obejmowato
wylacznie mezczyzn. W pracy [75] ograniczeniami s3: brak kobiet w grupie Sport,
zrdznicowanie liczebno$ci grup oraz parametréw demograficznych, a takze heterogeniczno$¢
probleméw zdrowotnych w grupie kardiologicznej, co moglo negatywnie wplynaé¢ na

efektywnos¢ modeli ML.

Uwzgledniajac powyzsze, dalsze badania powinny skupi¢ si¢ na analizie istotnoSci
wspotzalezno$ci kragzeniowo-oddechowych w kontekscie konkretnych schorzen lub dyscyplin
sportowych, co pozwoliloby na precyzyjne dopasowanie modeli uczenia maszynowego do
specyficznych potrzeb diagnostycznych lub treningowych. Waznym krokiem bytoby réwniez
opracowanie norm 1 siatek centylowych dla parametrow z domeny przyczynowe;j
i informacyjnej, co umozliwiloby bardziej dokladne poréwnania mig¢dzyosobnicze oraz
monitorowanie zmian tych parametréw w czasie np. podczas rehabilitacji kardiologicznej lub
w trakcie przygotowan do zawodow sportowych. Istotng trudno$ciag w analizie parametrow
krazeniowo-oddechowych jest ich mnogo$¢, co utrudnia interpretacje przez cztowieka. Co za
tym idzie kolejnym kierunkiem badan mogloby by¢ uproszczenie zestawu parametrow
krazeniowo-oddechowych poprzez redukcje ich liczby do jednego wskaznika
z wykorzystaniem technik uczenia maszynowego, co znaczaco ulatwitoby interpretacje
uzyskiwanych wynikow. Integracja tych elementéw w spdjny system mogtaby prowadzi¢ do
stworzenia zaawansowanego narze¢dzia diagnostyczno-monitorujacego, ktore precyzyjnie
dokonywatoby pomiaru, parametryzacji, selekcji najistotniejszych w danym zastosowaniu cech
oraz prezentowatoby wyniki w przejrzysty sposob, aby efektywnie monitorowac stan zdrowia

1 wydolnos$¢ danej osoby w czasie.
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Podsumowujac, niniejsza rozprawa doktorska dostarcza istotnych narzedzi i wiedzy, ktore
moga znalez¢ zastosowanie zarowno w badaniach naukowych, jak i praktyce klinicznej oraz
sportowej. Zastosowanie nowatorskich metod analizy sygnalow krazeniowo-oddechowych
z uwzglednieniem domeny przyczynowej 1 informacyjnej oraz wykorzystanie
zaawansowanych technik uczenia maszynowego pozwolito na uzyskanie nowych mozliwos$ci
diagnostycznych oraz zwigkszenie precyzji oceny stanu zdrowia i wydolnos$ci. Przeprowadzone
badania wskazuja na potencjat takich podej§¢ w personalizacji opieki zdrowotne;j,
monitorowaniu postgpoOw treningowych czy ocenie skuteczno$ci rehabilitacji. Opracowane
metody stanowig solidng podstawe do dalszych badan w zakresie analizy sygnatow
fizjologicznych, rozwijania bardziej zaawansowanych modeli predykcyjnych oraz tworzenia

praktycznych rozwigzan wspierajacych opieke nad pacjentami i sportowcami.
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Abstract

This study investigates the quality of peak oxygen consumption (VOzpeax) prediction based
on cardiac and respiratory parameters calculated from warmup and submaximal stages of
treadmill cardiopulmonary exercise test (CPET) using machine learning (ML) techniques
and assesses the importance of respiratory parameters for the prediction outcome. The
database consists of the following parameters: heart rate (HR), respiratory rate (RespRate),
pulmonary ventilation (VE), oxygen consumption (VO,) and carbon dioxide production
(VCO,) obtained from 369 treadmill CPETs. Combinations of features calculated based on
the HR, VE and RespRate time-series from different stages of CPET were used to create 11
datasets for VOopeax prediction. Thirteen ML algorithms were employed, and model perfor-
mances were evaluated using cross-validation with mean absolute percentage error
(MAPE), R? score, mean absolute error (MAE), and root mean squared error (RMSE) calcu-
lated after each iteration of the validation. The results demonstrated that incorporating respi-
ratory-based features improves the prediction of VOypeak. The best results in terms of R?
score (0.47) and RMSE (5.78) were obtained for the dataset which included both cardiac-
and respiratory-based features from CPET up to 85% of age-predicted HR 4, While the
best results in terms of MAPE (10.5%) and MAE (4.63) were obtained for the dataset con-
taining cardiorespiratory features from the last 30 seconds of warmup. The study showed
the potential of using ML models based on cardiorespiratory features from submaximal
tests for prediction of VO,peax and highlights the importance of the monitoring of respiratory
signals, enabling to include respiratory parameters into the analysis. Presented approach
offers a feasible alternative to direct VO, measurement, especially when specialized
equipment is limited or unavailable.
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1. Introduction

Peak oxygen consumption (VOypeqi) obtained through cardiopulmonary exercise test (CPET)
is the popular measure of cardiorespiratory fitness [1]. It is a reliable predictor of cardiac
events [2, 3], as well as lung cancer [4] and liver transplantation survival [5] and risk of postop-
erative complications [6]. Moreover, VOypeq is a predictor of sport performance [7-9] and
physical task performance during spaceflight [10]. Although CPET is the most reliable form of
test, it is costly, requires specialized personnel and advanced equipment [11].

While conducting CPET, heart rate (HR) data are usually obtained through electrocardiog-
raphy (ECG), while respiratory rate (RespRate) and pulmonary ventilation (VE) are gathered
using tight-fitting masks. Nevertheless, this data can be acquired with relative ease, using heart
rate monitors or smartwatches in case of HR, and impedance pneumography (IP) in case of
RespRate and VE [12, 13]. Moreover, CPET is physically demanding as assumes the partici-
pants’ exhaustion and thus it is contraindicated for patients with acute myocardial infarction,
unstable angina, uncontrolled arrhythmia causing symptoms or hemodynamic compromise,
uncontrolled asthma, and other pathological conditions [11]. Maximal cardiopulmonary exer-
cise test might also interfere with an athletes training program [14].

Actually, due to: a) the growing development of aforementioned measurement devices, b)
availability of simply field-based tests such as incremental shuttle walk test [15, 16] and c) new
statistical prediction models and equations, clinicians and/or researchers are able to estimate
VOspeaks and/or VOymay (it is however not the subject of this study), based on selected parame-
ters without performing maximal CPET [17-22]. Unfortunately, estimated VOypcq using, e.g.,
only 6-min Walk Test distance demonstrated poor agreement with measured VOypcqi from a
CPET [23]. Addition of other data such as demographic, anthropometric, and functional char-
acteristics improved the accuracy of VO,peqi estimate based on walking tests at least in elderly
patients with stable coronary artery disease (model with all variables explained 73% of VO,pcax
variance) [24]. Thus, estimation of peak oxygen consumption based on combination of demo-
graphic factors and cardiac parameters obtained during submaximal (or even not) physical
effort is possible, however, may be biased.

Reliable and accurate estimation of VO, without performing maximal CPET may
require more input physiological data to perform more sophisticated analyses. Thus, the
development of new prediction models or equations, which will be able to accurately esti-
mate VOspeao and/0r VOypay, and will not relies on performing maximal CPET, is still
ongoing [18, 25]. In recent years with the growth of the popularity of ML tools incorporated
during the data analysis phase, those techniques were also utilized for the prediction of VO,
kinetics and VO, ax [26, 27]. ML models were also used by Szijarto et al. for prediction of
VO3peak based on the anthropometric data and 2D echocardiography (2DE) [28]. This
approach was more accurate than a model based on anthropometric factors, however, it
required performing a 2DE examination with sophisticated equipment and a trained physi-
cian. Importantly, not only the model or prediction algorithm might be important in terms
of the prediction accuracy, but also the features used for the training. There are existing
studies utilizing respiratory rate and ML for prediction of oxygen uptake dynamics during
CPET [29-31]. However, to the best of our knowledge, there have been no previous studies
utilizing features from cardiorespiratory time-series obtained from submaximal CPET, for
the prediction of VO,peax using ML models.

The aim of this paper was hence to investigate the quality of VO,pc.x prediction by models
based on cardiac and respiratory features obtained from different stages of CPET. Addition-
ally, we assessed the importance of respiratory-based features included in the models for
VOspear prediction.
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2. Materials and methods
2.1. Data and study population

The study was performed on the publicly available database of cardiorespiratory time-series
acquired during treadmill maximal cardiopulmonary exercise tests presented by Mongin

et al. [32, 33]. The database comprises 992 recordings from experiments undertaken among
amateur and professional athletes in the Exercise Physiology and Human Performance Lab
of the University of Malaga between 2008 and 2018 with two types of protocols: a continu-
ous increase of treadmill speed and a graded approach. In the database, one may find two
forms of protocols on the treadmill continuous (ramping) and step-by-step incremental
effort [32, 33]. Discussing the consistency of the analysis, we decided to limit our study only
to experiments with continuous increase of the speed. In general, the protocol has: warmup
lasting 8-10 minutes at 5km/h (recording covers only about two last minutes), incremental
effort with a 1km/h/min speed increase and recovery. In the latter phase, the treadmill
speed was set back to the initial 5 km/h speed [33]. The length of recordings from warmup
differs between cases but was satisfactory for our modeling purposes. During recovery, sub-
jects were asked to walk. Participants were instructed to go beyond exhaustion and the test
was considered maximal if the increase of VO, was less than 2.1 mL/kg/min between suc-
cessive stages. Then the effort test was stopped “to avoid the vasovagal syncope” [32, 33] and
the recovery started. The study was conducted according to the principles of the Declaration
of Helsinki, the study protocol was approved by the Research Ethics Committee of the Uni-
versity of Malaga, written informed consent was obtained from the participants and all the
data were analyzed anonymously.

During each test, the following cardiorespiratory time-series were acquired: heart rate
(HR), respiratory rate (RespRate), pulmonary ventilation (VE), oxygen uptake (VO,) and car-
bon dioxide production (VCO,). Data were acquired on a breath-to-breath basis. HR was
monitored via a 12-lead ECG (Mortara Instrument, Inc., USA), while respiratory signals were
obtained using the CPX MedGraphics gas analyzer system (Medical Graphics Corporation,
USA) [32].

Participants between 18 and 40 years old were chosen for the analysis reducing the sam-
ple size to 692. Tests only with continuous increasing speed were selected in order to obtain
more consistent conditions along the study population. In result, 485 recordings have left.
Next, subjects who were determined as outliers based on the 1.5 interquartile range method
in terms of weight, height, and VO,pcqi, With respect to the given sex, were excluded from
the study, limiting to 462 recordings. Furthermore, the obtained data was visually evaluated
in order to discard measurements during which there were visible artefacts in HR acquisi-
tion (e.g., sudden drop of over 30 bpm or lack of continuity of HR time-series during CPET
probably due to electrode detachment); ultimately 369 recordings became background for
the analysis. The final recordings belong to 327 unique subjects (42 subjects had more than
one test) including 275 men and 52 women. The demographic summary of the final group
is presented in Table 1.

Table 1. Descriptive statistics of the study population.

Age [years] Height [cm]
Men 27.3 + 5.8 (18.0-39.8) 177.4 £ 6.3 (160.5-193.0)
‘Woman 26.9 + 6.3 (18.0-40.0) 165.2 + 6.1 (154.0-178.0)
All 27.3 +5.9 (18-40) 175.5 + 7.6 (154.0-193.0)

https://doi.org/10.1371/journal.pone.0291706.t001

Weight [kg]
76.6 + 8.3 (55.3-97.0)
62.2 + 8.2 (46.0-83.0)
74.5 + 9.7 (46.0-97.0)

BMI
243 +22(17.9-31.4)
22.8 +2.3 (18.0-29.6)
241 +2.3(17.9-31.3)

VOzpear [ml/min/kg]
47.7 £7.5 (28.9-67.3)
38.1 + 6.3 (24.8-53.8)
46.3 + 8.1 (24.8-67.3)

PLOS ONE | https://doi.org/10.1371/journal.pone.0291706 January 10, 2024
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2.2. Modeling

Based on the aforementioned dataset, we decided to investigate the quality of VO,cqx predic-
tion from different stages of CPET based on cardiac and respiratory parameters, and to assess
the importance of respiratory-based features included in the modeling of VOypcqi. For this
purpose, we utilized recorded time-series of HR, RespRate, and VE. VO,peq was determined
as the maximal value of the signal obtained after a 15-breath VO, moving average window
according to the recommendation presented by Robergs et al. [34].

As features for ML models, basic statistics such as mean, standard deviation, maximal and
minimal value, median, 25" and 75" quantile, skewness, kurtosis, coefficient from linear
regression, impulse and shape factors were calculated for HR, RespRate, and VE, for a given
stage of the maximal CPET. On this basis, 11 datasets were created based on different combi-
nations of parameters and CPET stages, as presented in Table 2. Our research is focused on
the submaximal stage from the cardiopulmonary exercise test, which equals 85% of the maxi-
mal measured and age-predicted HR, as a threshold. Studied value of HR termination is
commonly used in submaximal testing [35-37]. We also used both actual HR,, obtained dur-
ing the treadmill cardiopulmonary exercise test, and age-predicted HR,.x (220-age) in order
to provide insights about the utility of the prediction of VO,p,c,x in submaximal tests without
prior knowledge about the value of HR,,,x for a given subject. The example plot of the signals,
alongside the threshold for all the stages of the CPET for which the features were calculated, is
presented in Fig 1.

The 10-fold cross-validation (CV) was used to assess the accuracy of the prediction. In each
iteration, standardization of the non-categorical features based on the mean and standard devia-
tion from the training dataset was performed. The only feature that was not standardized was par-
ticipants’ sex: -1 was assigned to male, and 1 to female subjects. Different ML algorithms,
commonly used for regression problems, were utilized: Linear, Lasso and Ridge Regression, Ran-
dom Forest, XGBoost, Multilayer perceptron, Epsilon-Support Vector Regression, Bayesian Ridge
Regression, Bayesian Automatic Relevance Determination (ARD) Regression, Gaussian Process
Regression, Gradient Boosting for Regression, Huber Regression and Theil-Sen Estimator [38—
40]. The hyperparameter tuning was performed for each algorithm using the grid-search tech-
nique. In each iteration of the validation, metrics like mean absolute percentage error (MAPE), R?
score, mean absolute error (MAE), root mean squared error (RMSE) and Cohen’s £ for effect size
were calculated. The best model for each dataset was determined based one the lowest MAPE

Table 2. Characteristics of all datasets with an indication of features belonging to individual datasets.

Dataset | Subjects’ HR features RespRate and VE HR features RespRate and VE HR features from RespRate and VE
demography (age, from the last 30 | features from the from CPET up |features from CPET | CPET up to 85% of | features from CPET up
weight, height, sex) |s of warmup last 30 s of warmup | to 85% of HR,ox | up to 85% of HR,,ax | age-predicted HRy,.x | to 85% of age-predicted

HRjax
D1 +
D2 + +
D3 + + +
D4 + +
D5 + + +
D6 + + +
D7 + + + + +
D8 + +
D9 + + +
D10 + + +
D11 + + + + +
https://doi.org/10.1371/journal.pone.0291706.t002
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Fig 1. Typical representation of the time-series for participants with selected fragments used in the analysis. Part
A presents the linearly increasing treadmill speed, part B heart rate fluctuations, part C respiratory rate and part D
pulmonary ventilation kinetics. The segment between the blue and orange dashed lines is the last 30 seconds of
warmup. The segment between the orange and green lines corresponds to the section of CPET up to 85% of the age-
predicted HRy,,y. Finally, the segment between the orange and red lines corresponds to the increasing workload in
CPET up to 85% of the measured HR a5, which is marked with a red circle on the HR plot.

https://doi.org/10.1371/journal.pone.0291706.g001
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score (which was chosen arbitrarily) obtained from the cross-validation. For the best model, Lin
concordance correlation coefficient was calculated, and results were visualized as the dependency
between predicted and actual values of VO,pcqi and as Bland-Altman plot. Moreover, the differ-
ence in the values of metrics for male and female was tested.

Metrics obtained from all datasets were pairwise compared using the Wilcoxon signed-
rank test. The significance level was set to 0.05. For the calculations, Python 3.9.13 was used.
The whole modeling pipeline is presented in Fig 2.

2.3. Explainable AI

In order to investigate the importance of the individual features used for ML modeling,
explainable artificial intelligence (XAI) tools were applied. For this purpose, the Dalex Python
package was used [41]. During each iteration of the cross-validation, Shapley values and
model-level variable importance based on drop-out loss values were calculated on the test set.
After the whole cross-validation, all Shapley values for each sample and feature, as well as
mean variable importance values were visualized. For the variable importance, model_parts
function of dalex.Explainer class was used. 30 permutation rounds were performed on each
variable with MAE as a loss function and no data sampling (argument N was equal to None)
due to the small number of samples.

3. Results

The metrics obtained for the best algorithm in terms of the lowest MAPE from the cross-vali-
dation for each dataset are presented in Table 3 alongside the model names. The violin-plots of
the obtained metrics for each dataset were visualized in Fig 3. The p-values from the Wilcoxon
signed-rank test from a pairwise comparison of the metrics are presented in Fig 4.

The lowest MAPE and MAE (10.51% and 4.63, respectively) were obtained for dataset D11
(demographic data along with cardiac and respiratory features from the last 30 seconds of
warmup and CPET up to 85% of age-predicted HR,,,y), while the lowest RMSE and highest R?
score (5.78 and 0.47, respectively) were obtained for D9 (demographic data along with cardiac
and respiratory features from CPET up to 85% of age-predicted HR ). The worst prediction
0f VOjpeax in terms of all metrics was achieved by using the D1 (demographic data) dataset.
Results obtained for D11 were statistically significantly better in terms of all metrics than
results for all the rest of the datasets excluding D9 as presented in Fig 4. Regarding R* score
and RMSE metrics, datasets that included respiratory-based features from the part of CPET
(irrespective of HR . determination, whether measured or estimated) showed statistically sig-
nificant superiority over datasets lacking features based on VE and respiratory rate during the
corresponding period. Similarly, for MAPE and MAE, datasets containing respiratory-based
features calculated up to 85% of age-predicted HR,,,, demonstrated significantly better met-
rics than datasets without such features. The effect size was large (Cohen’s *>0.35) [42] for all
iterations of cross-validations in the case D4, D5, D7, D8, D9 and D11.

The measured values of VOycqr and values predicted for the dataset that obtained the low-
est MAPE score (D11) were visualized in Fig 5. The Lin concordance correlation coefficient
between predicted and measured VO,peqi Values was 0.66. The Bland-Altman plot for this
dataset is presented in Fig 6. There was no statistically significant difference in case of metrics
obtained for male and female subjects. The results of the comparison of metrics obtained for
male and female are presented in Table 4.

As the smallest mean MAPE was obtained for D11, Shapley values and feature importance
were visualized for this dataset in Figs 7 and 8, respectively. The discussion of the XAI results
can be found in the next section.

