RADA NAUKOWA DYSCYPLINY INFORMATYKA TECHNICZNA I
TELEKOMUNIKACJA

ROZPRAWA DOKTORSKA

mgr inz. Krzysztof Patczynski

Badania algorytmow sztucznej inteligenciji i ich
odpowiednich modyfikacji w procesie modelowania
komorek biologicznych oraz wykrywania wybranych
choradb onkologicznych i kardiologicznych

Research on artificial intelligence algorithms and their appropriate
modifications in the process of modelling biological cells and detecting
selected oncological and cardiological diseases

DZIEDZINA: INZYNIERYJNO-TECHNICZNA
DYSCYPLINA: INFORMATYKA TECHNICZNA I TELEKOMUNIKACJA
PROMOTOR PRACY
dr hab. inz. Tomasz Talaska, prof. PBS
PROMOTOR POMOCNICZY
dr inz. Tomasz Marciniak, prof. PBS

Bydgoszcz, rok 2024



Podzi¢gkowania

Chciatbym podziekowacé promotorowi dr hab. inZ. Tomaszowi Talasce
oraz promotorowi pomocniczemu dr inz. Tomaszowi Marciniakowi
za nieocenione wsparcie, celne uwagi i owocng wspotprace.

Drzigkuje serdecznie rowniez prof. dr hab. inZ. Piotrowi Cofcie
za pomoc w znalezieniu drogi do celu, cierpliwos¢ oraz
krzewienie ognia pasji naukowej.

Drzigkuje serdecznie takze prof. dr hab. inz. Dariuszowi Skibickiemu
za wsparcie w realizacji doktoratu, mozliwos¢ konsultacji
oraz ludzkq zyczliwosé.

Sktadam rowniez serdeczne podzigkowania dla wszystkich osob,
ktore przyczynity sie do powstania mojej pracy doktorskiej.

Osobne, niemniej wazne, podzigkowania sktadam mojej rodzinie,
bez ktorej nie bytoby mnie tutaj.



Spis tresci:

1. Wykaz artykutow naukowych stanowigcych monotematyczny cykl publikadii............. 4
2. Krotkie wyjasnienie spojnosci dla monotematycznego cyklu publikagji ....................... 6
I T ] ] 7
3.1 Hipoteza badawcza, cel i zakres badan ............ceveeereeerieeiieiiieeiieenieeineeiieeieeeeeieeeeeeeeeseeeenee 10
4. Metody badan i wyniki modelowania komorek biologicznych.......................cceeee..... 12
4.1 Opracowanie sposobu modelowania komorek biologicznych ..........cccueeerreereeeireeneeeneeeineennens 12
4.2 Algorytmy sztucznej inteligeNnCji......ccveeiiiiiiiiiiimniiiiiiiiiiiiiiiieiieisseenae 18
4.3 Wstepne przetwarzanie wektorow parametryzujacych symulacje ........ceeeeereeereeereeeeeecineennens 22
4.4 Zamodelowane szlaki Metaboliczne............uuuuueeeeeeeeemeemeieeieeeeeeeeeeetreereeeteeerreereeereeere e 23

5. Metodyka badan w procesie wspomagania wykrywania wybranych choréb

onkologicznych i kardiologiCZNYCh .............ccoueeeueeiiiirieeeeniiiiiiirnesiiissrinssnssssssinsssnassssssssennones 43
5.1 Wykrywanie Ostrej Biataczki Limfoblastycznej..........cccceriiirrmnnniiiiiiiiiinnnnnniniinniinnnennn, 43
5.2 Wykrywanie wybranych choréb serca na podstawie analizy sygnatéw EKG .............ccceeeeeeeee 50

6. PodSUMOWGANIE | WINIOSKi....eeuuuueeeeeeiiiiiiiiieirrerieiiiniieeiisiissiisississssssssssssssssesssssssssssnnns 55

A 1 1= s 1 {7 ¢« 57

8. STRESZCZENIE .......cccuuuuueeeeeeeniiiiirnenresenessessssssssssssssiisssssssssssssssssssssssssssssssssssssssssssses 63