PLOS ONE | https://doi.org/10.1371/journal.pone.0291706 January 10, 2024 6/19
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Fig 2. Modeling pipeline applied for each dataset and algorithm.
https://doi.org/10.1371/journal.pone.0291706.9002

4. Discussion

Considering the features calculated from HR, VE, and RespRate time-series (attainable with-
out the specialized equipment used in CPET), it is possible to predict VO,pqi from a submaxi-
mal test relying on age-predicted HR .y, achieving a mean absolute percentage error of
10.51% (for D11), using Bayesian ARD regression method. The addition of respiratory-based
parameters resulted in an improvement of prediction compared to datasets based solely on the
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Table 3. Mean and standard deviation of metrics from cross-validation for each dataset for the model which resulted in the lowest MAPE for the given dataset. The
highest metric values were highlighted.

MAPE [%)] R* MAE [ml/min/kg] RMSE [ml/min/kg] Cohen’s f* Model
D1 12.52+2.11 0.26 +0.09 5.50 +0.80 6.84 +0.81 0.37+0.17 Ridge regression
D2 11.95+1.84 0.31 £0.07 5.24 +0.84 6.61 +0.71 0.47 £ 0.16 Huber regression
D3 11.63 + 1.84 0.34+0.05 5.13+0.75 6.45 £ 0.65 0.53 £0.12 Bayesian ARD regression
D4 11.51 £ 1.72 0.36 + 0.06 5.07 £ 0.68 6.36 + 0.64 0.58 £ 0.15 Bayesian ARD regression
D5 10.86 + 1.23 0.44 + 0.06 4.78 £0.52 5.95+0.51 0.80 +0.19 Bayesian ARD regression
D6 11.67 + 1.72 0.34 +0.07 5.15+0.69 6.46 + 0.64 0.53 +0.15 Lasso regression
D7 11.10 £ 1.26 0.42 +£0.08 4.90 +£0.53 6.07 = 0.50 0.74+0.23 Bayesian ARD regression
D8 11.36 + 1.49 0.38 +0.06 4.99 £ 0.61 6.29 +0.59 0.61+0.14 Bayesian ARD regression
D9 10.54 + 1.20 0.47 = 0.06 4.64 +0.49 5.78 £ 0.50 091 +0.19 Bayesian ARD regression
D10 11.50 + 1.49 0.36 + 0.07 5.06 + 0.62 6.37 +0.59 0.57 +0.16 Bayesian ARD regression
D11 10.51 +1.24 0.47 £ 0.07 4.63 = 0.52 578 £0.52 0.91 £0.23 Bayesian ARD regression

https://doi.org/10.1371/journal.pone.0291706.t003

corresponding stage of the treadmill cardiopulmonary exercise test in 4 out of 5 cases in terms
of R? score and RMSE, and 2 out of 5 cases in terms of MAPE and MAE. When limiting tread-
mill cardiopulmonary exercise test to 85% of age-based HR a5, the inclusion of features based
on VE and RespRate improved the prediction in terms of all the specified metrics. The fact
that the best results were achieved for the dataset considering 85% aged-based HR,,, and
parameters obtained from easily accessible time-series indicates the possibility of using the
presented method in clinical practice to determine VO,pcax Without the prior knowledge of the
actual HR ., value and the necessity to perform a maximal treadmill cardiopulmonary exer-
cise test.

Obtaining VOypeqr from maximal CPET might be costly, time-consuming and in some
cases impossible or contraindicated to carried out due to observed cardiac or pulmonary dys-
function, musculoskeletal diseases, or strict training programs. Therefore, there is a growing
interest in the prediction of VOypeqk and/or VO,pax from submaximal tests [14, 43-49]. Our
study focused on investigating ML algorithms to predict VO,pcqi with the set of features,
which could be obtained using simpler techniques than commonly used spirometry, and the
significance of incorporating respiration into the prediction process. The presented results are
similar or superior compared to some other presented VO,pax prediction methods like WFI
VOspeax prediction equation, deep-learning model based on 2DE, or regression models from
PACER 20-m shuttle run [19, 28, 50-53]. However, in the existing literature, there are also
techniques, which managed to obtain better performance like regression models based on sub-
maximal exercise test protocol using a total body recumbent stepper [54-56]. Nonetheless, in
those studies more heterogeneous groups of patients were present in terms of age or health sta-
tus (patients after heart failure or individuals with low to moderate risk of cardiovascular dis-
eases). Further improvement of the prediction of VO,cqc might be achieved by increasing
sample size, and inclusion of other parameters based on the raw signals (especially ECG) like
HRYV and parameters from information and causal domain [57-60].

Another notable aspect of the study was the utilization of XAI tools, specifically Shapley val-
ues and model-level variable importance, to obtain insights into the feature importance for
prediction. For most datasets (including D9 and D11, which produced the best results) Bayes-
ian ARD Regression model was used, which has an ability to automatically determine the rele-
vance of each feature, effectively pruning irrelevant or redundant information, while
accentuating the impactful variables [61]. In our analysis, we found that the top five most influ-
ential features were consistent between Shapley values and variable importance. The most
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Fig 3. Violin-plots of the calculated metrics for each dataset with the visualization of the metrics obtained in each
iteration of the 10-fold cross-validation. Black dots represent metrics obtained from datasets without respiratory-
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https://doi.org/10.1371/journal.pone.0291706.g003

impactful feature of the prediction was the maximal value of VE during the test, up to 85% of
age-predicted HR,,,x. Additionally, subjects’ weight and sex influenced the prediction results,
with higher VO,pcar observed in lighter individuals and males compared to females. The
importance of weight as a predictor for VO,cqi in the presented study was probably due to the
utilization of peak oxygen consumption in relation to mass and expressed in ml/min/kg,
which is in line with the results presented by Loftin et al. [62]. There are also multiple studies
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Fig 4. The p-values from Wilcoxon signed-rank test from pairwise comparison of the metrics obtained from different datasets. P-values smaller than 0.05
are marked with a black background.

https://doi.org/10.1371/journal.pone.0291706.9004
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Fig 5. The plot of measured and predicted VO,.,i values for dataset D11. The solid black line represents the function
where predicted value is equal to the measured one.

https://doi.org/10.1371/journal.pone.0291706.g005

presenting the difference in VO, between male and female [63, 64], thus the influence of
the patients sex on the prediction seem to be natural. Notably, there was no significant differ-
ence between the metrics obtained for both sexes, indicating the robustness of the models in
this regard. Patients age was not among the most influential features, however a higher patients
age tend to result in the lower value of the predicted VO,pcqr, which seem to be in line with the
results of other studies [64, 65]. ML algorithms offer the advantage of processing and analyzing
vast amounts of data at incredible speed, enabling them to identify complex patterns and rela-
tionships that may not be captured by humans. Thus, ML allows for the extraction of informa-
tion on the influence of the almost unlimited number of features from big datasets on the
VO3peak Values, which would be impossible just by human-based analysis. Notably, 13 out of
the 20 features with the highest Shapley values and 10 out of the 15 features with the highest
variable importance score were related to respiratory signals. Those findings seem to be in line
with results presented in other studies, where the importance of respiratory signals in the con-
text of oxygen consumption was presented [31, 66, 67]. The presented configuration offers the
benefit of avoiding monitoring O, consumption and CO, production through laboratory
device, instead allowing for the application of less sophisticated respiratory monitoring tech-
niques, such as IP. Simultaneous acquisition of both ECG and IP can be performed using e.g.,
Pneumonitor device, which was recently developed and designed for research in the fields of
physiology and sports medicine [12, 13, 68]. Thus, all the cardiorespiratory features under cur-
rent study could be obtained using Pneumonitor without any additional equipment. However,
it is important that the presented results are based on the CPET performed on a treadmill and
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Fig 6. Bland-Altman plot of determined in CPET directly and predicted VO,..i values based on the results for dataset D11.
https://doi.org/10.1371/journal.pone.0291706.g006

machine learning models training in this study should not be used on a data from tests per-
formed using other exercise modalities, as it influences the cardiorespiratory parameters [69].
Moreover, the profile of the study population in terms of age and fitness level of subjects
should be considered if applying the obtained models, as it has an influence on the VOypcqi val-
ues [70].

There are several limitations of the study. First of all, the raw ECG/RR-intervals signals and
raw respiratory curves were unavailable, and thus more sophisticated parameters especially
from information and causal domains, which could provide additional insights into the pre-
dictive models could have not been calculated. Moreover, the sample size in this study was lim-
ited, as only 369 recordings from the initial database of 992 CPET recordings were used for
analysis after applying exclusion criteria based on outlier detection methods and visual inspec-
tion of the signals. Furthermore, the dataset was imbalanced in terms of patients’ sex as there
were 275 men and 52 women. A larger and more balanced dataset could prove beneficial for
ML model training. There was also lack of information about the amount of sport activity
undertaken by the participants, which might introduce inconsistency in the study population.
Moreover, the equation used for determination of age-predicted HR ., might be also treated

Table 4. Mean and standard deviation of metrics from cross-validation for male and female for dataset D11 with p-value from Wilcoxon signed-rank test.

MAPE R2 MAE RMSE Cohens f2
Male 10.29 + 1.30 0.35+0.12 4.69 +0.58 5.86 +£0.51 0.58 +£0.29
Female 11.77 +£2.03 -0.16 + 1.24 4.25+0.70 516+ 1.13 0.43 +£0.76
P-value 0.105 0.232 0.160 0.105 0.557
https://doi.org/10.1371/journal.pone.0291706.t004
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Fig 7. Shapley values obtained for dataset D11. Feature names are explained in the S1 Appendix.
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https://doi.org/10.1371/journal.pone.0291706.9008

as a limitation as there exist equations with smaller errors [71]. However, the equation used in
this study is the most popularity and characterized by simplicity of application. Additionally,
one approach of age-predicted HR .« calculation and one threshold of HR,,,x were intro-
duced. Some of these limitations could be overcome by the usage of the Pneumonitor device,
which allows for the simultaneous acquisition of raw ECG and IP signals [68]. Thus, the pul-
monary activity (including RespRate and VE) can be monitored without the usage of sophisti-
cated apparatus for gas analysis and tight-fitting masks may stress some groups of patients
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(e.g., children). Future studies may explore the optimal percentage of HR,,,x and different
approaches of estimation of age-predicted HR o« It would be also valuable to study the influ-
ence of the subjects” physical activity level on the prediction accuracy as well as other than
treadmill forms of cardiopulmonary exercise tests in order to determine the optimal settings
for the prediction of VO . for clinical practice. The utility of the described method may also
depend on the reproducibility of the results, which need further testing. With high reproduc-
ibility, the method could be useful in clinical practice for e.g., tracking the changes of the CRF
during training camps of athletes without performing full CPET.

This study expands the discussion on predicting cardiorespiratory fitness by highlighting
the important role of submaximal testing and incorporating respiratory signals in the predic-
tion process. The presented analysis indicates that the inclusion of respiratory parameters
might improve the quality of the VO,,c.x prediction in a group of athletic subjects aged
between 18 and 40 years old when performing a submaximal test on a treadmill. The use of a
submaximal test based on age-predicted HR,,,,, and the utilization of cardiological and respira-
tory parameters that can be obtained without specialized CPET equipment is an advantage of
the presented approach and facilitates its potential application in clinical practice.
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(DOCX)
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Background and objective: Causality defined by Granger in 1969 is a widely used concept, particularly
in neuroscience and economics. As there is an increasing interest in nonlinear causality research, a
Python package with a neural-network-based causality analysis approach was created. It allows perform-
ing causality tests using neural networks based on Long Short-Term Memory (LSTM), Gated Recurrent
Unit (GRU), or Multilayer Perceptron (MLP). The aim of this paper is to present the nonlinear method for

Keywords: causality analysis and the created Python package.

C_fﬂngEl' _Cﬂusa]ity Methods: The created functions with the autoregressive (AR) and Generalized Radial Basis Functions
Time series (GRBF) neural network models were tested on simulated signals in two cases: with nonlinear depen-
g;:]:;i“etworks dency and with absence of causality from Y to X signal. The train-test split (70/30) was used. Errors

obtained on the test set were compared using the Wilcoxon signed-rank test to determine the presence
of the causality. For the chosen model, the proposed method of study the change of causality over time
was presented.

Results: In the case when X was a polynomial of Y, nonlinear methods were able to detect the causality,
while the AR model did not manage to indicate it. The best results (in terms of the prediction accuracy)
were obtained for the MLP for the lag of 150 (MSE equal to 0.011, compared to 0.041 and 0.036 for AR
and GRBF, respectively). When there was no causality between the signals, none of the proposed and AR
models did indicate false causality, while it was detected by GRBF models in one case. Only the proposed
models gave the expected results in each of the tested scenarios.

Conclusions: The proposed method appeared to be superior to the compared methods. They were able to
detect non-linear causality, make accurate forecasting and not indicate false causality. The created pack-
age enables easy usage of neural networks to study the causal relationship between signals. The neural-
networks-based approach is a suitable method that allows the detection of a nonlinear causal relation-
ship, which cannot be detected by the classical Granger method. Unlike other similar tools, the package
allows for the study of changes in causality over time.

Prediction models

© 2022 The Authors. Published by Elsevier B.V.
This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/)

1. Introduction
1.1. Granger causality

The causality concept, which is discussed in this paper was pre-
sented by Sir Clive Granger in 1969 [1]. Nowadays it is widely used
in economics [2-5] and neuroscience [6-14]. Recently, there has
also been a growing interest in Granger causality in the field of
physiology, where it can be used for searching the cause of phe-
nomena and even as a physiological marker [15-20]. In this ap-

* Corresponding author.
E-mail address: maciej.rosol.dokt@pw.edu.pl (M. Rosot).
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proach, a causal relationship (where the time series Y is the cause
of the time series X, denoted by Y—X) occurs if the variance of the
prediction error of the Y based on the past of all available informa-
tion (U) is statistically significantly smaller than the prediction er-
ror variance of the X based on the past of all available information
except for the time series Y (Eq. (1)). In practice, some defined by
researcher number of lag values of X and Y time series are treated
as all available information, while past lags of X are treated as all
available information except for Y.

o?(X|U) < o2(X|U -Y) (1)
To test hypotheses about causality 2 linear autoregressive mod-

els (AR) and covariance stationary time series X and Y are as-
sumed. The first model predicts the current value of time series

0169-2607/© 2022 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/)
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X based only on p lagged values of X and Y (Eq. (2)), the second
one predicts the current value of Y, based on the same values but
with different coefficients (Eq. (3)). In the equations shown below
A are the regression coefficients and E are the regression errors.

)4 p

X(t) =Y AnXE =)+ Y AnY(t—j)+E () )
j=1 j=1
p p

Y(6) =Y An X(t— )+ D AnjY(t—j) +Ea(t) ©)
j=1 j=1

If in the first equation the variance of error E; is statistically
significantly smaller for the model taking into account the vari-
able Y (coefficients A;, different from zero) than the variance of
the same model without taking into account the variable Y (coef-
ficients Ay, equal to zero), it means that the variable Y is the G-
cause of the variable X [21]. Similarly, if the variance of the error
E, in the second equation is smaller to a statistically significant de-
gree for the model including the variable X (coefficients A,; other
than zero) from the variance of the prediction error for a model
in which the variable X was not included (coefficients Ay; equal to
zero), it means that the variable X is the G-cause of the variable Y.

To test if variable Y is G-causing variable X, the F-test can be
applied [22]. First, the residual sums of squares (RSS) are calculated
for the model making prediction only on past values of X (Eq. (4))
and for the model that uses for prediction past values of X and Y
time series (Eq. (5)) [23].

T

RSS; =Y Ex(t)® (4)
t=1
T

RSS; =Y Exy (1)’ (5)
t=1

Based on this, the test statistic for the F-test (S) can be com-
puted according to Eq. (6), where [ is equal to the number of con-
sidered lags, and T is equal to the number of predicted values [24].

_ (RSSi— RS/l
TTRSS,/(T—20-1) Lr-2-1

The value of the S; test statistic is consistent with the Fisher
distribution with

I and (T-2I-1) degrees of freedom. To test whether Y causes X
(Y—X), the F-test is performed under the null hypothesis that Y
does not cause X and the alternative hypothesis that Y is causing
X.

Also, the Chi-squared test may be applied with test statistics
computed according to Eq. (7) [23].

_T(RRS; — RSSp)
Si= =g~ XD ()

(6)

Causality can not only be tested for occurrence but also quanti-
fied according to Eq. (8), where 0-2Ex means variance of the error
obtained from the model based only on the past values of X and
o2Eyy is the variance of the error obtained from the model based
on the past of both signals [6,7,25].

o 2Ey

Fox= InozEX_y

(8)

If three time series (X-Z) are available, the mutual Granger
causality analysis for two variables for each pair is not able to
show some relationships between the data. For example, if Y is
the signal causing Z, and Z is the signal causing X, but Y is not the
signal causing X, then in the case of a two-variable analysis, this
will be indistinguishable from the situation where Y is the signal
causing both Z and X. This situation is presented in Fig. 1. With a
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A B

Y Y

Fig. 1. Two cases of dependencies are indistinguishable for the two-way Granger
causality analysis and in both cases, the result of the analysis would suggest the
presence of causality presented in Diagram A.

causality analysis for two time series for both presented cases, the
obtained result will suggest the presence of the relationship pre-
sented in part A of Fig. 1.

In order to distinguish such situations, a conditional Granger
causality test can be used. It is able to indicate whether the past
of the Y signal helps to reduce the variance of the prediction error
of X predicted from the past of X and Z time series. In the case of
conditional causality analysis, the linear autoregressive equations
presented in Eq. (2) are extended by the sum of the products of
the respective coefficients (A;3) and the third variable Z, so that
this variable is used for forecasting the present value of X, as pre-
sented in Eq. (9).

» »
X(t) = Y AnX(t—j)+ Y AnY(-))
=t =

p
+ Y ApZt-H+E® 9
=

Similar to the causality analysis for two time series, two models
are created in the conditional causality analysis. The first one does
not take into account the past of variable Y in the model (coeffi-
cients A;, equal to 0), the second one takes into account the past
of all variables (coefficients A;, different from 0). If error E; is sta-
tistically significantly smaller for the second model it means that
Y is causing X conditioned on Z, which is written as Y—X|Z.

1.2. Nonlinear methods for Granger causality analysis

The main limitation of the approach presented by Granger is
the usage of the linear model. Due to the fact that many real data
turn out to be non-stationary processes, this introduces a large
limitation for the above-mentioned methods, which assume the
stationarity of the tested time series. It is possible to overcome
the issue of non-stationarity of the time series by the usage of
vector error correction models however, the modeling is still us-
ing linear autoregression [26,27]. The limitation coming from the
usage of the AR model is that more complex causality dependen-
cies may not be captured by this method [21,28]. Thus, many re-
searchers use other models for prediction instead of linear autore-
gression. One of the approaches of nonlinear causality testing is
Kernel Granger Causality (KGC) [29,30]. It is based on the trans-
formation of the data using a specified kernel function. The inner
product of the data and kernel function is used to perform the lin-
ear regression. The nonlinearity of this method is controlled by the
choice of the kernel function. KGC can be applicable for multivari-
ate problems, it also allows for quantification of the causality and
does not suffer from overfitting problem which is a common issue
for many methods [31]. Another approach that is growing in pop-
ularity is to use neural networks as a forecasting method [14,32-
37]. Proposed in 2017, Causal Relationship Estimation by Artificial
Neural Network (CREANN) method uses weights of Multilayer Per-
ceptron to assess the causality of the individual lags [36]. This
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method is robust with respect to signal-to-noise ratio and model
order however, it does not make statistical inference about causal-
ity. Another recently proposed method for causality assessment is
large-scale nonlinear Granger causality (IsSNGC) [14]. In this ap-
proach, the Generalized Radial Basis Functions neural network is
used as a prediction model. In the experiments conducted by Wis-
miiller et al. [14], this method outperformed other methods com-
pared, including KGC. The IsNGC was implemented in Python and
made available to researchers to use [38]. Other existing Python
solutions using neural networks to study causality use lasso reg-
ularization [39,40]. By using this technique, some input weights
are zeroed and those Y lag values whose weights are not equal
to zero are considered to be the values that cause the time series
X. The results obtained using this approach do not allow for sta-
tistical inference using statistical tests and depend on the value of
the lambda parameter corresponding to the lasso penalty.

The created Python package presented in this paper was de-
signed to test for causality with precise forecasting thanks to the
usage of neural networks. By the usage of dropout and out-of-
sample testing, the overfitting problem, which might lead to false
causality detection, can be omitted. Moreover, the package allows
the quantification of the change in causality over time (which is
not enabled by any other available package). Created functions al-
low for the forecasting using Multilayer Perceptron (MLP) and re-
current neural networks, in particular Long-Short Term Memory
(LSTM) and Gated Recurrent Unit (GRU). It also supports the us-
age of ARIMA model, which is not in the scope of this paper. The
approach proposed by the authors does not make the obtained re-
sults dependent on an additional parameter or chosen kernel and
allows for statistical inference. The package is designed to help sci-
entists use more complex models in terms of Granger causality
in an easy user-friendly way without very specific programming
knowledge, as well as study causality changes over time, which is
not provided by any other framework. It was designed to study the
relationship between biological signals, however, it can be widely
used in any field of science. The paper aims at presenting the
method and corresponding Python package, along with a simula-
tion study showing its usage and relevance.

2. Methods
2.1. Used models

2.1.1. Multilayer perceptron

MLP is a type of artificial neural network, which is built from
many single perceptrons organized in layers. MLP are the most
popular artificial neural networks used for forecasting, but also in
the field of physiology [41,42]. Each perceptron in the first layer
takes as an input the features vector and calculates its output as
presented in Eq. (23), where w are weights and f is the activation
function.

Y =f(Wo+ Wi *X_1 +WaxX 2+ ...+ Wp*X_p) (23)

Neurons in successive layers take the output values of neurons
from previous layers y as the input vector. In the created package,
the activation function in hidden layers is the Rectified Linear Unit
(ReLU) function, while in the output layer it is a linear function.
The architecture of a simple MLP model based only on past values
of X and predicting the current value of X for the Granger causality
test is presented in Fig. 2.

2.1.2. Long short-term memory

The LSTM is a type of gated recurrent neural network. It is of-
ten used for sequence data analysis like text and speech recogni-
tion, time series forecasting, or physiological data analysis [43-45].
The LSTM network includes a system of gate units, thanks to which
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Fig. 2. MLP model which is forecasting the current value of X based on 3 past val-
ues of X with activation functions and example weights shown.

it is able to control the flow of information, and thus "remember”
or "forget" information from previous moments in time. What is
more, this type of network is not affected by the gradient vanish-
ing or explosion problem, which is common for recurrent neural
networks [46]. The big advantage of using LSTM in causality testing
is that, unlike linear regression models, those types of networks do
not assume the stationarity of the predicted time series. The LSTM
cell takes as input as the input vector x(t), the value of the long-
term state from the previous time point s(t-1) and the value of
the short-term state from the previous time point h(t-1). Instead,
it returns the value of the short-term h(t) and long-term s(t) state
at the current moment in time. The first gate is the forget gate,
which controls what part of the information from the past is “re-
membered” and which one is “forgotten”. For this purpose, a sig-
moid function is used, and the value passed further from the forget
gate is calculated based on Eq. (24).

fO =0 U+ WD + pf) (24)

Another important gate is the input gate. It determines the de-
gree of status update at a given moment in time. For this, it uses
the sigmoid function to select the values that should be used to
update the state at a given moment from the input vector and the
output vector for the previous moment of time. The formula de-
scribing the operation of the input gate is presented in Eq. (25),
where U' is the gate input weights, W' is the recursive weights,
and b is the bias of the input gate. For the state to be updated,
the candidate values are also calculated using the hyperbolic tan-
gent for the input vector and the output vector of the previous
time moment, taking into account the appropriate weights U* and
WS and the bias b® as shown in Eq. (26).

i =g (U + WD 4 b) (25)

§® = tanh(Ux® + Wh®D + b%) (26)

Updating the LSTM cell state takes place by summing the prod-
uct of the result obtained on the forget gate f(*) and the state value
at the previous time point s(1) with the product of the result ob-
tained on the input gate with the candidate values. The formula
for updating the state is shown in Eq. (27).

sO = fO5E-D 4 OO (27)

The last gate in the LSTM cell is the output gate, the opera-
tion of which is described in Eq. (28), where U° is the gate input
weights, WP is the recursive weights, and b° is the bias of the out-
put gate. Like the other gates, it uses a sigmoidal function to con-
trol which state values at a given point in time will be included in
the calculation of the final output of the network.

0® =g (UXD + WohED + ) (28)

108



M. Rosot, M. Miyiiczak and G. Cybulski

The computation of the output of the LSTM cell is done by mul-
tiplying the hyperbolic tangent of the cell’s state and the result ob-
tained from the output gate as shown in Eq. (29).

h® = o®tanh(s®) (29)

Thanks to the use of the three above-described gates, the LSTM
neural network is able to control the flow of information between
consecutive time moments by "remembering" or "forgetting" them.
What is more, LSTM networks have greater ease in recognizing
long-term dependencies than simple recursive network architec-
tures [47].

2.1.3. Gated recurrent unit

GRU neural network was presented by Cho et al. in 2014 [48].
GRU, like LSTM, is a kind of gated recursive neural network. The
GRU network is characterized by the use of two gates - a reset
gate and an update one. Such a recursive neural network architec-
ture also prevents gradient vanishing and exploding effects [47]. In
the GRU cell, the update gate is a kind of counterpart of the for-
get gate and input gate in the LSTM cell. The update gate controls
which information is “forgotten” and which new information from
a given point in time will be taken into account in further calcula-
tions. The operation of the update gate is based on calculating the
value of the sigmoid function for the input data and the cell result
from the previous time moment, taking into account the appropri-
ate weights U" and W* and the bias b¥, as shown in Eq. (30) [49].

u® =g (Ux® + WHRED 4+ pY) (30)

The reset gate, on the other hand, only serves to control the
amount of past information that will be used to compute the can-
didate state [50]. Like the other gates, the reset gate uses a sig-
moidal function with appropriate weights U" and W™ and bias b"
as presented in Eq. (31).

1@ = (UX® + WhED 4 b) (31)

After calculating the value of the reset gate, the candidate state
value is calculated, which will be used in the next step to calculate
the value of the GRU cell state at a given time moment. The candi-
date state value is calculated using the hyperbolic tangent function,
according to Eq. (32), where U" and W" are the weights, while b"
corresponds to the bias.

h® = tanh(UP® + W (rOpCD) 4+ ) (32)

The value of the state h' at a given point in time is computed
using the value of the update gate, the value of the candidate state
and the value of the state at the previous point in time, according
to Eq. (33).

hO — (1 _ um)ha—n + u®hoO (33)

Thanks to the use of a reset gate and an update gate, the GRU
network is able to "forget" and "remember" information at succes-
sive time points. GRU networks, as well as LSTM networks, are not
affected by the gradient vanishing or explosion problem and do
not assume the stationarity of the predicted time series. The recur-
sive neural network of the GRU type has similar advantages to the
LSTM type network, however, thanks to the use of two gates in-
stead of three, the GRU network has fewer parameters, which sim-
plifies the learning process and reduces computational complexity.

2.2. Statistical significance assessment

The F-test is based on residual sums of squares, which are min-
imalized by linear autoregression models using the least-squares
method. This test cannot be performed in the case of using neu-
ral networks for prediction, because those models are fitted using
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other methods as the “Adam” algorithm and thus value obtained
from Eq. (6) for neural networks may not follow the assumed F-
distribution [51].

Therefore, we decided to test if the error obtained by the
model, which uses both time series for prediction is significantly
smaller than the error obtained by the model using only one time
series as an input by using Wilcoxon signed-rank test [52].

The null hypothesis is that the median absolute error for a
model based on past values of X is equal or smaller than for a
model based on past values of X and Y, while the alternative hy-
pothesis is that the model based on past values of both X and Y
time series has a smaller median absolute error. In order to ex-
amine this hypothesis differences between absolute errors of both
models are calculated. Then ranks are assigned to obtained num-
bers based on their absolute values. The sign of the obtained dif-
ference is allocated to the rank and the sum of positive and neg-
ative ranks are calculated. In Python implementation, the sum of
positive ranks is taken as a statistic value (T) based on which p-
value is calculated [53]. If the number of differences (n) is less than
or equal to 25 then the p-value is derived from the tables. If n is
greater than 25, then a normal approximation is applied. In this
case, the test statistic (z) is calculated according to Eq. (34) and
follows the normal distribution [54].

n(n+1)
T--5—

n(n+1)(2n+1)
7

2.3. Description of the created package

z= (34)

Taking all considerations together, we created the Python pack-
age, which aims to help researchers to study causality using non-
linear prediction methods [55,56]. The use of neural networks for
prediction has been implemented using the Keras library [57]. The
package consists of 8 functions, which can be split into 2 different
types. The first type of functions are simply functions for testing
the causality relationship between two time series (with possible
additional time series in terms of conditional causality) using the
above-mentioned methods and the ARIMA model, which is not in
the scope of this paper. The first input of those functions is NumPy
ndarray with 2 columns, where each column represents one time
series, and the number of rows depends on the number of times
steps. The second input may be an int, list, tuple, or NumPy ndarray.
If it is an int, then the causality test is made for lags in the range
from 1 to the given number, in other cases, the test is made only
for numbers given in this variable. In functions using neural net-
works for prediction additional required inputs are describing the
architecture of the network. As an output functions of this type re-
turn a dictionary, where the keys are the number of lags for which
the test was performed. Each key stores a list, which contains test
results, the model for prediction of X fitted only on X time series
and the model for prediction of X fitted on X and Y time series, in-
dividual errors and RSS of both models, in case of functions using
neural networks additional history of fitting the first model and
history of fitting the second model are also stored under this key.

The second type of function is focused on measuring the change
of causality over time. The first input for those functions is the
same as in the first type, but the number of columns may be
greater than 2. If so, then causality between each pair of time se-
ries (columns) is measured. As those functions measure the change
of causality over time two windows were applied. The first w1 is
responsible for the number of time steps from which the causality
is calculated, and the second window w2 relates to the number of
time steps by which the window w1 is moved after the causal-
ity is calculated. So the first value of causality is calculated for
time moments from 1st to with, the second value is calculated for
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Fig. 3. Visualization of windows used for calculation of change of causality over time.
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Fig. 4. Graph of proposed causality measure from the quotient of RMSEx and
RMSExy.

time moments from w2th to (wi1+w2)th and so on as presented in
Fig. 3.

As the measure presented in Eq. (8) is not applicable for the
analysis of the change of causality over time, the new measure of
this phenomenon was proposed. This measure of causality is based
on the root mean square errors (RMSE) obtained from both models
from the currently analyzed window w1. RMSE used for calculation
of causality in the first window is presented in Egs. (35) and (36).

wil
RMSEx = [ > Ex(t)*/wl (35)
t=1
wl
RMSExy = |3 Exy(t)*/wl (36)
t=1

The measure proposed by authors is shown in Eq. (37). If the
obtained value is smaller than O then the result is changed to 0,
because a negative number has no sense in terms of causality. The
plot of values of the proposed measure in relation to the quotient
of RMSEx and RMSEyy is presented in Fig. 4.

gz 1 (37)

RMSEy. |
14el” ™oy *

3. Results
3.1. Simulated signals

In this paper, we would like to present the usage and possibil-
ities of the created package in terms of detecting the causality by
different models in two cases - with the presence of the causal-
ity between the signals and with no dependencies between the
time series. The results of the causality detection and forecasting
accuracy were compared with linear and nonlinear methods. What
is more, we would like to present the unique feature of illustrat-
ing the change of causality over time using the chosen model. To
present the performance of the package two signals with 10,000
samples each were generated, where Y is a periodic function and
X is a polynomial function of Y delayed by 100-time steps as pre-
sented in Egs. (38) and (39) and in Listing 1. Some random noise
(E; and E,) also was added to both signals in order to make them
more real-like. Both X and Y time series were visualized in Fig. 5.

Y (t) = cos (t) +sin (0.15 xt) + E; (t) (38)

X(t) = 2% Y(t — 100)> — 5% Y (t — 100) + 0.3 + Y (t — 100)
+2+Ey(t) (39)

The first 70% of the signals were used as training data and the
remaining 30% was used as a test dataset. The signals prepared in
this way can be used for the causality analysis using the first kind
of functions included in the developed module. It was decided to
perform a causality test for two lags - smaller and greater than the
actual delay. The lags were equal to 50 and 150.

Using the created Python module (version 1.0.3), three types of
neural networks with the following architectures were applied for
causality analysis:

e Two LSTM layers with 10 cells each (LSTM) followed by one
output neuron with linear activation function;

« Two GRU layers with 10 cells each (GRU) followed by one out-
put neuron with linear activation function;

o Two fully connected layers with 100 neurons each (MLP) and
ReLU activation function followed by one output neuron with
linear activation function.

For each network dropout regularization technique was used
with a dropout rate equal to 0.01 (arguments NN_config and
NN_neurons for MLP and Dropout_rate in case of GRU and LSTM).
Neural networks were trained for 150 epochs, with a learning rate
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= np.cos (np.linspace (0,20,10100)) + np.sin(np.linspace(0,3,10100)) - 0.2*np.random.random (10100)
X = 2*y**3 - 5% y**2 + 0.3*y + 2 - 0.05*np.random.random(10100)

Listing 1. Generation of two signals.

Signal value

10600

0 2000 4000 6000 8000
Number of sample

Fig. 5. Visualization of signals X and Y.

equal to 0.001 and 0.0001 for the first 50 epochs and the last 100
epochs, respectively. To obtain the most accurate models LSTM and
GRU neural network models were created and trained 2 times (pa-
rameter run) and the MLP model 5 times. For final causality test-
ing models (one based on X and one based on both X and Y) with
the smallest RSS were chosen. The difference in the value of the
run parameter was due to the long time needed for LSTM and
GRU training. The usage of the created functions is presented in
Listing 2.

Regarding the detection of causality and the prediction perfor-
mance, the presented methods were compared with models used
in two other methods for causality testing, both of which allow for
out-of-sample forecasting and are as well implemented in Python.
The first of these methods was a nonmodified Granger test, which
uses linear autoregression (AR) for prediction. The second one was
large-scale nonlinear Granger causality (ISNGC) [14,38], which is
based on a Generalized Radial Basis Functions (GRBF) neural net-
work. Its parameters ¢; and ¢g, which are the number of hidden
layer neurons in the GRBF networks were set to 25. All models
were fitted on the training set and used on the test set. The ab-
solute values of the prediction errors obtained on a test set from
a model based on the past of X and a model based on the past
of both signals were compared using Wilcoxon signed-rank test,
to determine the presence of causality. Performance of all meth-
ods was quantified using mean squared error (MSE), mean abso-
lute error (MAE) and median absolute error (MedAE). Moreover, it
was assessed if the usage of the proposed results in improvement
of the prediction accuracy models in comparison to AR or GRBF
network. For this purpose, Wilcoxon signed-rank test was used to
compare the absolute values of errors obtained from corresponding
models (e.g. MLP model based on past of X and AR model based
also on a past of X). The effect size of including the past of signal
Y in prediction for each method was assessed using Cohen’s d. In
order to better visualize the results plots of predicted values ver-
sus the true values of X and plots of prediction error versus the
predicted X values were prepared for each model. The steps of the
entire process of causality analysis were presented in Fig. 6.

In the next step of the analysis, the Y time series was replaced
with the random noise to compare the results from the tests in the

case where the causality relation should be detected with the case
where there is no relation between the signals. This analysis was
performed as well using the first 70% of the signal as the training
set and the last 30% as the test set. The same metrics and tests
were performed as described in the previous paragraph.

The second type of function in the package can be used to ex-
amine the change of causality over time. In order to simulate such
a change of causality relation the first 50% of the test Y signal was
changed to random noise (Fig. 7), so there would be no causal re-
lation between X and Y at the first half of the test time series. To
present this feature of the package the MLP architecture which ob-
tained the highest Cohen’s d was chosen. Mentioned in Section 2.2.
Window values were set to 30 and 1 for wi and w2, respectively.
The example usage of the function for assessment of the change of
causality over time was presented in Listing 3.

The assumed significance level is equal to 0.05. All analyses
were performed using Python version 3.7.10.

3.2. Presence of causality from Y to X

Each of the designed functions generates a plot of original test-
ing signal X, values predicted by the model based only on past val-
ues of X and values predicted by the model based on past values
of X and Y. For each function based on neural networks, it is possi-
ble to obtain a history of the fitting from the output of the function
and create the learning curve. Sample plots of the original and pre-
dicted data obtained from function nonlincausalityNN for lag
equal to 50 and 150 are presented in Fig. 8 while learning curves
of the models returned by this function are presented in Fig. 9.

All error metrics calculated on a testing set for each model for
lag equal to 50 and 150 are presented in Table 1. P-values obtained
from the Wilcoxon signed-rank test used to assess the presence of
causality from Y to X for each method and each lag are presented
in Table 2.

In case of lag equal to 50, all models from a created package
(NN) obtained similar results in terms of error metrics. The AR
models had a similar accuracy of prediction, while GRBF models
tend to obtain the biggest error metrics for model based only on
the past values of X and the smallest one in the case of model
based on both signals, while model based on both time series ob-
tained slightly smaller error metrics than LSTM, GRU and AR mod-
els. For the lag of 150, NN and AR mostly obtained similar results,
except for MLP model based on X and Y which outperformed all
other models and got the smallest error in the case of all three
metrics. In the case of the bigger lag GRBF model had a drop in
performance for the model based only on X signal. In the case of
the causality test, all nonlinear methods obtained a p-value smaller
than the assumed significance level, thus in the case of using any
of the presented models or GRBF the causality relationship be-
tween signals was detected, even for lag smaller, than the actual
delay between the time series. The autoregressive model used in
the state-of-the-art Granger method did not capture the causality
for any given lag.