L 1 LY 1 7 U o 64

10. Oswiadczenie Autora rozprawy doKtorsKi€j .........cccceeeeeevvvvveeuniiisnsnennnsscsssnnnnnesssssnnennns 65

11. Oswiadczenia wspotautorow artykutow NnAukOWYCh.............eeeeeevvvvveneeiisirnnneesssssnnnnnns 71

12. Kopie artykutow naukowych stanowigcych monotematyczny cykl publikadji .............. 88



1. Wykaz artykulow naukowych stanowigcych monotematyczny cykl
publikacji

Lp. Autorzy/Tytul/ Czasopismo Liczba | Wspot
pkt. IF

P1 | Sylwester Kloska, Krzysztof Palczynski, Tomasz Marciniak, 200 6,9
Tomasz Talaska, Marissa Nitz, Beata Wysocka, Paul Davis,
Tadeusz Wysocki, Queueing theory model of Krebs Cycle,
2021, Bioinformatics, 37, 18, 2912-2919,
10.1093/bioinformatics/btab177

P2 | Sylwester Kloska, Krzysztof Palczynski, Tomasz Marciniak, 140 49
Tomasz Talaska, Marissa Miller, Beata Wysocka, Paul Davis,
Tadeusz Wysocki, Queueing theory model of pentose phosphate
pathway, 2022, Scientific Reports, 12, 1, 10.1038/s41598-022-
08463-y

P3 | Sylwester Kloska, Krzysztof Palczynski, Tomasz Marciniak, 70 3,7
Tomasz Talaska, Marissa Miller, Beata Wysocka, Paul Davis,
Tadeusz Wysocki, Conversion of fat to cellular fuel-Fatty acids
beta-oxidation model, 2023, Computational Biology and
Chemistry, 104, 10.1016/j.compbiolchem.2023.107860

P4 | Sylwester Kloska, Krzysztof Palczynski, Tomasz Marciniak, 100 3,7
Tomasz Talaska, Marissa Miller, Beata Wysocka, Paul Davis,
Ghada Soliman, Tadeusz Wysocki, Queueing theory model of
mTOR complexes’ impact on Akt-mediated adipocytes response to
insulin, PLoS One, 2022, 17, 12, 10.1371/journal.pone.0279573

P5 | Sylwester Kloska, Krzysztof Palczynski, Tomasz Marciniak, 140 49
Tomasz Talaska, Beata Wysocka, Paul Davis, Tadeusz Wysocki,
Integrating glycolysis, citric acid cycle, pentose phosphate
pathway, and fatty acid beta-oxidation into a single computational
model, Scientific Reports, 2023, 13, 1, 10.1038/s41598-023-41765-
3

P6 | Krzysztof Palczvnski, Sandra Smigiel, Marta Gackowska, Damian 100 3,7
Ledzinski, Stawomir Bujnowski, Zbigniew Lutowski, loT
application of transfer learning in hybrid artificial intelligence

systems for acute lymphoblastic leukemia classification, Sensors,
2021, 21, 23, 10.3390/s21238025

P7 | Krzysztof Palczynski, Damian Ledzinski, Tomasz Andrysiak, 100 2,7
Entropy ~ Measurements  for  Leukocytes’  Surrounding
Informativeness Evaluation for Acute Lymphoblastic Leukemia

Classification, Entropy, 2022, 21, 11, 10.3390/e24111560

P8 | Sandra Smigiel, Krzysztof Palczynski, Damian Ledzinski, ECG 100 2,7
signal classification using deep learning techniques based on the
PTB-XL dataset, Entropy, 2021, 23, 9, 10.3390/e23091121




P9

Sandra Smigiel, Krzysztof Palczynski, Damian Ledzifiski, Deep
learning techniques in the classification of ECG signals using R-
peak detection based on the PTB-XL dataset, Sensors, 2021, 21, 24,

10.3390/s21248174

100 3,7

P10

Krzysztof Palczynski, Sandra Smigiel, Damian Ledzinski,
Stawomir Bujnowski, Study of the few-shot learning for ECG
classification based on the PTB-XL dataset, Sensors, 2022, 22, 3,

10.3390/s22030904

100 3,7

Lacznie: | 1150 40,6

Wykaz upublicznionych repozytorium kodu z efektami prac

Nr.