P-values obtained from the Wilcoxon signed-rank test used
to assed the improvement in prediction due to usage of neural
networks over autoregressive and GRBF models are presented in
Table 3 and Table 4, respectively. Cohens’d used to assess the effect
size of incorporating the past of Y signal into the models are pre-
sented in Table 5. Plots of predicted values from actual values are
presented in Figs. 10, and 11. for lag 50 and 150, respectively and
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lags = [50,150]

results NN =

verbose=False)

results_LSTM = nlc.nonlincausalityLSTM(data_train,maxlag=lags,xtest=data_test,LSTM layers=2,
LSTM_neurons=[10,10], run=2, epochs_num=[50,100],
learning_rate=[0.001,0.0001],batch_size num=128,
Dropout_rate=0.01, plot=True,verbose=False)

results_GRU = nlc.nonlincausalityGRU(data_train,maxlag=lags,xtest=data_test,GRU_layers=2,
GRU_neurons=[10,10], run=2, epochs_num=[50,100],
learning_rate=[0.001,0.0001],batch_size_num=128,plot=True,
Dropout_rate=0.01, verbose=False)

nlc.nonlincausalityNN(data train,maxlag=lags,xtest=data test,NN config=['d','dr','d','dr'],
NN_neurons=[100,0.01,100,0.01], run=5, epochs_num=[50,100],
learning_rate=[0.001,0.0001], batch_size num=128, plot=True,

Listing 2. Using the functions for causality testing.

Generating signals X and Y

Dividing the data into training and

testing scts

N

A

e

Creating 2 modcls of a chosen
larchitecture (LSTM, GRU, MLP, AR,
GRBF) - onc based only on past
values of X and second based on past
of both X and Y P

N

Fitting models on the training sct for
lag equals to 50 or 150 and
forecasting the values for

the testing set

Calculating p-values from Wilcoxon
signed-rank test to check the presence
of the causality from Y to X

Calculating error metrics (MSE,
MAE, MedAE) for the test set

effect size of including the past of Y

Calculating p-values from Wilcoxon
signed-rank test to check the
improvement of performance due to
usage of neural networks over AR
and GRBF modcls

Calculating Cohen's d to assess the

in prediction

Fig. 6. The process scheme of the data analysis from generating the data up to the causality and prediction assessment. In the case of real-world application, the process

would be the same, but X and Y would be the data obtained from the study.

plots of the prediction error from predicted values are presented
in Figs. 12 and 13.

The usage of neural networks over AR did not statistically sig-
nificantly improve the prediction of the X signal if taking only past
values of X as an input. On the other hand, the usage of NN over
GRBF with one signal as an input always results in significantly

better prediction accuracy. If the model was based on both X and
Y signals the usage of neural networks instead of the autoregres-
sive model improved the prediction in 5 out of 6 cases (only the
MLP model for 50 lags did not obtain significantly better results).
In the case of GRBF, only MLP model for lag equal to 150 outper-
formed it. For both lags, the effect size of incorporating past of Y

plot_with_xtest=True)

res_meas_NN = nlc.nonlincausalitymeasureNN (data_train, Iags, wl=30,w2=1, xtest=data_test_measure,
NN_config=['d', 'dr','d"','dr'], NN_neurons=[100,0.01,100,0.01], run=5, epochs_num=[50,100],
learning rate=[0.001,0.0001]1, batch size num = 128,

verbose = False, plot = True,

Listing 3. Usage of the function for measuring the causality change over time with MLP models.
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Fig. 7. Visualization of test signals X and Y with the first 50% of the test Y signal changed to random noise.
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Fig. 8. The plot of the original value of X, predicted values from the model based on the past values of X and predicted values from the model based on past values of X

and Y. If there is causality from Y to X, then the values predicted based on both signals should be closer to the actual values than the values predicted only with the past X
values (prediction error of model based on both signals should be lower, then the error of model based only on X).
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Fig. 9. Plot presenting the dependencies between loss and number of epochs for lag equal to 50 and 150.

Table 1

Error metrics (MSE, MAE and MedAE) obtained on a test set for each model created based on 50 and 150 past values in the case where Y—X. The smallest error

metric for a given case is shown in bold.

Lag value Metrics Model trained on LSTM GRU MLP AR GRBF
50 MSE X 0.042 0.041 0.042 0.041 0.057
Xand Y 0.039 0.039 0.039 0.041 0.038

MAE X 0.162 0.161 0.162 0.161 0.188

Xand Y 0.158 0.158 0.161 0.161 0.155

MedAE X 0.139 0.138 0.136 0.136 0.153

Xand Y 0.137 0.135 0.137 0.140 0.135

150 MSE X 0.041 0.041 0.045 0.041 0.254
Xand Y 0.039 0.038 0.011 0.041 0.036

MAE X 0.159 0.161 0.166 0.160 0.413

X and Y 0.156 0.156 0.078 0.160 0.151

MedAE X 0.135 0.136 0.132 0.137 0.379

Xand Y 0.134 0.134 0.056 0.136 0.130

Table 2 Table 4

P-values for each model and each tested lag obtained from the Wilcoxon signed-
rank test in case where Y—X. Cases, where a causal relationship has been de-
tected, are shown in bold.

Lag value LSTM GRU MLP AR GRBF

50 < 0.001 < 0.001 0.025 0.703 < 0.001

150 < 0.001 < 0.001 < 0.001 0.261 < 0.001
Table 3

P-values form a comparison of the models performances, with the al-
ternative hypothesis that error obtained from neural networks models
is smaller than for autoregressive ones in a case where Y—X. Cases,
where usage of the neural network resulted in significantly better per-
formance, are shown in bold.

Lag value  Model trained on  LSTM GRU MLP

50 X 0.969 0.899 0.944
Xand Y < 0.001 < 0.001 0.068

150 X 0.227 0.814 0.991
Xand Y 0.010 0.008 < 0.001

signal into prediction was the highest for MLP and the smallest for
AR. The biggest Cohen’s d equal to 0.659 was obtained for MLP for
lag equal to 150. Prediction error was equally distributed around 0
for the whole range of predicted values.

P-values form a comparison of the model performances, with the alternative hy-
pothesis that absolute error obtained from neural networks models is smaller
than for GRBF ones in a case where Y—X. Cases, where usage of the neural net-
work resulted in significantly better performance, are shown in bold.

Lag value Model trained on LSTM GRU MLP

50 X < 0.001 < 0.001 < 0.001
Xand Y 0.991 0.998 1.000

150 X < 0.001 < 0.001 < 0.001
Xand Y 1.000 1.000 < 0.001

Table 5

Cohens'd for the case where Y—X. The highest Cohens'd for each lag are
shown in bold.

Lag value LSTM GRU MLP AR GRBF
50 0.047 0.046 0.049 0.005 0.013
150 0.037 0.044 0.659 0.001 0.054

3.3. Absence of causality from Y to X

The metrics calculated for the analysis, where there was no re-
lationship between the time series (with the Y changed to ran-
dom noise) are presented in Table 6. The results from the Wilcoxon
signed-rank test used to test for the presence of causality are pre-
sented in Table 7.

For the lag of 50 neural networks obtained the same or higher
error measure values than autoregressive models. For lag equal to
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Fig. 10. The plot of predicted values from true X values for lag equals 50. The solid black line represents y equals to x.
Table 6

Error metrics (MSE, MAE and MedAE) obtained on a test set for each model created based on 50 and 150 past values in the case where there was no
causality relation between signals. The smallest error metric for a given case is shown in bold.

Lag value Measure Model trained on LSTM GRU MLP AR GRBF
50 MSE X 0.042 0.041 0.042 0.041 0.055
Xand Y 0.042 0.041 0.042 0.041 0.055

MAE X 0.162 0.161 0.163 0.161 0.184

Xand Y 0.162 0.161 0.164 0.161 0.184

MedAE X 0.138 0.137 0.136 0.136 0.152

XandY 0.138 0.137 0.138 0.135 0.150

150 MSE X 0.041 0.041 0.045 0.041 0.278
XandY 0.041 0.041 0.049 0.041 0.276

MAE X 0.161 0.159 0.168 0.160 0.443

XandY 0.160 0.160 0.173 0.162 0.442

MedAE X 0.137 0.134 0.135 0.137 0.417

X and Y 0.137 0.136 0.140 0.137 0.411

10
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Fig. 11. The plot of predicted values from true X values for lag equals 150. The solid black line represents y equals to X.

Table 7

P-values for each model and each tested lag obtained from the Wilcoxon signed-
rank test in the case where there was no causality relation between signals. Cases,
where a causal relationship has been detected, are shown in bold.

Lag value LSTM GRU MLP AR GRBF
50 0.558 0.267 0.930 1.000 0.127
150 0.073 0.592 0.999 1.000 0.024

150 the measures were mostly higher for MLP, mostly lower for
GRU and mostly equal to those obtained by AR for LSTM. The
GRBF compared to other models obtained slightly higher error
metrics for lag equal to 50 and several times larger for lag equal
to 150. Causality was not detected using any of the models ex-
cept the GRBF model for a delay of 150, where false causality was
indicated.

P-values obtained from the Wilcoxon signed-rank test used to
assed the improvement in prediction due to usage of neural net-
works over autoregressive and ISNGC models are presented in
Table 8 and Table 9, respectively. Cohens’d used to assess the ef-

Table 8

P-values from a comparison of the model performances, with the alternative hy-
pothesis that error obtained from neural networks models is smaller than for
autoregressive ones in the case where there was no causality relation between
signals. Cases, where usage of the neural network resulted in significantly better
performance, are shown in bold.

Lag value Model trained on LSTM GRU MLP

50 X 0.982 0.941 0.999
Xand Y 0.857 0.486 1.000

150 X 0.607 0.219 1.000
Xand Y 0.041 0.038 1.000

fect size of incorporating the past of Y signal (random noise in this
case) into the model are presented in Table 10.

The only models which performed statistically significantly bet-
ter than AR were GRU and LSTM models based on both X and Y
for lag equal to 150. All NN models performed better than GRBF
models in all cases. The highest Cohens'd was obtained again for
MLP models, but all values were much smaller compared to those
in the case where Y—X.
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Fig. 12. The plot of prediction errors from predicted X values for lag equals 50.

Table 9

P-values form a comparison of the model performances, with the alternative hy-
pothesis that error obtained from neural networks models is smaller than for
GRBF ones in the case where there was no causality relation between signals.
Cases, where usage of the neural network resulted in significantly better perfor-

mance, are shown in bold.

Lag value Model trained on LSTM GRU MLP

50 X < 0.001 < 0.001 < 0.001
Xand Y < 0.001 < 0.001 < 0.001

150 X < 0.001 < 0.001 < 0.001
Xand Y < 0.001 < 0.001 < 0.001

3.4. Change of the causality over time

The analysis of the change of causality over time was performed
using the same MLP architecture as for causality testing which
managed to obtain the biggest Cohen’s d in the analysis. The mea-
sure of causality according to Eq. (37) and its change over time
along with the original time series for better visualization of the
dependency for 50 lags was presented in Fig. 14 and for 150 lags

in Fig. 15.

i

Table 10
Cohens'd for the case where there was no causality relation between signals. The
highest Cohens'd for each lag are shown in bold.

Lag value LSTM GRU MLP AR GRBF
50 < 0.001 < 0.001 0.004 < 0.001 < 0.001
100 < 0.001 < 0.001 0.005 < 0.001 < 0.001

For lag equal to 150 when the causality relation from signal Y to

signal X appears (after the random noise) there is a visible increase

n the measure of causality for Y—X. After the random noise the

measure for Y—X tends to be much higher, than for X—Y (as there

i

s no such causality). In case of lag equal to 50 in part of the plot

where there is the random noise, the measures are similar for both

X—Y and Y—X, while after this part the measure for Y—X seems
to be slightly bigger than for X—Y (but smaller than for the lag
of 150). In the middle of the signals for both lags, there is an in-
crease in causality from X to Y, which means that in that part the
model was able to benefit from using the X signal in forecasting
the Y in terms of decreasing the prediction error. The maximum of

the causality measure for the lag of 50 is equal to 0.324 and 0.139
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Fig. 13. The plot of prediction errors from

for X—Y and Y—X, respectively and for lag equal to 150 those val-
ues were equal to 0.318 and 0.620. The mean value of the causal-
ity for lag equal to 50 was equal to 0.009 and 0.014 for X—Y and
Y—X, respectively, while for lag equal to 150 those values were
equal to 0.007 for X—Y and 0.128 for Y—X. However, it should be
emphasized that the mean and maximum values of the causality
measure are showing the gain from incorporating the other vari-
able into prediction and those values cannot be interpreted as a
presence of causality between signals on their own. As showed in
the previous sections the assessment of the presence of causality
is performed using Wilcoxon signed-rank test.

4. Discussion

The methods presented in this paper are focused on overcom-
ing the main disadvantages of the non-modified Granger method
based on linear autoregressive models and proposing an alternative
for existing nonlinear methods. The first weakness of the linear
Granger causality test is that of using AR models the state-of-the-

1.0

-0.5 0.0 0.5
Predicted X value

-1.5 -1.0 15 20

predicted X values for lag equals 150.

art Granger approach may not capture the more complex, nonlin-
ear causality dependencies like polynomial, exponential, logarith-
mic, or others that are visible in many biomedical, physiological,
economic and social measurements/signals. What is more, the AR
models are assuming the stationarity of the signals, which is prob-
lematic as most real-life signals are not stationary (however this
problem might be also addressed by usage of vector error correc-
tion model [26,27], but this approach is still assuming the linearity
of the dependency and is not implemented in the existing Python
packages). Thanks to the usage of neural networks models it is
possible not only to detect the causal relations, which are nonlin-
ear but also to test the dependencies between nonstationary time
series and obtain very accurate forecasting results. In order to test
the proposed approach and the created Python package, two time
series were simulated, where the signal X was a polynomial of the
Y signal and was delayed in relation to it by 100-time steps. The
data analysis was performed in 2 different ways. In the first ap-
proach, both models (based on the past of X and the past of X and
Y) were trained on the first 70% of the data and testing for causal-
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Fig. 14. The measure of causality (Eq. (37)) from signal Y to signal X (Y—X) and from signal X to Y (X—Y), along with signal X and Y for analysis for 50 lags. The axis on

the left represents the signal values, and the axis on the right represents the causality value.
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Fig. 15. The measure of causality (Eq. (37)) from signal Y to signal X (Y—X) and from signal X to Y (X—Y), along with signal X and Y for analysis for 150 lags. The axis on
the left represents the signal values, and the axis on the right represents the causality value.

ity on the remaining 30% to check the robustness of the methods.
The second analyses were similar to the first one, but the Y signal
was changed to a random noise so there was no causality relation
between X and Y. This change was made to test if the proposed
methods do not indicate the false causality relations. The proposed
models were compared with the autoregressive model used in the
traditional Granger method and with the Generalized Radial Basis
Functions neural network used in IsNGC approach [14].

The created functions based on neural networks were able
to detect the causality relation between time series for lag both
smaller and greater, than the actual delay between the two sig-
nals. The GRBF models also indicated the presence of true causal-
ity, unlike the AR ones, which were not able to detect this depen-

dency. The biggest difference between the results for lag bigger
and smaller than the actual delay between X and Y signals were
the p-value, Cohens’d and error metrics for MLP models. The p-
value was many orders of magnitude smaller for the lag equal to
150, while Cohen’s d was much higher for this lag value. The MLP
model based on both X and Y obtained much smaller error met-
rics in case of the lag equal to 150 compared to the results for
lag equal to 50. In the case of lag equal to 150, there was a large
drop in the precision of GRBF model based on the past of X com-
pared to the same model but for a smaller lag value. In the case
of other models, the performance was rather similar irrespective
of the value of the lag. The plot of predicted value from the actual
value was much more centered around the line y equals to x for
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MLP model using both signals for lag equal to 150, which also indi-
cates that the most accurate prediction was for this model. In the
case of GRBF model using only X signal for lag equal to 150, the
points are the least concentrated around the mentioned line, which
also confirms its lowest accuracy. When it comes to the plot of the
prediction error from the predicted values, the MLP model based
on X and Y for lag equals 150 is distinguished, where the error at
higher predicted values is much smaller than in the case of other
models, while for GRBF based on X there is visible more dispersion
of the points, which indicates the lowest prediction performance.
The best results in terms of Cohen’s d and error metrics were ob-
tained for MLP for lag equal to 150 for models based on both X
and Y signals. The usage of NN instead of AR mostly resulted in
more accurate results in the case of models based on both signals,
while compared to GRBF usage of NN was always more efficient
for models based only on the past of X.

When Y time series was changed to a random noise to test
if proposed methods do not indicate the false dependency when
there is no causal relation between examined time series, all neu-
ral networks obtained from the created package and AR modes did
not detect any causality between the signals for any lag value. In
the case of GRBF the false causality was detected for lag equal to
150. Error metrics and Cohen'’s d obtained by NN and AR models
were similar to each other, while for GRBF the prediction accuracy
was the lowest especially in case of lag equal to 150.

Compared to the autoregressive models used in traditional
Granger causality analysis the proposed approach was character-
ized by better or similar prediction performance and discovery of
nonlinear causality relations undetected by the AR models. In the
case of comparison with the nonlinear approach using GRBF the
proposed solution was always superior in prediction based on the
past of only one variable and did not indicate any false causality,
which appeared to be the issue in one case for GRBF models. The
advantage of the proposed method over other approaches using
non-linear data transforms such as KGC is the lack of assumptions
about the data transformation (kernel used). The prepared Python
package is superior to other existing solutions that use neural net-
works with lasso regularization to study causality [39,40] as it al-
lows for statistical inference and the results are independent of the
lambda parameter used in the lasso regularization. As the neural
networks applied in this research are already used in the analysis
of physiological data [41,42,45], the created package can also find
wide application in the study of causal relationships in physiology,
but also other scientific fields.

To our knowledge, a novelty of the created package is the pro-
posed method of studying the change in causality over time, which
may allow for a better understanding of the causal relationships
between the signals. For both lags, the causality values seem to
be bigger for the part of the signal without random noise. As ex-
pected, the plots of the change of causality over time show much
more causal dependency for the lag equal to 150, than for lag equal
to 50. For the higher lag, there is very clearly visible the moment
when the causality relationship appears. The value of the causality
measure varies over time, probably due to the added noise to the
signal and to the out-of-sample testing. This feature of the package
can be very useful especially in the case of signals which depen-
dence varies over time.

The limitations of the prepared package are the computational
complexity and time-consuming involved in training neural net-
works. However, the benefits of using neural networks seem to
outweigh these issues. The limitation of the study is the use of
simulated data, so further studies on real-world data are planned.
In the near future, we plan to focus on using the created package
to investigate the causal relationships between biomedical signals
and their dependence on various vital parameters as a continu-
ation of research conducted by Miyiczak and Krysztofiak [16,17].
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We plan, among others, to use the package in the analysis of the
causality between the respiratory signal from impedance pneu-
mography (tidal volume equivalent) and the cardiological signal
from the ECG (mainly RR-intervals and tachogram as their inter-
polation) and to investigate the causality phenomenon in various
groups of patients (network physiology paradigm [58]).

5. Conclusion

The usage of neural networks in causality testing allows captur-
ing the nonlinear causal dependencies, which are not detected by
the AR model used in the state-of-the-art Granger method. In the
case when there is no causal relation neural-network-based meth-
ods do not indicate false causality, which might be an issue while
using GRBF model for prediction. Usage of neural networks al-
lowed to provide better prediction results especially in the case of
multilayer perceptron taking as an input past values of both time
series for a lag value greater than the actual delay. This model ob-
tained the highest effect size of incorporating the past of Y signal
into the prediction model. The measure of the change of causality
over time seems to be a valid feature that allows to better under-
stand the detected dependencies between the signals. The created
package can be widely used (is available in PyPI [56]) in the analy-
sis of signals in different scientific fields like neuroscience, physiol-
ogy, or economy. Thanks to the proposed method, it is possible to
study nonlinear dependencies, study causality changes over time,
and unlike similar nonlinear approaches, it is easily usable thanks
to the package created in Python.
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Causality in cardiorespiratory signals in pediatric cardiac patients

Maciej Rosot, Jakub S. Gasior?, Iwona Walecka?, Bozena Werner?, Gerard Cybulski', Marcel Mtynczak!

Abstract— Four different Granger causality-based methods -
one linear and three nonlinear (Granger Causality, Kernel
Granger Causality, large-scale Nonlinear Granger Causality,
and Neural Network Granger Causality) were used for

t and c: I-based quantification of the respiratory
sinus arrythmia (RSA) in the group of pediatric cardiac patients,
based on the single-lead ECG and impedance pneumography
signals (the latter as the tidal volume curve equivalent). Each
method was able to detect the dependency (in terms of causal
inference) between respiratory and cardiac signals. The
correlations between quantified RSA and the demographic
parameters were also studied, but the results differ for each
method.

Clinical relevance— The presented methods (among which
NNGC seems to be the most valid) allow for quantification of
RSA and study of dependency between tidal volume and RR
intervals, which may help to better understand association
between respiratory and cardiovascular systems in different
populations.

LINTRODUCTION

Although the circulatory and respiratory systems serve two
distinct functions, their activity is deeply interconnected and
interrelated. ~ Respiratory  sinus  arrthythmia  (RSA),
a phenomenon whereby RR intervals shorten during
inhalations and lengthen during exhalations, is one example of
such interactions [1]. This physiological phenomenon is rooted
in many mechanisms, among which is the activity of the
sympathetic and parasympathetic nervous systems [2,3]. Heart
rate variability (HRV) parameters reflect the fluctuation of RR
intervals and have wide applicability in medicine and sports as
a means of assessing autonomous nervous system activity
[4,5]. HRV parameters can be calculated from ECG or from
photoplethysmography signal [6,7].

RSA can be used as a biomarker reflecting conditions like
diabetes, sleep apnea, cardiomyopathy, anxiety disorders or
heart failure [8-10]. Approaches based on the Granger
causality concept are among the viable methods of RSA
assessment and quantification [11]. In a particular Granger
causality analysis, two models are used. The first one predicts
the values of X signal (i.e., the tachogram/RR intervals signal)
based on the past values of this signal, while the second model
tries to fit the same value but based on the past values of X and
Y signals (i.e., both tachogram and respiratory signal). Y is
said to cause X (denoted as Y->X) if the prediction error of the
second model is statistically significantly smaller than the
prediction error of the first model. The measure of RSA would

M. Rosol, M. Mtynczak and G. Cybulski are with the Warsaw University
of Technology, Faculty of Mechatronics, Institute of Metrology and
Biomedical Engineering, 8 Boboli Street, 02-525 Warsaw, Poland.
maciej.rosol.dokt@pw.edu.pl

depend on the improvement in the prediction accuracy after
incorporating the Y signal (e.g., respiratory signal) for the
prediction of X signal (in this case the tachogram). Causality
can be assessed and quantified from a respiratory signal to
a tachogram, but also in the opposite direction.

The aim of this paper is to present and compare the results
from different causality-based methods (one linear and three
nonlinear) used in analysis of short-term RSA phenomenon
among a group of pediatric cardiac patients.

ILMETHODS

A.Conducted study

This study analyzed data recorded among 20 patients
(a demographic breakdown is presented in Table 1). In order
to be included in the study, patients had to be between 7 and
15 years old and had to have a current diagnosis of cardiac
disease (as well as a signed consent form). Patients were
excluded if they:

e presented symptoms of infection,

e had been diagnosed with disorders potentially

affecting the autonomous nervous system, or
e were unable to perform physical activity.

TABLE L. THE DEMOGRAPHIC DETAILS OF THE STUDY GROUP (AS
MEAN £ STANDARD DEVIATION). THE NUMBER OF PARTICIPANTS PER SEX IS
GIVEN IN THE BRACKETS.

Demographic data
All Boys (12) Girls (8)
Age [years] 129+3.5 143+33 10.8+2.6
Weight [kg] 58.8+23.2 6524229 46.0+£18.1
Hight [cm] 160.1 +17.2 166.1 +16.3 151.0+16.3
BMI [kg/m?] 21.5+5.0 22.7+5.1 19.3+4.1

The study was approved by the Ethics Committee of the
Medical University of Warsaw (permission: KB/70/2021).

In this study the cardiac activity was registered through
single-lead ECG, while the respiratory signal (tidal volume
equivalent) was obtained from impedance pneumography
(IP). The Ilatter measurement was obtained using
a Pneumonitor 2 [12]. Tetrapolar configuration was used for
IP recordings with sinusoidal application current, which
amplitude was up to 1 mA, and frequency was equal to 100
kHz. The electrodes were placed according to [13], with the

21.S. Gasior, I. Walecka and B. Werner are with the Medical University
of Warsaw, Department of Pediatric Cardiology and General Pediatrics,
Zwirki i Wigury 63a, 02-091 Warsaw, Poland
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receiving electrodes placed on a midaxillary line around 5%
and 6" rib and the application electrodes attached to the
proximal side of the arm at the level of receiving electrodes.
Both signals had sampling frequency of 250Hz. Standard
Holter-type Ag/AgCl electrodes were used.

All measurements were conducted in a diagnostic room in
the Department of Pediatric Cardiology and General
Pediatrics of the Medical University of Warsaw. The study
protocol consisted of:

e obtaining a signed examination consent form from
the patient’s parent or legal guardian,

e presenting the parent/legal guardian with the
conditions for the patient’s participation in the study,

e  presenting the testing apparatus and carrying out the
process of getting the patient acclimated to the test
conditions,

e commencing the recording at rest until rest values
were reached,

e acquiring signals for analysis over the span of 5
minutes.

B.Methods used

The RR signal was obtained by detecting the R peaks in ECG
using Stationary Wavelet Transform [14,15] and then
performing cubic interpolation. The IP signal was filtrated
using high-pass and low-pass Butterworth filters with cutoff
frequencies equal to 0.1 Hz and 30 Hz, respectively. Based on
[16], it was assumed that by using the aforementioned
electrode configuration, the linear fitting provides the best
compatibility between IP and pneumotachometry so that the
IP signal was treated as relative tidal volume equivalent (TV).
Both RR and TV signals were down-sampled to 25 Hz to
obtain the compromise between computational complexity
reduction and time resolution preservation (for analytical
methods utilized).

For the assessment and quantification of the RSA the
following methods were used:

e Traditional Granger causality analysis (GC) [17],

e Kernel Granger Causality (KGC) [18],

e Large scale Nonlinear Granger Causality (IsSNGC)
[19], and

e nonlincausality Python package using neural
networks for prediction in term of Granger causality
(NNGC) [20].

Moreover, the change of the causality relationship between
the signals over time was studied using nonlincausality
approach with windows w/ and w2, equal to 25 (1 second)
and 1 (40 milliseconds) samples, respectively. The temporal
orders between signals were also studied with the fempord
package [21] using linear-based LM method with 0.9
threshold and time shift between -2 and 2 seconds.

All of the above-mentioned methods were used in
quantifying RSA for each patient; subsequently, because all
the methods used allow for statistical inference, the statistical
significance of these findings was assessed. Analysis of
causality was performed for lag equal to 1 second for each
method. In the case of the KGC method, the chosen kernel
was gaussian and the order parameter was 25. For IsSNGC, the
¢r and ¢g parameters, which corresponds to the number of

hidden neurons in the Generalized Radial Basis Functions
neural network were set to 25. The architecture of neural
networks used in NNGC consisted of 2 hidden layers with 20
neurons with the ReLU activation function in hidden layers
and linear activation function in the output layer. Networks
were trained for 100 epochs with learning rate equal to le-4
and le-5 for the first and second half of the learning process,
respectively.

Dependencies of causality values in both directions were
also studied in light of demographic data. Correlation between
causality metrics and the patient’s age and body mass index
(BMI), as well as between measures of causality in different
directions was calculated using Spearman’s correlation
coefficient. Mann-Whitney U rank test was used to check
whether the patients’ sex accounted for any differences in
causality measures.

The results obtained from temporal orders analysis were
also compared to the results from the group of 10 elite athletes
and 10 healthy students presented in [21].

The significance level was assumed to be 0.05. All
calculations were run using Python 3.7 (calculation of GC,
ISNGC and NNGC), R version 3.6.1 (temporal orders) and
MATLAB 2019b (KGC).

IILRESULTS

A.Causality analysis

An example of the obtained tachogram and respiratory signal

is presented in Fig. 1.
RR

0 50 100 150 200 250 300
TV

0 50 100 150 200 250 300
Seconds

Figure 1. Sample plots of tachogram and respiratory signal from the patient
#8.

For each patient the causality between both signals was
quantified using each method and in both directions, and
those values were plotted in Fig. 2. For twelve patients the
causality from TV to RR was higher than from RR to TV, and
for eight RR->TV causality was higher in case of GC and
NNGC. For IsNGC method, the proportions were the opposite
as eight children obtained higher causality values for the
direction from TV to RR and twelve of them - from RR to TV.

Causality between signals was statistically significant in
both directions and regardless of the method used, an
exception being the TV->RR causality according to IsNGC in
patient #4.

The results of the correlation analysis are presented in Table
2. Irrespective of the method used, there was no statistically
significant correlation between age and either direction of
causality. There was a significant negative correlation
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(p-value < 0.05) between BMI and the TV>RR causality
value calculated using NNGC (Spearman’s rho equal to -
0.46), and a positive one between BMI and RR>TV
calculated using ISNGC (Spearman’s rho equal to 0.52). For
InNGC and GC approaches, there were also significant
correlations (p-values < 0.01 and < 0.05, respectively)
between TV->RR and RR->TV with Spearman’s rho equal to
0.59 and 0.45, respectively. There was a statistically
significant difference in causality for boys and girls for
IsNGC and GC (p-values < 0.05).

B. Temporal causality

Changes of causality over time calculated with
nonlincausality package (NNGC approach) were plotted for
each patient in both directions (TV->RR, and RR>TV). For
each patient, the signal of change in causality over time was
highly variable for both directions of causality, regardless of
the patient’s age, sex, or BMI. A sample plot of this change
can be seen in Fig. 3. The temporal orders were also
visualized for each patient and the example plot is presented
in Fig. 4.
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Figure 2. Causality values assessed with different methods for each
individual patient. The blue dots are representing the quantified causality
values from TV to RR, while orange ones stand for causality from RR
to TV.

TABLE II. SPEARMAN’S CORRELATION COEFFICIENTS WITH P-VALUES
IN BRACKETS BETWEEN CAUSALITY AND AGE OR BMI AND BETWEEEN TWO
DIRECTIONS OF CAUSALITY FOR DIFFERENT METHODS.

Age BMI
Causalities
TVORR | RROTV | TVORR | RROTV
GC 0.30 0.16 0.25 0.12 045
(0.20) (0.49) (0.30) (0.63) (<0.05)
KGC -0.38 -0.30 -0.31 -0.33 0.40
(0.10) (0.21) (0.20) (0.17) (0.08)
0.17 0.13 0.15 0.52 0.59
IsNGC (0.47) (0.60) (0.53) (<0.05) (<0.01)
-0.35 0.20 -0.46 0.04
NNGC | 914 (0.39) (<0.05) ©.88) | 019043
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Figure 3. Causality changes over time for RR->TV and TV->RR for
patient #10.

Temporal orders with causal vector, based on linear modeling
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Figure 4. Sample temporal order plot for patient #8.

In line with expectations, the causal vectors obtained among
cardiological patients were much smaller and less continuous
than those collected in studies with subject populations of
elite athletes and healthy students (presented in [21]). The
average causal vector was -72 + 668 milliseconds (mean +
standard deviation). For six of the twenty patients there was
no causal vector at all.

IV.DISCUSSION

All of the used methods were able to detect a dependency
between RR and TV in at least one direction. The KGC
method stands out as the only one which in every case
indicated a higher causal relationship from TV to RR.
Meanwhile, the GC and NNGC methods detected TV->RR as
higher more frequently, while IsSNGC found more cases with
higher causality from RR to TV. The negative correlation
between BMI and causality derived from NNGC data seems
to be in line with the findings of Mazurak et. al. [22], which
demonstrated that decreasing a patient’s body mass would
result in increased HRV measures. Given that the directions
of the causalities for GC and IsNGC are intercorrelated it is
questionable whether using both measures would be useful in
case of those methods. When it comes to NNGC and KGC,
the usage of both directions of causality measures may lead to
new and additional information about patients.

Based on a plot of causality figures for each patient and
method, it is apparent that each method interprets the two
directions of causality differently. Because each one is
capable of detecting causality between the analyzed signals,
they could all potentially be useful, as each might provide
different diagnostic information. That said, the NNGC
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approach appears to be the most valid as it indicates
a correlation of RSA with BMI while the two directions of
causality measurements are not intercorrelated.

It is also to be emphasized that the detected causality from
RR to TV does not indicate that the work of the cardiovascular
system is driving the work of the respiratory system, but it
provides additional information regarding the
interdependencies between signals from those systems.
Moreover, due to the complexity of the relationships between
those systems, the usage of nonlinear modeling methods
seems to be a more appropriate choice.

Furthermore, it seems that the analysis of temporal orders
may be a valuable tool capable of distinguishing between
different group of patients. Although further studies on the
matter are undoubtedly needed, analysis of causality’s change
over time might prove to be a source of additional
information, as it can help visualize relationships between
various signals and causality measures.

The foremost limitation of this study lies in its relatively
small study group as well as in the homogeneity of this group.
Because the study sample lacked a control group of healthy
subjects, the utility of the calculated causality values as
a biomarker for cardiac autonomic functions abnormalities
could not be determined. Therefore, further studies (ones
involving larger and more varied sample populations) will
have to be conducted in order to ascertain the possible utility
of each method and each direction of causality in terms of
quantification of RSA. The main limitation of the mentioned
techniques is their dependance of the choice of input, which
might have an impact on the final result.

V.CONCLUSION

RSA was detected and quantified for each patient using four
different causality-based methods. There appears to be no
correlation between the results and the patient’s age, but some
correlation with BMI (in the case of NNGC and IsNGC) and
with sex (in the case of GC and IsNGC) may be demonstrable.
Further studies on a larger group including healthy subjects
are needed to assess the utility of each method in terms of
RSA.
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Abstract—This pilot study aimed to evaluate the potential of
machine learning models utilizing parameters estimated from
cardiorespiratory signals obtained during rest in predicting the
duration of maximal cardiopulmonary exercise tests (CPET) in
professional adolescent football players. The study involved a
group of 36 male athletes, whose cardiac and respiratory signals
were recorded in a supine position for at least 5 minutes. Heart
rate variability, statistical features from respiratory signal and
features from causal and information domains quantifying the
interdependency between cardiac and respiratory signals were
calculated and later used for the analysis. The most relevant
features (Pearson correlation with CPET duration over 0.2) were
used for the machine learning modeling with leave-one-out
validation applied. Models d trated pr ing results with
a mean absolute percentage error of 17%, mean absolute error of
129 seconds, root mean squared error of 170 seconds, R? score of
0.52, and a Pearson correlation coefficient of 0.74. Explainable
artificial intelligence techniques provided insights into the
influence of individual features, showing the primary importance
of the cardiac parameters but also highlighting the need for
incorporating the information from respiratory signal and
cardiorespiratory interdependencies.

Keywords—Cardiopulmonary  Exercise Testing, Machine
Learning, Cardiorespiratory Signals, Causality, Performance
Prediction

1. INTRODUCTION

The maximal cardiopulmonary exercise test (CPET) stands
out as a primary tool for assessing the endurance and
cardiorespiratory fitness (CRF) of athletes [1]. During such
tests, participants undertake physical activity like running on a
treadmill or cycling on a cycloergometer with an increasing
workload until exhaustion. Throughout the test cardiac and
respiratory ~ systems  are  usually  monitored  via
electrocardiography (ECG) and equipment for gas analysis,
respectively. Based on the data gathered during the test,
different parameters can be established. The most popular
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ones are: maximal or peak oxygen uptake (VOzmax/VO2peak),
maximal heart rate (HR), ventilatory threshold, and duration
of the test [2]. However, performing full CPET is physically
demanding, which might interfere with the training program
and require sophisticated equipment and trained personnel to
conduct it. Thus, ongoing research is focused on providing
new evaluation approaches based on non-exercise or
submaximal tests [3], the utilization of simpler measurement
devices [4], the introduction of new cardiorespiratory
parameters [5], and the use of machine learning algorithms
[6].

In terms of cardiorespiratory parameters, the analysis of
Heart Rate Variability (HRV) is utilized as a key set of
parameters for understanding and improving athletic
performance by monitoring individual adaptation to training
[7]. HRV, the physiological phenomenon of variation in the
time interval between heartbeats, is recognized as a crucial
indicator of autonomic nervous system (ANS) function and
overall cardiovascular health. It offers a deeper understanding
of an athlete's stress levels, recovery status, and readiness for
training or competition [8]. However, while HRV parameters
offer significant insights, there are multiple studies suggesting
that including respiratory parameters like pulmonary
ventilation (VE) in the evaluation process is equally vital as it
is also a valid predictor of, e.g., oxygen uptake [9] and VOazpeak
[10]. Moreover, recent advances in physiology leverage the
interdependence of cardiological and respiratory systems in
terms of cardiorespiratory coupling (CRC) by introducing new
types of parameters based on both causal and information
analysis [5], [11], [12]. Those approaches are based on: 1)
improving the prediction of the current value of one signal
(e.g., tachogram) by leveraging knowledge about the past
values of another signal (e.g., respiration) alongside the values
of the first one; 2) analyzing information flow from one signal
to another using entropy analysis; 3) employing other
techniques  for  measuring  dependence, such as
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correlation. However, further studies are needed to better
understand the utility of parameters from those two domains.

The aim of this paper was to investigate the quality of
prediction of athletic performance in terms of the duration of
CPET by utilizing machine learning models trained on
cardiorespiratory features calculated from signals acquired
during rest in a supine position among a group of professional
adolescent athletes. Additionally, we assessed the importance
of features from causal and information domains included in
the models for the duration of CPET prediction.