Artykut

Link

1

Queueing theory model of Krebs Cycle
[P1]

https://github.com/UTP-
WTIE/KrebsCycleUsingQueueingTheory

Queueing theory model of pentose
phosphate pathway [P2]

https://github.com/UTP-
WTIE/PPPQueueingTheory

Conversion of fat to cellular fuel-Fatty
acids beta-oxidation model [P3]

https://github.com/UTP-
WTIiE/FattyAcidsOxidation

Queueing theory model of mTOR
complexes’ impact on Akt-mediated
adipocytes response to insulin [P4]

https://github.com/UTP-
WTIE/IrsMtorcQueuesSimulation

Integrating glycolysis, citric acid cycle,
pentose phosphate pathway, and fatty acid
beta-oxidation into a single
computational model [P5]

https://github.com/UTP-
WTIE/CellEnergyMetabolismModel




2. Krotkie wyjasnienie spojnosci dla monotematycznego cyklu publikacji

Tematyka rozprawy doktorskiej zwigzana jest z badaniami algorytmoéw sztucznej
inteligencji (ASI), ktére wykorzystane byly w procesie modelowania komorek biologicznych
oraz wykrywania wybranych choréb onkologicznych i kardiologicznych. Badania poprzedzone
byly szeroka analiza literatury, doborem odpowiednich algorytméw, a nastepnie
ich odpowiednim modyfikacjom. Dodatkowo, w kazdym przypadku, wykonano wstepne
przetwarzanie wektorow uczacych, co bezposrednio wplyneto na poprawe interpretacji danych
uczacych, a w konsekwencji na poprawe uzyskanych wynikow.

Modyfikacje ASI pozwolity na opracowanie nowatorskiej odmiany algorytmu
genetycznego, wielomodalnych sieci neuronowych oraz sieci hybrydowych. Wszystkie
te dzialania byly realizowane pod katem rozwigzywania zadan z zakresu szeroko rozumianej
medycyny.

W pracach P1-P5 przedstawiono modelowanie proceséw metabolicznych wystepujacych
w  komorkach biologicznych. Modele wykorzystywaty tzw. Teori¢ Kolejek.
Zaimplementowane, a nast¢pnie przebadane zostaly one za pomoca zmodyfikowanego
algorytmu  genetycznego po odpowiednim, wstgpnym przetwarzaniu =~ wektoréw
parametryzujacych dane modele.

Proces wspomagania wykrywania: ostrej biataczki limfoblastycznej zostat przedstawiony
w pracach P6-P7, natomiast wybranych choréb kardiologicznych na podstawie analizy sygnatu
EKG w pracach P8-P10. W pracach tych, w efekcie zastosowania wstgpnego przetwarzania
wektorow uczacych, uzyskano modele o wyzszej doktadnosci klasyfikacji, przy jednoczesnie
mniejszej zlozonos$ci obliczeniowe.

Prace w ramach prac PI-P5 prowadzone byly w ramach grantu NCN
nr UMO-2019/33/B/ST6/00875, gdzie Autor niniejszej rozprawy byl osoba odpowiedzialng
za czg¢$¢ informatyczng projektu i odpowiednie przygotowanie modeli z wykorzystaniem
zmodyfikowanych algorytméw sztucznej inteligencji, po wcze$niejszym odpowiednim
przetworzeniu wzorcoOw uczacych. Efektem tych prac bylo opracowanie modeli, ktore
w przysztosci moga utatwic¢ i wspomoc wezesne wykrywanie takich schorzen, jak np. otytos¢,
cukrzyca, czy nawet nowotwory.