II. METHODS

A. Study design

A total of 36 professional adolescent male football players
aged between 10 and 15 years were enrolled in the study. The
descriptive statistics of the group are presented in Tab. 1
(presented VOamax values, determined based on the Yoyo test,
were not used in the analysis). The study consisted of two
stages: 1) cardiorespiratory signals were recorded for at least 5
minutes during rest in a supine position; 2) CPET was
performed on a cycloergometer starting at 40 Watts and
increasing the workload by 40 Watts every 3 minutes. Athletes
were instructed to perform the test until exhaustion. The study
was approved by the Ethics Committee of the Medical
University of Warsaw (permission: KB/70/2021) and a written
informed consent form was collected for each participant.

TABLE L DESCRIPTIVE STATISTICS OF THE STUDY
POPULATION PRESENTED AS MEAN =+ STANDARD DEVIATION.
Age Weight Height BMI VOzmax
[vears] [kg] [cm] [kg/m2] [ml/min/kg]

133+1.5 56.7+14.0 169.1 +13.0 194+24 48.7+55

For the cardiorespiratory signals acquisition, the
Pneumonitor 3 device was used [13], [14]. This device
combines one-lead ECG and impedance pneumography (IP)
into a single remote unit designed for heart activity and indirect
respiratory function monitoring. Both signals were registered
with 250 Hz sampling frequency and saved on the microSD
card. For IP, the tetrapolar configuration was used with
electrodes placed according to [15], which allowed for the
interpretation of the IP signal as an equivalent of relative tidal
volume (TV).

B. Analysis

From the ECG recordings (acquired with 250 Hz sampling
frequency), the RR interval time series were obtained using
automated detection and manual correction by an experienced
clinician. The tachogram time series was obtained by cubic
interpolation of the RR interval (RRi) values in milliseconds
placed between consecutive R peaks on a time axis. TV signal
was filtered using a bandpass filter with cutoff frequencies
equal to 0.05 and 0.67 Hz corresponding to 3 and 40 breaths
per minute respectively. Thus, two signals with equal length
and sampling frequency with a common time scale were
obtained. Then, both time series were downsampled to a 25

Hz sampling frequency in order to reduce the computational
complexity (only for the calculation of information and causal
parameters). The example of the obtained time series is
presented in Fig 1. Based on the RRi series time and
frequency domain as well as nonlinear HRV parameters were
calculated [16]. From TV signal, e.g., statistical features of
respiration rate (RespRate), relative TV (indexed by median
TV as calibration was not performed and measured impedance
signal could not be translated to ml), or inspiration/expiration
ratio were calculated. Moreover, the parameters from causal
and information domains were calculated based on both
tachogram and TV to quantify CRC, which is increasingly
recognized as an important, non-invasive indicator of the
interplay between cardiac and respiratory functions in sports
medicine, reflecting training effects, competition readiness,
and adaptations to various physical stimuli [17]. For this
purpose methods like Granger causality (GC), nonlinear GC
based on machine learning models like support vector
machines, random forests, and neural networks [18], kernel
GC [19], large-scale nonlinear GC [20], symbolic transfer
entropy (STE), conditional entropy, mutual information and
others were utilized. Demographic data regarding age, weight,
height, and BMI were also utilized. The full list of features
alongside their description is presented in the repository,
which also contains the code used for the analysis [21]. The
duration of the CPET was determined based on the length of
the cardiorespiratory recordings conducted during the test,
which was started at the very beginning of the test and
terminated when the subject was unable to continue.

* RRintervals
— Interpolated signal

0 50 100 150 200 250 300 350
Time [s]
Fig. 1. Example of the obtained RR intervals, tachogram and TV signals
based on which all utilized parameters were calculated.
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The ML modeling was performed using the
aforementioned demographic, HRV, respiratory, causal and
information domain-based parameters as input feature vectors.
As a first step, only the features with a Pearson correlation
coefficient in relation to CPET duration, that was greater than
0.2, were included in the analysis. The following regression
models were used for the prediction of the athletic
performance in terms of the duration of the CPET: Linear
Regression, Random Forest Regressor, Support Vector
Regression, Bayesian Ridge Regression, Bayesian Automatic
Relevance Determination Regression, Gradient Boosting
Regressor, Theil-Sen Regression, Huber Regressor, Multilayer
Perceptron, all with hyperparameter tuning applied. The
assessment of the prediction accuracy was performed using
mean absolute percentage error (MAPE), mean absolute error
(MAE), root mean square error (RMSE), R? score, and
Pearson correlation coefficient with leave-one-out validation
technique where each sample of the dataset was used once as
the test set while the remaining samples formed the training
set, ensuring a thorough and unbiased evaluation of the
model's predictive performance on every data point. All
metrics were calculated after the validation based on a
comparison of the prediction results obtained on the test
samples and the actual values of the test duration. In order to
investigate the influence of the individual features on the
prediction results the explainable artificial intelligence (XAI)
was applied in the form of Shapley additive explanations
(SHAP) values calculated for the test data. All analyses were
performed using Python 3.10.8.

III. RESULTS

Out of the initial 153 features, 39 were used after the feature
selection process. The best results in terms of MAPE were
obtained for the linear model with Lasso regularization with
an alpha parameter equal to 1.65 applied. The detailed results
are presented in Tab. 2. The relationship between the
predicted values and the actual CPET durations is presented in
Fig. 2.

TABLE II RESULTS OBTAINED FROM THE LEAVE-ONE-OUT
VALIDATION.
MAPE [%] MAE [s] RMSE [s] R? score Pearson R
17.4 129.1 170.3 0.52 0.74

The feature importance assessed using Shapley values
calculated on the test data is visualized in Fig 3. The most
influential feature was the mean of the standard deviations of
RRi extracted from 2-minute segments (SDNNI2), however,
also demographic data (Age and BMI) and nonlinear HRV
features had a notable influence on the prediction results. In
terms of the causal features, the greatest impact on the
prediction was observed for the value of causality from the
respiratory signal to the tachogram, assessed using the Theil-
Sen regressor (Resp>RRrsr). For the information-domain
features, it was the STE value in the same direction
(Resp—)RRSTE).
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Fig. 2. The plot of actual and predicted CPET duration. The dashed black line
represents the line of identity.
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Fig. 3. Shapley values obtained on the test data. Feature names are explained
in Appendix 1.

IV. DISCUSSION

Various cardiorespiratory features used to predict the duration
of maximal exercise tests in professional young male football
players were analyzed. The main finding is that the duration of
the CPET can be predicted based on the parameters collected
during rest in a supine position with a moderate accuracy
(MAPE of 17.4%).

In the presented setup, the higher predicted values were
obtained for older subjects with greater BMI, SDNNI2, or
Fuzzy Entropy values, while smaller SDANN2 or VHF HRV
parameters. In contrast to the results presented in [10] where
VOapeak values were predicted based on submaximal CPET the
respiratory-based features were not of primary importance in
terms of the impact on the model output. The most influential
respiratory parameter was the 25" quantile of relative TV,
high values of which indicated a smaller predicted value.
Causal/information domain-based features also appeared to be
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valuable predictors of the performance as the increase of
Resp>RRrsg was associated with the increase of predicted
test duration, while for the most influential information-
domain Resp>RRsre, the dependence was the opposite. As
features designated as Resp>RR might be interpreted as
related to the respiratory sinus arrhythmia phenomenon [12],
this suggests a relationship between athleticism and the
interplay between the cardiac and respiratory systems.

The prediction of physical performance is important for
athletes, but also for patients with cardiovascular diseases [22]
and physical task performance [23]. The clear advantage of
the presented setting is the wusage of impedance
pneumography, which is a simpler and cheaper alternative for
respiratory monitoring to sophisticated gas analyzing systems,
which require a tight-fitting face mask that disturbs the natural
airflow. The results presented in this study are similar in terms
of the obtained R? score compared to other studies that aimed
at predicting cycling performance success during race [24] or
6-minute walk test [22]. Although the obtained results are
suboptimal, the practical use would require further
improvements. It is also worth mentioning that approaches for
obtaining respiratory signals other than IP, such as airflow
measurement or ECG-driven respiration, might affect the CRC
quantification [25] and thus also warrant additional studies.
The main limitation of the study is a small number of subjects
and thus samples for the training of the machine learning
models. Moreover, the CPET was performed on a
cycloergometer, which does not reflect the primary activity
undertaken by subjects. The study was conducted only on
male subjects, which limits the generalizability of the results
to the entire population.

In conclusion, this study demonstrates the feasibility of using
a combination of cardiorespiratory features from different
modalities and machine learning to predict maximal exercise
test duration in professional adolescent male football players.
However, further research with larger sample sizes and varied
physical activities is needed to enhance the model's accuracy
and applicability.
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Abstract: Background/Objectives: This study aimed to evaluate the accuracy of machine learning
(ML) techniques in classifying pediatric individuals—cardiological patients, healthy participants,
and athletes—based on cardiorespiratory features from short-term static measurements. It also exam-
ined the impact of cardiorespiratory coupling (CRC)-related features (from causal and information
domains) on the modeling accuracy to identify a preferred cardiorespiratory feature set that could
be further explored for specialized tasks, such as monitoring training progress or diagnosing health
conditions. Methods: We utilized six self-prepared datasets that comprised various subsets of car-
diorespiratory parameters and applied several ML algorithms to classify subjects into three distinct
groups. This research also leveraged explainable artificial intelligence (XAI) techniques to interpret
model decisions and investigate feature importance. Results: The highest accuracy, over 89%, was
obtained using the dataset that included most important demographic, cardiac, respiratory, and
interrelated (causal and information) domain features. The dataset that comprised the most influential
features but without demographic data yielded the second best accuracy, equal to 85%. Incorporation
of the causal and information domain features significantly improved the classification accuracy. The
use of XAI tools further highlighted the importance of these features with respect to each individual
group. Conclusions: The integration of ML algorithms with a broad spectrum of cardiorespiratory
features provided satisfactory efficiency in classifying pediatric individuals into groups according
to their actual health status. This study underscored the potential of ML and XAI in advancing the
analysis of cardiorespiratory signals and emphasized the importance of CRC-related features. The
established set of features that appeared optimal for the classification of pediatric patients should be
further explored for their potential in assessing individual progress through training or rehabilitation.

Keywords: cardiorespiratory parameters; machine learning; causality; XAI cardiorespiratory
coupling; health status

1. Introduction

The assessment of cardiovascular function in ambulatory or field conditions (e.g., during
physical training, athletic monitoring, or routine primary care visits) has predominantly
relied on electrocardiography (ECG), a non-invasive measurement of the electrical activity
of the heart. The intervals between the consecutive R peaks from a QRS complex detected
from ECG recordings can be used to calculate the heart rate variability (HRV) parameters in
the time, frequency, and nonlinear domains, which constitute valuable markers in various
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health conditions [1-4]. Importantly, many studies emphasized the value of incorporating
respiratory data, such as the respiratory rate (RespRate), tidal volume (TV), and pulmonary
ventilation, to enhance the clinical relevance of HRV analysis [2,5-7]. Moreover, respiration
acts as a confounder for cardiovascular and cerebrovascular controls [8] and is necessary
for the assessment of the baroreflex role [9]. Recently, there has been a growing interest in
introducing new cardiorespiratory parameters, which could benefit from the diagnostic
information hidden in the interdependence and cooperation of cardiac and respiratory
systems [10]. This linkage is known as cardiorespiratory coupling (CRC), which is reflected
in phenomena like respiratory sinus arrhythmia (RSA) or baroreceptor coupling [11]. These
interdependencies can be quantified based on the HRV associated with breathing [12]
or by using parameters from the causal or information domains, which simultaneously
utilize both cardiac and respiratory signals for such quantification [13-16]. The causal
analysis of cardiorespiratory signals, mostly based on the Granger causality (GC), allows
for the identification and quantification of directional influences between the cardiac
and respiratory systems. By analyzing the temporal sequence of events, the GC can
determine whether changes in one system can improve the prediction of changes in the
other, providing insight into the interplay between both heart and lung functions. When
testing the causal influence, e.g., from the respiratory signal to the tachogram (denotated
as Resp—RR), with this method, two autoregressive models are created. The first model
predicts the current value of the tachogram based on the p defined number of past values
of this signal (Equation (1)), while the second model predicts the same current value of
the tachogram but based on the past values of the cardiological and respiratory signals
(Equation (2)):

RR(t) = Zp:A,RR(t —i)+e ©)
i=1
P P
RR(t) = Y BiRR(t—i)+ Y _ CiResp(t —i) + ¢, )
i=1 i=1

Then, the measure of the causality Resp—RR can be defined as the logarithm of the
ratio of the variances of the models’ residuals &1 and &5, as shown in Equation (3) [17]:

2
GCRESpﬂRR =1In ZT; (3

While traditional GC relies on linear modeling, more sophisticated nonlinear ap-
proaches were also developed to enable the analysis of more complex relationships [18-20].
The information domain quantification of the interdependencies between signals is mostly
based on the entropy parameters [21,22]. Both causal- and information-based parameters
are commonly applied to detect direct and indirect couplings in time series; thus, they are
also useful for CRC quantification [14,23,24]. Notwithstanding, there is a lack of literature
on the possible descriptive and diagnostic utility of such parameters.

As computational power increases and more cardiorespiratory parameters become
available, the use of machine learning (ML) tools for biomedical data analysis becomes
more popular [25]. This trend is advancing the fields of precision and individualized
medicine [26,27]. ML algorithms and wearable devices play a crucial role in these contexts,
enabling continuous monitoring of physiological signals and advanced analysis of data to
support tailored interventions [28,29]. Personalized information about a subject’s health
status, based on cardiorespiratory data, can be presented either as a continuous parameter
(corresponding to a regression problem in ML) or as discrete labels (through ML classi-
fication). To achieve precise personalization, it is essential to identify the physiological
parameters that most accurately reflect an individual’s health condition and enable dif-
ferentiation between various health statuses. Determining these key parameters enables
further tailoring of ML models for personalized insights, preferably based on data gathered
from wearable devices. Such insights enable clinicians and coaches to customize inter-
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ventions effectively and monitor progress with greater precision. Thus, determining the
most relevant features from a broad range of cardiorespiratory data is a critical first step in
enhancing diagnostic accuracy and improving individualized care. Despite ML models
achieving human-level performance across various tasks, their perception as inscrutable
“black boxes” greatly limits the understanding of their decision-making foundations, thus
undermining their broader acceptance and application in medicine [30]. To address this
issue, the use of explainable artificial intelligence (XAI) techniques has gained popularity.
These methodologies play a crucial role in enhancing the interpretability and trustwor-
thiness of ML models, thereby elevating their utility within professional settings. This
progress is crucial in bridging the gap between complex ML algorithms and real-world
applications, ensuring that their integration into various domains is both effective and
ethically responsible [31].

With the growing emphasis on personalized medicine, there is an increasing demand
for individualized assessments of health status to optimize treatment, rehabilitation, work-
outs, and intervention strategies [32-34]. For instance, CRC was recently used to determine
the optimal breathing training frequency [35]. Individualized approaches are particularly
important in pediatric populations, where only 40% of youth are currently believed to
have an optimal cardiorespiratory fitness (CRF) level, a crucial marker of physical and
mental health, as well as academic achievement [36]. Furthermore, assessing one’s health
status in terms of CRF and muscular fitness is essential for young individuals, as both
are positively associated with health-related quality of life, particularly in the physical,
psychological, and social domains in this population [37]. Moreover, higher CRF during
childhood and adolescence is associated with better cardiometabolic health parameters
later in life, emphasizing the long-term benefits of early interventions targeting CRF [38].
These factors highlight the importance of individualized assessments of health status in
pediatric populations. In this study, we made an effort to explore the capabilities of ML in
classifying the health statuses of pediatric subjects from three distinct groups. This allowed
for the identification of an optimal set of cardiorespiratory features and lay the groundwork
for further personalized modeling.

This study aimed to evaluate the accuracy of ML techniques in classifying pediatric in-
dividuals with respect to their health status—including patients with heart disease, healthy
participants, and trained athletes—based on cardiorespiratory features calculated from
short-term measurements taken under static conditions. Additionally, this study investi-
gated the importance of CRC-related features by examining their influence on modeling
accuracy, hypothesizing that these features capture unique physiological interactions be-
tween cardiac and respiratory systems, thereby introducing additional information about
the subject’s health status and improving the performance of machine learning models.
Moreover, this evaluation was performed to establish a preferred set of features that could
be used for further development in more specialized classification or regression tasks
related to assessing individual progress through training or rehabilitation or diagnosing
specific health conditions.

2. Materials and Methods
2.1. Study Design

The inclusion criteria for this study were ages between 6 and 18 years old and given
written informed consent, while the exclusion criteria were signs of infection and diagnosed
additional disorders that may affect the functioning of the autonomic nervous system.
Subjects were assigned to three distinct groups (which also served as labels for the ML
classification) according to their health status based on the following criteria:

e  Cardiac—subjects with an ongoing cardiac disease requiring hospitalization;
e  Healthy—subjects without any active heart disease, whether sedentary or recreation-
ally active subjects according to McKay classification [39];
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e  Sport—trained adolescent athletes [39,40] (soccer players) affiliated with a sports club,
with at least 3 years of training experience and regularly training ~3 times per week
with a purpose to compete.

For the cardiorespiratory data acquisition, all participants took part in ECG and
impedance pneumography (IP) recordings performed for at least 5 min at rest in the
supine position using the Pneumonitor device. This apparatus is a recently developed
and validated device for cardiorespiratory monitoring that allows for the simultaneous
acquisition of these two signals [41-44]. In the IP method, a small electrical current below
the tissue excitability threshold is applied through the application electrodes, and the
voltage response is measured across the same or an additional pair of electrodes (receiving
electrodes). As a person breathes, the air volume in the lungs changes, causing variations
in the impedance within the chest, which are measured by the IP technique.

A tetrapolar measurement using a sinusoidal current with an amplitude of up to 1 mA
and a frequency of 100 kHz, along with electrode placement configured according to [45],
was applied. Based on the findings in [46], it was presumed that such conditions allow for
linear fitting to optimally align the IP with direct breathing measurements, e.g., using a
facemask or nose cannula. Consequently, this alignment permits the IP signal to be treated
as an equivalent to the relative TV. The placement of the electrodes used for the ECG and
IP is presented in Figure 1.

Figure 1. Placement of the electrodes used for the ECG and IP measurements.

In terms of ML, the modeling parameters derived from the cardiorespiratory recordings
served as the model inputs and information about the group assignment was used as the
output. This study was approved by two ethics committees (permissions: KB/55/N02/2019,
5 June 2019 and KB/70/2021, 14 June 2021) and conducted in accordance with the Declara-
tion of Helsinki. Written informed consent forms were obtained from the legal guardians
of subjects younger than 16 years old and directly from the subjects themselves if they were
16 years or older.

2.2. Signal Processing

Both the ECG and IP were acquired with a 250 Hz sampling frequency. The raw
IP signal was filtered with a bandpass filter with cutoff frequencies of 0.05 and 0.67 Hz,
corresponding to 3 and 40 breaths per minute, respectively; thus, the respiratory signal
(Resp) was obtained. RR intervals (RRi) were extracted from the ECG signal using automatic
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detection, followed by manual correction by an experienced physician. The stationarity of
the original RRi series was confirmed using the Phillips—Perron test. Such obtained series of
RRi were interpolated using cubic interpolation in order to obtain a tachogram time series
(RR) with the same sampling as the respiratory signal (which enabled estimating causal
and information domain features based on the signals, not only beat-by-beat sequences).
Both signals were then down-sampled to 25 Hz to reduce the computational complexity
(only for the calculation of a subset of causal and information domain features). Examples
of the obtained signals are presented in Figure 2.
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Interpolated signal
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Figure 2. Examples of TV time series in the top chart and tachogram (blue line) with an individual
RRi (red dots) in the bottom chart for Healthy subject #40.

2.3. Parameters Calculation

Three types of cardiorespiratory parameters were calculated: HRV (time and frequency
domains and nonlinear), respiratory parameters, and parameters from causal and informa-
tion domains. HRV parameters were calculated using the Neurokit2 package [47], extended

134



J. Clin. Med. 2024, 13, 7353

6 of 28

with parameters from symbolic dynamics analysis [48]. From the respiratory signal, statisti-
cal characteristics, such as the RespRate, relative TV (indexed by the median TV due to the
lack of calibration and the inability to convert the measured impedance signal directly into
milliliters), and the inspiration/expiration time ratio, were derived. In terms of the causal
relationships between cardiac and respiratory signals, features were calculated using the
GC [49], the nonlincausality package with various ML models applied [18,50], the kernel
GC [20], and the large-scale nonlinear Granger causality (IsNGC) [19]. Parameters for
the information domain were mostly based on entropy analysis, but also simple statistics,
like the highest Pearson correlation coefficient between the signals for a time lag between
—1and 1s. The full list of features and their descriptions is presented in Appendix A, while
the code used for their calculation is available in the repository [51]. As a result, for each pa-
tient, a total of 157 features were calculated, including 5 demographic (age, weight, height,
sex, and body mass index), 102 cardiac, 18 respiratory, and 32 causal/information features.

2.4. Modeling

Based on the aforementioned parameters, four datasets (described further using
the prefix D) utilized as input for machine learning modeling were created according to
different types of features. Dataset D1 included demographic and cardiological features.
Dataset D2 contained the same features as D1, with the addition of respiratory features.
Dataset D3 expanded further by incorporating causal and information domain features.
Finally, dataset D4 consisted of cardiological, respiratory, causal, and information domain
features, excluding demographic data. The dataset components are presented in Table 1.

Table 1. Description of the content of each dataset based on the type of features, where “+” indicates
that the given features are included in the respective dataset.

Causal and Information

Dataset Demographic Data Cardiological Features  Respiratory Features Domain Features
D1 + +
D2 + + +
D3 + + + +
D4 + + +

Moreover, two more datasets, D5 and D6, were created based on the 35 most influential
features determined based on the Shapley values from datasets D3 and D4, respectively, in
order to simplify the ML models, potentially further increase their accuracy, and evaluate
the approach using features that most accurately reflected an individual’s health condition,
making them preferable for future studies. Features for each patient were labeled according
to their assigned group (Cardiac/Healthy/Sport). For the classification, various popular
machine learning algorithms were utilized, including Logistic Regression (also with Ridge
and Lasso regularization), Decision Tree, Support Vector Machine, Random Forest, Gra-
dient Boosting, Naive Bayes, K-Nearest Neighbors, AdaBoost, XGBoost, and multilayer
perceptron. Hyperparameter optimization was applied for each algorithm. To validate
the classification, 10-fold cross-validation was performed. In this method the dataset was
randomly divided into 10 equal-sized subsets called folds. The ML model was trained on
nine of these folds and tested on the remaining fold. This process was repeated 10 times,
each time using a different fold as the test set and the remaining folds for training. The final
model performance was then calculated as the average of the results from all 10 iterations,
providing a more robust estimate of the model’s performance by reducing the variance
associated with random sampling of the data into training and test sets.
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The following metrics were calculated: accuracy, precision, recall, F1 score, Mathew’s
correlation coefficient (MCC), and area under the curve (AUC) for each iteration on the test
set according to Equations (4)—(8):

n
Accuracy = %Z 1(9; = vi), 4)
i=1
.. TP
Precision = TP 1 FD’ 5)
TP
R =
ecall TP+ N’ (6)
T2 TP
Flscore = el 7)

2%« TP+ FN+ FP’
nx Oy 10 = vi) — Ef per f

\/(nz -k p,%) * (nz -yX t%)

where 1(x) is the indicator function, 7 is the number of samples, TP is true positive, FP is
false positive, FN is false negative, pj is the number of times class k was predicted, and t
is the number of times class k truly occurred.

The mean values of the metrics from the cross-validation were treated as a final eval-
uation of the algorithm. The confusion matrix and receiver operating curve (ROC) were
also visualized. In order to increase the training dataset and to handle class imbalance, up-
sampling using the synthetic minority oversampling technique (SMOTE) [52] was applied
to the training set at each iteration of the validation. The code used for the modeling is
presented in [51]. For each dataset, the best algorithm was determined based on the highest
accuracy value, whose results were taken for further analysis. The metrics from individual
iterations of cross-validation were compared between datasets using the pairwise Wilcoxon
signed-rank test to determine whether the inclusion of certain feature types improved the
classification performance. The assumed level of significance was 0.05. The analysis was
performed using Python 3.10.8. A full diagram of the performed analysis is presented in
Figure 3.

MCC =

®

2.5. Explainable Al

To study the significance of the different features in the machine learning models, tools
for XAl were utilized for the four datasets that obtained the best results in terms of accuracy.
The Dalex Python package was used to assess which features were the most important
for the model’s decisions using a permutation-based variable importance analysis [53].
Additionally, Shapley values were applied to understand how each feature influenced the
individual predictions, which helped to explain the model’s behavior in more detail for
individual subjects [54]. During each iteration of the cross-validation, the Shapley values
and variable importance were determined based on 30 permutation rounds, using 1-AUC
as the loss function for the test set. Following the complete cross-validation process, all the
Shapley values for each data point and feature were collated and visualized, along with the
average importance values of the variables.
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Performing 10-fold cross-
validation

A

Calculating final metrics and
XAI analysis

Figure 3. Diagram presenting the individual steps of the conducted analysis.

3. Results

A total of 135 subjects (97 male and 38 female) were included in this study. The descrip-
tive statistics of all groups are presented in Table 2. The Cardiac group consisted of patients
with the following conditions: congenital heart defect (17), cardiomyopathy/myocarditis
(8), and arrhythmia (7). The Sport group consisted of individuals with an average training
experience of 5.82 £ 1.19 years (range 3-10 years) and a mean maximal oxygen uptake of
46.55 & 4.42 mL/kg/min (range 39.4-57.9 mL/kg/min). The distributions of age, body
mass, height, and body mass index (BMI) are presented in Figure 4. The demographic
parameters of the participants were compared using the Kruskal-Wallis test, as the data
did not follow a normal distribution. Although this test indicated statistically significant
differences between the groups in terms of these parameters, they were widely overlapping.
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Assigning each individual subject to a given group based on any individual parameter was
not possible; thus, advance machine learning modeling was utilized.

Table 2. Descriptive statistics of all three study groups and the overall study population. Values are
presented as the mean =+ standard deviation and the range of the parameter in brackets.

Cardiac Healthy Sport Overall
N 29 62 m 135
Male/female 20/9 33/29 44/0 97/38
Age 13.1 £ 35 (6-17) 11.0 £ 22 (7-15) 13.3 + 1.4 (10-15) 122 + 2.6 (6-17)
Body mass [kg] 57.1 + 210 4354121 572+ 136 50.9 + 164
(23.0-95.0) (21.4-75.6) (30.0-81.8) (21.4-95.0)
Height fem] 160.4 +17.2 1512 £ 13.1 1694 + 127 159.1 + 16.0
(123-184) (123-183) (135-190) (123-190)
HR [beats /min] 728 + 133 79.4 + 102 76.9 + 15.0 772+ 128
(56.0-100.5) (60.7-100.5) (46.7-121.4) (46.7-121.4)
5.3 + 36.8 61.8 + 34.4 68.2 + 46.7 625+ 39.6
RMSSD [ms] (9.4-140.7) (13.0-162.3) (5.6-178.9) (5.6-178.9)

RespRate [breaths/min]

18.5 + 4.6 (7.9-25.4)

18.8 + 3.5 (10.7-28.5)

17.1 + 3.5 (10.2-25.8)

18.2 4+ 3.8 (7.9-28.5)

Distribution of Age by Group

Distribution of Weight by Group

16 90
80
14 4 8
70 =
B g
© 12 =3
.GZJ: % 60
? :
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Figure 4. Distributions of the demographical parameters presented as boxplots. The central green

line represents the median. Outliers, if present, are shown as individual points.

The metrics obtained for the best algorithm for each dataset alongside the upsampling
proportions are presented in Table 3. The best results in terms of all metrics with accu-
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racy equal to 89.1% were obtained for the fifth dataset, which incorporated demographic,
cardiac, respiratory, causal, and information domain features while using the Gradient
Boosting model. The selection of the most important features resulted in an improvement
in the performance, as all the metrics for D5 and D6 were superior compared with the cor-
responding D3 and D4, respectively. Dataset D6, which did not leverage the demographic
data, had an accuracy of 85.3% with the usage of the Gradient Boosting model. The violin
plots of the metrics obtained during individual iterations of the 10-fold cross-validation are
presented in Figure 5. Datasets D3 to D6 generally showed better performances across most
metrics, with D5 typically demonstrating the best overall results. D1 and D2 had lower
median values and wider distributions of metrics, indicating poorer and less consistent
performance. The pairwise comparison of the obtain metrics between datasets using the
Wilcoxon signed-rank test after cross-validation are presented in Figure 6. There was no
statistical difference between the metrics for datasets D1 and D2, while all the other datasets
had significantly better results than these two (despite the AUC for D4 compared with D2).
Moreover, D4 had a significantly smaller AUC compared with D3, D5, and D6. There was
also a significant difference in terms of the precision and F1 score between D4 and Dé. The
use of the limited datasets with the 35 most important features improved the performance,
although not statistically significantly.
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0.9 4 0.5
= 0.90
208
3
© 2 085
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<
° 0.80
0.6 4
075
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0.70
1.0 1.0
091 091
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T 0.7 2
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& £ 06+
0.6 4
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0.5
0.4 1
0.4 . " . - - .
[ D2 D3 D4 D5 D6
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0.8 4
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0.7 o
§ 06 g 074 o
4
05 “ 06 o ° °
0.4
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0.3
024 04
[ D2 D3 D4 D5 D6 D1 D2 D3 D4 D5 D6

Figure 5. Violin plots of the metric values obtained from the cross-validation for each dataset. The
metrics obtained from the individual iterations of 10-fold cross validation are presented as black dots.
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Table 3. Mean =+ standard deviation of metrics obtained from the 10-fold cross-validation for the
given ML algorithm with the applied SMOTE upsampling technique with the strategy presented as a
number of Cardiac/Healthy/Sport training samples.

D1 D2 D3 D4 D5 Dé
Accuracy [%] 68.3 8.1 72.0 £8.7 86.7 & 8.4 8314115 89.1+9.6 85.3 +10.0
AUC 832+6.7 852+ 6.5 942 +£52 90.1 £83 958 £5.7 94.1+57
Recall [%] 67.6 9.6 68.1 & 10.9 85.11+9.6 81.6 £ 11.2 88.9 +10.2 84.0+£9.9
Precision [%] 66.9 £ 12.7 70.8 £ 13.0 89.5+ 8.6 85.6 +11.3 89.6 £ 11.1 86.9 &+ 10.6
MCC 0.516 £ 0.132 0.566 + 0.140 0.801 £0.133 0.742 £ 0.180 0.835 £ 0.151 0.778 £0.152
F1 score 0.659 + 0.109 0.676 +0.114 0.856 + 0.095 0.823 £0.111 0.885 £ 0.109 0.843 £ 0.102
ML aleorithm XGBoost Logistic Gradient Gradient Gradient Gradient
8 Classifier Regression Boosting Boosting Boosting Boosting
Upsampling strategy ~ 200/200/200 200/200/150 200/200/200 200/200/200 200/200/200 200/200/200
Accuracy AUC Recall
0.002 0.012 0.007 4 PR 0.002 0.037 0.002 0.002 0.008 0.010
0.012 0.008 4 0.492 0.002 QeBivel 0.002 0.002

0.105 [eNvPaE .

0.002 . [XoPhR 0.123

0.012

0.859

0.036

0.091

0.091

0.002
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0.004
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0.008

0.004

Precision

a1 0.678 [EUXW0 0.00 0.00 0.00
8-0.678 0.008 0.010 0.010 0.0
38 0.00 0.008 0.176 | 0.833 | 0.237
a 0.00 (XK 0.176 0.161 [Ny
3 00 (AOIYN 0.833 | 0.161 0.362
8 00 0.0 0.237 0.362

D1 D2 D3 D4 D5 D6

D1

D5

D6

0.002

0.004

D1

0.401 | 0.110 0.173
0.612 [MOEEE 0.173
D2 D3 D4 D5 D6

Figure 6. p-values from the Wilcoxon signed-rank test that compared the metrics obtained for individ-

ual datasets from individual iterations of 10-fold cross-validation. p-values smaller than 0.05, indicat-
ing statistically significant difference in the metric values, are highlighted with black backgrounds.

The ROC obtained on all predicted values on test sets are presented in Figure 7 for
each group based on a one vs. all approach. The cumulative confusion matrices obtained
for each dataset after the validation based on the test sets are presented in Figure 8.
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Figure 7. ROC and AUC values obtained for each considered dataset. The dashed black line represents

the line of identity.
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Figure 8. Cumulative confusion matrices obtained by summing the confusion matrices from the test
set in each iteration of the 10-fold cross-validation for each considered dataset.

The results of the XAl analysis in terms of the Shapley values (presenting the contri-
bution of each feature to the model’s predictions for individual samples) for datasets D3
and D4 (which contained all cardiorespiratory features) are presented in Figure 9, while
D5 and D6 (which contained the most important features) are presented in Figure 10.
Permutation-based variable importance (presenting the overall impact of each feature on
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the model’s performance) is visualized in Figure 11 for D3 and D4 and in Figure 12 for
D5 and Dé6. For four analyzed datasets, some of the most influential features based on
the Shapley values were as follows: the ratio of the GC from the respiratory signal to the
tachogram (Resp—RR) by the GC from the tachogram to the respiratory signal (RR—Resp),
the highest values of the Pearson correlation coefficient between the respiratory and cardiac
signals for a lag between —1 and 1 s (CorrCoef), sNGC RR—Resp, and GC RR—Resp.
These features were also indicated as the most influential in the permutation-based variable
importance analysis for distinguishing between the individuals from the Healthy and Sport
groups (besides CorrCoef for dataset D5). In terms of distinguishing between the Cardiac
and other groups, this analysis revealed that the CorrCoef and IsSNGC RR—Resp features
had the biggest impacts.
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Figure 9. Shapley values obtained for the test data from the cross-validation for D3 (on the left) and
D4 (on the right). The horizontal axis represents the SHAP value, which reflects the impact of each
feature on the model’s output. The vertical axis lists the features in order of importance, with the
most influential features at the top. The color of each dot represents the feature value for each data
point: red dots correspond to high feature values, while blue dots correspond to low feature values.
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Figure 10. Shapley values obtained for the test data from the cross-validation for D5 (on the left) and
D6 (on the right). The horizontal axis represents the SHAP value, which reflects the impact of each
feature on the model’s output. The vertical axis lists the features in order of importance, with the
most influential features at the top. The color of each dot represents the feature value for each data
point: red dots correspond to high feature values, while blue dots correspond to low feature values.
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Figure 11. The mean values of dropout-loss variable importance are presented as bar plots with the
standard deviation (red solid lines) for each class separately with a one vs. all approach applied
for its calculations. The mean and standard deviation were calculated from the values of variable
importance obtained at each iteration of the 10-fold cross-validation. The results for D3 are presented
on the left and for D4 on the right.
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Figure 12. The mean values of the dropout-loss variable importance are presented as bar plots with
the standard deviation (red solid lines) for each class separately with a one vs. all approach applied
for its calculations. The mean and standard deviation were calculated from the values of variable
importance obtained at each iteration of the 10-fold cross-validation. The results for D5 are presented
on the left and for D6 on the right.

4. Discussion

We present the classification of young individuals into three distinct groups (Cardiac,
Healthy, and Sport) based on cardiorespiratory parameters obtained from 5 min (rest,
supine) measurements during spontaneous breathing using ML algorithms. The findings
suggest that the integration of diverse cardiorespiratory parameters, including cardiac,
respiratory, and causal/information domain features, significantly improved the accuracy
and robustness of classification performance. Dataset D5, which incorporated the most
influential parameters from all feature types, demonstrated superior performance across
various metrics, including accuracy, recall, precision, AUC, MCC, and F1 score, as well as
in terms of the shape of the ROC curves. The results obtained for D6 were similar in terms
of most metrics, while it did not leverage the demographic information.

The high accuracy and other favorable metrics observed in the D5 dataset highlight
the effectiveness of this approach in distinguishing between physiological profiles within
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classified groups. Moreover, in the case of misclassification, the Sport subjects were more
often labeled as Healthy rather than Cardiac, and the Cardiac patients were more frequently
mislabeled as Healthy rather than Sport subjects. This suggests a greater difference be-
tween the Cardiac and Sport groups in the feature space, with the Healthy group being
somewhere in between, likely closer to the Sport group, as the Healthy subjects were
mostly misclassified as Sport individuals. As also suggested in the previous work [55], the
inclusion of causal and information domain features significantly improved the predictive
models. The imperfect separation of the groups might have been due to changes in the
cardiac and respiratory parameters that varied not only with the health status but also with
age [56], which made it harder to distinguish the subjects between groups. Additionally,
the heterogeneity of health issues in the Cardiac group could also negatively impact the
accuracy, as different issues might be characterized by distinct cardiorespiratory profiles.

The observed improvement of classification for datasets containing causal and infor-
mation features seems to support the initial hypothesis that cardiorespiratory interdepen-
dencies provide valuable diagnostic insights. This may be attributed to the additional
information about the health status provided by the CRC, particularly the RSA phenomenon
in which the change in the heart rate is caused by breathing with shortening of the RRi
during the inhale and extension during the exhale [57]. Based on the HRV, information
about the influence (in the causal sense) of respiration on the cardiac system might be
obtained (primarily through frequency domain parameters) [58], although only taking into
account the respiratory signal allowed for the full picture of the RSA to be captured. Exist-
ing literature seems to support the claim regarding the relevance of information related to
CRC, as studies demonstrated that CRC plays an important role in sports medicine [10,59],
e.g., allowing for differentiation between athletes and non-athletes [60], as an early marker
of cardiac autonomic dysfunction in type 2 diabetes mellitus patients [61] and in research
on obstructive sleep apnea [62,63].