3. Wstep

Medycyna jest dziedzing nauki stawiajaca wiele wyzwan. Do najwazniejszych zaliczy¢
mozemy: szybkie wykrywanie roznych chordb (szczegolnie onkologicznych, kardiologicznych
1 genetycznych), opracowanie sposobu ich szybkiego i bezbolesnego leczenia, itp. Waznym
wyzwaniem medycyny jest takze proba modelowania zachowania pracy komorek
biologicznych, tak aby w przyszio$ci mozna bylo nie tylko leczy¢ pacjentdéw, ale przede
wszystkim odpowiednio szybko zapobiega¢ rdéznym groznym chorobom cywilizacyjnym
(np. nowotworom, cukrzycy, otytosci, itp.). Wyzwan stawianych przed medycyna jest jednak
o wiele wiecej 1 z dnia na dzien pojawiaja si¢ nowe. Rozwigzanie kazdego z nich jest bardzo
wazne 1 cenne dla ludzi, niestety jednocze$nie bardzo czgsto zwigzane jest z konieczno$cig
rozwigzania innych problemow. Jednym z nich jest pozyskanie duzej liczby, odpowiednio
przygotowanych danych. Wynika to z duzej czasochtonnosci procesu zbierania takich danych,
co dodatkowo czgsto jest ,,etycznie” problematyczne [P1].

Wykrywanie chorob i odpowiednie ich leczenie jest trudnym zadaniem, ktére wymaga
wspotpracy roznych specjalistow. Niestety, od wielu lat brakuje wysoko wykwalifikowanej
kadry medycznej, co niestety takze mozemy zauwazy¢ w naszym kraju [11]. Liczba
specjalistow jest zbyt mala, a tym samym dostgp do nich mocno ograniczony.
Czas diagnozowania choréb czesto jest zbyt dlugi, co moze prowadzi¢ w skrajnych wypadkach
nawet do $mierci pacjentow. Zbyt pdzne wykrywanie schorzen ma tez negatywny wpltyw
na rodzaj doboru odpowiednich terapii, co bezposrednio wydtuza proces ich leczenia. Waznym
zadaniem dla nauki jest zatem proba wspomagania tego procesu z wykorzystaniem
np. nowoczesnych narz¢dzi informatycznych. W efekcie tego niekorzystnego trendu duze
nadzieje w rozwigzywaniu probleméw medycznych kieruje si¢ w strong¢ ASI [12], [13].
Dazy si¢ do tego, aby ASI wspomagaty prace personelu medycznego w rozpoznawania choréb,
opracowaniu strategii leczenia, czy tez doboru odpowiednich lekéw. Od algorytmow ASI poza
szybkoscig pracy wymaga si¢ takze wysokiej precyzji dziatania (np. rozpoznawania schorzen).
Szybkie i precyzyjne rozpoznanie jest bardzo wazne, wregez kluczowe, w wielu chorobach,
szczego6lnie natury kardiologicznej i onkologiczne;j.

Algorytmy sztucznej inteligencji mozemy takze wykorzysta¢ z powodzeniem do modelowania
1 symulacji procesoOw biochemicznych zachodzacych w Zywych organizmach [P1].
Eksperymenty realizowane na komputerze (tzw. eksperymenty in silico) pozwalaja
na przyspieszenie procesu poznawania badanych zjawisk. To z kolei moze si¢ przetozy¢
na opracowywanie lepszych lekéw i terapii, co moze znacznie poprawic¢ skutecznos$¢ leczenia
i jako$¢ zycia pacjentdéw. Kolejng zaleta modelowania a nastgpnie symulacji komorek
biologicznych z wykorzystaniem ASI jest brak dylematéw moralnych zwigzanych
z prowadzeniem eksperymentow mie¢dzy innymi na zwierz¢tach. Eksperymenty in silico
nie powoduja zadnej krzywdy Zywym organizmom, przez co prowadzenie ich na szeroka skale¢
nie wywotuje problemow natury etyczne;.

Z kazdym kolejnym rokiem obserwuje si¢ rozwdj ASI w obszarach nauk medycznych.
Powstaje wiele artykuléw naukowych o nowych sposobach ich wykorzystania w procesie
wspomagania wykrywania chorob [P6, P7, P8, P9, P10] czy tez modelowania procesow
biochemicznych, w ktorych uzycie klasycznych technik pomiarowych jest czgsto zbyt ztoZzone
[P1, P2, P3, P4, P5]. Uwidocznia si¢ przy tym takze pilna potrzeba poprawy i korekty wielu
wczesniejszych rozwigzan, a takze konieczno$¢ rozwigzywania coraz to nowych wyzwan
1 problemow.