The implementation of XAI tools confirmed that the inclusion of causal features was
beneficial for the prediction accuracy, as some of them had a meaningful impact on the
model output, both in terms of the Shapley values and permutation-based variable im-
portance. Features related to RR—Resp causality had a bigger impact on the model than
Resp—RR, which might seem contradictory to the RSA, which may be explained by the
fact that the local maxima of the tachogram might occur before the local maxima of the
respiratory signal [13,64], as well as physiological bidirectional character of interdepen-
dencies between the RR and TV signals [65]. This observation highlights the importance
of interpreting causal and information domain features in the context of the underlying
data and with respect to the domain knowledge. It is also noteworthy that, although the
most influential causal domain features tended to be related to the traditional GC, nonlin-
ear approaches, like ISNGC, were also among the most important parameters, indicating
the complexity of the CRC phenomenon. The greater impact of linear features may be
attributed to the static measurement conditions without introducing any interventions
that could further emphasize the nonlinear relationships. It is also worth mentioning
that despite the strong influence of demographic parameters on the model output and
their statistical difference between the groups, dataset D6 provided satisfying results that
reached over 85% accuracy based solely on features calculated from the cardiorespiratory
signals without any information about the subjects” demography. This allowed for the
utilization of the method without the need for additional measurements of weight and
height or knowledge about the subject’s age.

The utilization of ML algorithms with cardiorespiratory data in cardiology, pul-
monology, and sports medicine has gained popularity in recent years [52,63-66]. The
application of ML algorithms has been found useful in terms of coronary heart disease
risk prediction [66], classifying exercise limitation severity [67], identifying integrative car-
diopulmonary exercise test (CPET) profiles [68], the prediction of CRF in terms of the peak
oxygen consumption [55], and central apnea detection in premature infants [69]. Despite
the widespread application of ML in medicine, the integration of CRC-related features
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remains underexplored, with only a minority of studies incorporating these features [69].
In this study, we demonstrated that CRC-related features significantly improved the per-
formance of the models, highlighting a gap in the literature and presenting a valuable
opportunity for future research to further explore the role of CRC in various clinical and
athletic contexts, as well as its impact on predictive modeling performance.

Moreover, the presented results demonstrate the potential of leveraging the ML-
assisted evaluation of the health status based on static cardiorespiratory recordings. Such
evaluation, which can be widely accessible due to the simplicity of the measurement
process; the lack of need for advanced apparatus, like gas analyzers; and the absence of
contraindications (as in the case of CPET [70]), is particularly valuable in areas such as pedi-
atric heart transplantation [71], assessment of cardiovascular disease risk in adulthood [72],
the monitoring of the cardiac rehabilitation progress [73], the timely identification of patho-
logical conditions prior to sports events [74], and optimizing the training load and avoid
overtraining [75]. Health status assessments are especially challenging in the pediatric
population due to changes in cardiac and respiratory functions during maturation [76,77].
What is more, the interpretation of multiple cardiac, respiratory, and causal parameters
might be challenging for the physician due to their multitude. Therefore, ML tools can
simplify the data and provide an output in the form of a new, more interpretable parame-
ter. The improvement in ML performance observed for datasets that contained only the
35 most important features, compared with the corresponding datasets with all cardiorespi-
ratory features, although not statistically significant, highlighted the need for research into
identifying the optimal parameter set that would provide the highest diagnostic value.

Models developed in this study, although of the general purpose, could be potentially
useful for initial patient screening. Foremost, they could be further personalized and
specialized, e.g., based on systematically conducted measurements during training camps
or rehabilitation processes with the training/rehabilitation outcome as model targets. After
further development for the specific use case, the presented method, integrating various
easily accessible cardiorespiratory features and machine learning, would be especially
helpful in clinical practice by providing more personalized and precise health assessments.
Specifically, it could aid in cardiac rehabilitation by offering a non-invasive, monitoring
solution that leverages not only the typically used cardiological parameters (like linear HRV
ones), but a broad range of cardiorespiratory features, including nonlinear CRC parameters
and machine learning models to track patient progress through the rehabilitation process.
The method’s ability to classify individuals based on their cardiorespiratory signals could
also improve the early detection of potential health issues, enabling timely interventions
and more tailored rehabilitation strategies.

Additionally, its application could extend to optimizing training loads in athletes.
The ML-assisted parametrization of cardiorespiratory data based on the presented ap-
proach would allow coaches and sports physicians to closely monitor athletes” adaptation
to training, ensuring they do not exceed their physiological limits and reducing the risk
of overtraining or injury. In broader healthcare contexts, this method could be applied
to monitor post-operative recovery, where the continuous, non-invasive tracking of car-
diorespiratory functions could help detect complications early, such as signs of respiratory
distress or cardiovascular instability. However, further studies and model training are
needed to optimize the method’s predictive power and ensure its accuracy and reliability
in those clinical applications.

The limitation of this study was the absence of female subjects in the Sport group, as
well as variations in the group sample sizes and demographic parameters, along with the
heterogeneity of health issues in the Cardiac group, all of which might have negatively im-
pacted the performance of the ML models. Including patients with arrhythmias could also
be seen as a potential limitation. These patients may experience paroxysmal arrhythmias,
and the cardiorespiratory parameters measured outside of an arrhythmia episode might
not differ significantly from those of healthy subjects. However, the condition itself could
indirectly impact the cardiorespiratory profile through lifestyle changes, such as avoiding
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physical exercise. A larger sample size with an equal distribution of demographic parame-
ters and increased within-group homogeneity would be beneficial from the perspective of
training the machine learning models. Moreover, the fact that subjects in the Sport group
only practiced a single sport discipline could also be considered a limitation.

As a result of this study, we not only trained classification models for multiple health
conditions that may be useful for initial patient screening but also highlighted the signifi-
cance of causal and information domain parameters related to CRC and identified a subset
of cardiorespiratory features that could be further explored. Our study demonstrated that
expanding the most commonly used HRV parameters with respiratory and CRC data could
lead to improved subject profiling. These findings have the potential to be leveraged in
predictive modeling to monitor parameter trends in individual progress during training or
rehabilitation, as well as in the context of CRF and specific cardiac conditions. However,
additional research is necessary to further explore these applications.

5. Conclusions

This study demonstrated the utilization of ML algorithms with a wide variety of
cardiorespiratory features in the classification of pediatric individuals into three groups
based on their health statuses while identifying the optimal set of cardiorespiratory features
with potential for further use in personalized medical modeling. The results also empha-
size the value of including causal and information domain features in the assessment of
individuals” health statuses, as these features allowed for significant improvement of the
classification accuracy.
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Abbreviations

The following abbreviations are used in this manuscript:

AUC Area under the curve

BMI Body mass index

CRC Cardiorespiratory coupling
CRF Cardiorespiratory fitness
CPET Cardiopulmonary exercise test
ECG Electrocardiography

GC Granger causality

HRV Heart rate variability

149



J. Clin. Med. 2024, 13, 7353

21 of 28

i Impedance pneumography

IsNGC Large-scale nonlinear Granger causality
MCC Mathew’s correlation coefficient

ML Machine learning

Resp Respiratory signal

RespRate  Respiratory rate

ROC Receiver operating curve

RR Tachogram time series

RRi RR intervals

RSA Respiratory sinus arrhythmia

SMOTE Synthetic minority oversampling technique
TV Tidal volume

XAI Explainable artificial intelligence
Appendix A

Full list of features used in this study and their descriptions [18-20,47-50,78-81].
Demography

Sex

Age

Weight

Height

BMLI: Body mass index

Cardiac

e  MeanNN: The mean of the RR intervals.

e  SDNN: The standard deviation of the RR intervals.

e SDANNTI: The standard deviation of average RR intervals extracted from 1-min
segments of time series data.

e  SDNNII: The mean of the standard deviations of RR intervals extracted from 1-min
segments of time series data.

e  RMSSD: The square root of the mean of the squared successive differences between
adjacent RR intervals.

e  SDSD: The standard deviation of the successive differences between RR intervals.

e  CVNN: The standard deviation of the RR intervals (SDNN) divided by the mean of
the RR intervals (MeanNN).

e CVSD: The root mean square of successive differences (RMSSD) divided by the mean
of the RR intervals (MeanNN).

e  MedianNN: The median of the RR intervals.

e  MadNN: The median absolute deviation of the RR intervals.

e MCVNN: The median absolute deviation of the RR intervals (MadNN) divided by the
median of the RR intervals (MedianNN).

e IQRNN: The interquartile range (IQR) of the RR intervals.

e  SDRMSSD: SDNN/RMSSD, a time-domain equivalent for the low Frequency-to-High
Frequency (LF/HF) Ratio.

e Prc20NN: The 20th percentile of the RR intervals.

e Prc80NN: The 80th percentile of the RR intervals.

e pNNb50: The proportion of RR intervals greater than 50 ms, out of the total number of
RR intervals.

e pNN20: The proportion of RR intervals greater than 20 ms, out of the total number of
RR intervals.

e  MinNN: The minimum of the RR intervals.

e  MaxNN: The maximum of the RR intervals.

e  HTL: The HRV triangular index, measuring the total number of RR intervals divided
by the height of the RR intervals histogram.
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TINN: The baseline width of the RR intervals distribution obtained by
triangular interpolation.

VLE: The spectral power of very low frequencies (0.0033 to 0.04 Hz).

LF: The spectral power of low frequencies (0.04 to 0.15 Hz).

HEF: The spectral power of high frequencies (0.15 to 0.4 Hz).

VHE: The spectral power of very high frequencies (0.4 to 0.5 Hz).

TP: The total spectral power.

LFHEF: The ratio obtained by dividing the low frequency power by the high
frequency power.

LFn: The normalized low frequency, obtained by dividing the low frequency power
by the total power.

HFn: The normalized high frequency, obtained by dividing the low frequency power
by the total power.

LnHEF: The log transformed HF.

SD1: Standard deviation perpendicular to the line of identity.

SD2: Standard deviation along the identity line. Index of long-term HRV changes.
SD1SD2: ratio of SD1 to SD2.

S: Area of ellipse described by SD1 and SD2 (pi * SD1 * SD2).

CSI: The Cardiac Sympathetic Index calculated by dividing the longitudinal variability
of the Poincaré plot (4*SD2) by its transverse variability (4*SD1).

CVI: The Cardiac Vagal Index equal to the logarithm of the product of longitudinal
(4*SD2) and transverse variability (4*SD1).

CSI_Modified: The modified CSI obtained by dividing the square of the longitudinal
variability by its transverse variability.

GI: Guzik’s Index.

SI: Slope Index.

AI: Area Index.

PI: Porta’s Index.

SD1d and SD1a: short-term variance of contributions of decelerations (prolongations
of RR intervals) and accelerations (shortenings of RR intervals), respectively.

C1d and Cla: the contributions of heart rate decelerations and accelerations to short-
term HRYV, respectively.

SD2d and SD2a: long-term variance of contributions of decelerations (prolongations
of RR intervals) and accelerations (shortenings of RR intervals), respectively.

C2d and C2a: the contributions of heart rate decelerations and accelerations to long-
term HRYV, respectively.

SDNNd and SDNNa: total variance of contributions of decelerations (prolongations
of RR intervals) and accelerations (shortenings of RR intervals), respectively.

Cd and Ca: the total contributions of heart rate decelerations and accelerations to HRV.
PIP: Percentage of inflection points of the RR intervals series.

IALS: Inverse of the average length of the acceleration/deceleration segments.

PSS: Percentage of short segments.

PAS: Percentage of NN intervals in alternation segments.

DFA _alphal: The monofractal detrended fluctuation analysis of the HR signal, corre-
sponding to short-term correlations.

DFA _alpha2: The monofractal detrended fluctuation analysis of the HR signal, corre-
sponding to long-term correlations.

MEFDFA _alphal_Width, MFDFA _alphal_Peak, MFDFA_alphal_Mean, MFDFA _alphal_Max,
MFDFA _alphal_Delta, MFDFA_alphal_Asymmetry, MFDFA _alphal_Fluctuation,
MFDFA_alphal_Increment, MFDFA_alpha2_Width, MFDFA_alpha2_Peak,
MFDFA_alpha2_Mean, MFDFA _alpha2_Max, MFDFA _alpha2_Delta,
MFDFA _alpha2_Asymmetry, MFDFA _alpha2_Fluctuation, MFDFA _alpha2_Increment:
Indices related to the Multifractal Detrended Fluctuation Analysis.

ApEn: Approximate entropy.
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SampEn: Sample entropy.

ShanEn: Shannon entropy.

FuzzyEn: Fuzzy entropy.

MSEn: Multiscale entropy.

CMSEn: Composite Multiscale entropy.

RCMSEn: Refined Composite Multiscale entropy.

CD: Correlation Dimension.

HFD: Higuchi’s Fractal Dimension.

KFD: Katz’s Fractal Dimension.

LZC: Lempel-Ziv Complexity.

SymDynMaxMin_0V: Percentage of words in the Max—min method that fall into the
0V family, representing sequences where all three consecutive symbols are equal. This
method uses six levels of uniform quantization.

SymDynMaxMin_1V: Percentage of words in the Max-min method that fall into the
1V family, which includes sequences with only one variation among three consecutive
symbols.

SymDynMaxMin_2LV: Percentage of words in the Max—min method that fall into the
2LV family, representing sequences with two variations in the same direction, forming
an increasing or decreasing sequence.

SymDynMaxMin_2UV: Percentage of words in the Max-min method that fall into the
20UV family, where symbols vary two times in opposite directions, forming a peak or
a valley.

SymDynSigma_0V: Percentage of words in the 0 method that fall into the 0V family.
The o method uses three levels defined by the signal average and its variations shifted
up and down by a set factor.

SymDynSigma_1V: Percentage of words in the o method that fall into the 1V family.
SymDynSigma_2LV: Percentage of words in the o method that fall into the 2LV family.
SymDynSigma_2UV: Percentage of words in the o method that fall into the 2UV family.
SymDynEqualPorba4_0V: Percentage of words using the Equal-probability method
with four quantization levels (q = 4) that fall into the 0V family.
SymDynEqualPorba4_1V: Percentage of words using the Equal-probability method
with four quantization levels that fall into the 1V family.

SymDynEqualPorba4_2LV: Percentage of words using the Equal-probability method
with four quantization levels that fall into the 2LV family.
SymDynEqualPorba4_2UV: Percentage of words using the Equal-probability method
with four quantization levels that fall into the 2UV family.
SymDynEqualPorba6_0V: Percentage of words using the Equal-probability method
with six quantization levels (q = 6) that fall into the 0V family.
SymDynEqualPorba6_1V: Percentage of words using the Equal-probability method
with six quantization levels that fall into the 1V family.

SymDynEqualPorba6_2LV: Percentage of words using the Equal-probability method
with six quantization levels that fall into the 2LV family.

SymDynEqualPorba6_2UV: Percentage of words using the Equal-probability method
with six quantization levels that fall into the 2UV family.

Respiratory

RespRate: respiratory rate.

Std_inst_resp_rate: Standard deviation of instantaneous respiratory rate.
Min_inst_resp_rate: minimal value of instantaneous respiratory rate.
Max_inst_resp_rate: maximal value of instantaneous respiratory rate.
Mean_insp_time: mean inspiration time.

Min_insp_time: minimal inspiration time.

Max_insp_time: maximal inspiration time.

Std_insp_time: standard deviation of inspiration time.
Mean_exp_time:mean expiration time.
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Min_exp_time: minimal expiration time.

Max_exp_time: maximal expiration time.

Std_exp_time: standard deviation of expiration time.

TV_std: standard deviation of tidal volume normalized by median tidal volume.
TV_q25: 25th quantile of tidal volume normalized by median tidal volume.
TV_q75: 75th quantile of tidal volume normalized by median tidal volume.
TV_skew: skewness of tidal volume normalized by median tidal volume.
TV_kurtosis: kurtosis of tidal volume normalized by median tidal volume.
IE_ratio_mean: mean inspiration/expiration ratio.

Causal/Information

GC_RR_Resp: Granger causality from tachogram to respiratory signal.
GC_Resp_RR: Granger causality from respiratory signal to tachogram.
STE_RR_Resp: Symbolic transfer entropy from tachogram to respiratory signal.
STE_Resp_RR: Symbolic transfer entropy from respiratory signal to tachogram.
Resp_RR_SVR: Granger causality from respiratory signal to tachogram calculated
using Support Vector Regression (SVR).

RR_Resp_SVR: Granger causality from tachogram to respiratory signal calculated
using Support Vector Regression (SVR).

Resp_RR_BayesianRidge: Granger causality from respiratory signal to tachogram
calculated using Bayesian Ridge Regression.

KGC_Resp_RR: Granger causality from respiratory signal to tachogram calculated
using Kernel Granger Causality (KGC).

KGC_RR_Resp: Granger causality from Tachogram to respiratory signal calculated
using Kernel Granger Causality (KGC).

RR_Resp_GradientBoostingRegressor: Granger causality from tachogram to respira-
tory signal calculated using Gradient Boosting Regressor.
Resp_RR_GradientBoostingRegressor: Granger causality from respiratory signal to
tachogram calculated using Gradient Boosting Regressor.
RR_Resp_TheilSenRegressor: Granger causality from tachogram to respiratory signal
calculated using Theil-Sen Regressor.

Resp_RR_TheilSenRegressor: Granger causality from respiratory signal to tachogram
calculated using Theil-Sen Regressor.

RR_Resp_ARDRegression: Granger causality from tachogram to respiratory signal
calculated using Automatic Relevance Determination (ARD) Regression.
Resp_RR_ARDRegression: Granger causality from respiratory signal to tachogram
calculated using Automatic Relevance Determination (ARD) Regression.
RR_Resp_RandomForestRegressor: Granger causality from tachogram to respiratory
signal calculated using Random Forest Regression.
Resp_RR_RandomForestRegressor: Granger causality from respiratory signal to
tachogram calculated using Random Forest Regression.

IsNGC_RR_Resp: Large scale-nonlinear Granger causality from tachogram to respira-
tory signal.

IsNGC_Resp_RR: Large scale-nonlinear Granger causality from respiratory signal
to tachogram.

Corr_coef: Highest values of the Pearson correlation coefficient between respiratory
and cardiac signals for lag between —1 and 1s.

Corr_lag: Value of the lag for which the highest Pearson correlation coefficient
was obtained.

MI: Mutual information.

AI: Active information.

Block_En: Block entropy.

Cond_En: Conditional entropy.

En_rate: Entropy rate.

Trans_En: Transfer entropy
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Perm_En: Permutation entropy.

KGC_ratio: ratio of KGC_Resp_RR and KGC_RR_Resp.
GC_ratio: ratio of GC_Resp_RR and GC_RR_Resp.
STE_ratiols: ratio of STE_Resp_RR and STE_RR_Resp.

IsNGC _ratio: ratio of IsNGC_Resp_RR and IsSNGC_RR_Resp.
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