Obecnie jednym z najczgsciej stosowanych ASI sg glebokie sieci neuronowe. Dzieje si¢
tak dlatego, ze sieci neuronowe potrafiag zamodelowa¢ skomplikowane procesy interpretujac
nieustrukturyzowane dane [P6, P8]. Przez ,nieustrukturyzowane” rozumiane sa takie dane,
ktérych ,,znaczenie” nie jest zalezne od pozycji wartosci w wektorze informacji. Przyktadem
danych ustrukturyzowanych sa dane tabelaryczne. W tym typie danych wektor jest wierszem
tabeli, a pozycja warto$ci w wektorze odpowiada kolumnie tabeli. Kazda kolumna przechowuje
inny typ danych, tak wigc pozycja wartosci w wektorze ma kluczowe znaczenie.
Dane nieustrukturyzowane nie posiadajg takiej wilasciwosci. Przykladem jest zdjecie
mikroskopowe biatej krwinki. Pozycja krwinki na zdjgciu nie wplywa na wynik interpretacji
obrazu.

Umiejetno$¢ przetwarzania surowych danych jest bardzo cenna, poniewaz przyspiesza proces
prototypowania ASI [15], co wynika bezposrednio z braku konieczno$ci opracowania technik
wstepnego przetwarzania danych w celu osiagnigcia pierwszych oczekiwanych rezultatow
glebokiego uczenia.

Opracowanie odpowiednich technik przetwarzania danych jest procesem wymagajacym prob
1 bledow w celu zrozumienia zalezno$ci zawartych w wektorach uczacych. Z tego powodu
kuszace jest wykorzystanie gl¢bokiego uczenia, by pomingé ten krok i od razu zaczaé
modelowa¢ odpowiednie systemy. Mimo, iz modelowanie nieprzetworzonych danych
jest mozliwe [P6, P8], to zastosowanie wstgpnego przetwarzania wektorow uczacych skutkuje
wyzszg precyzja uzyskiwanych wynikéw [P10] przy jednoczesnej redukcji liczby parametrow
wykorzystywanych w implementowanych modelach [P7].

Wstepne przetwarzanie danych uczacych potrafi wyekstrahowaé z nich pozadane informacje
jednoczes$nie filtrujac nieprzydatne wartosci. Pozwala takze na realizacj¢ hybrydowych modeli
przetwarzajacych roézne rodzaje danych (modeli wielomodalnych) [P9] oraz hybrydowych
modeli taczacych kilka algorytméw ASI w celu uzyskania lepszych rezultatow [P10].

Ponadto, wstgpne przetwarzanie danych pozwala tez na wprowadzanie dodatkowych
mechanizméw  sterujacych procesem trenowania w celu uproszczenia treningu,
co przedstawiono mi¢dzy innymi w pracy [P1]. Pozwala to na lepsze modelowanie zjawisk
w eksperymentach in silico. Migdzy innymi z tych powodow wstepne przetwarzanie wektorow
uczacych z pewnoscia jest wazng czynnos$cig konieczng do budowy prawidtowo dziatajacego
systemu opartego o ASI. Jest to szczegdlnie wazne w medycynie, gdzie duza doktadno$¢ i
precyzja sa bezwzglednie wymagane, a nawet drobny blad ASI moglby potencjalnie narazi¢ na
utrat¢ zdrowia, czy na nawet zycia pacjenta [16].

W niniejszej pracy skupiono si¢ na badaniu i wykorzystaniu algorytmow sztucznej inteligencji
w procesie modelowania komoérek biologicznych oraz wspomagania wykrywania wybranych
chorob.

W ramach pracy opracowano i wykonano komputerowy model komorki biologicznej oparty
na cyklu Krebsa [Pl], szlaku pentozofosforanowego [P2], beta-oksydacji kwasow
thuszczowych [P3] oraz odpowiedzi komoérkowej na insuling [P4]. Model ten zostat
zrealizowany w celu przeprowadzenia eksperymentow in silico na danych pochodzacych z
ludzkich komorek.

W efekcie przeprowadzonych badan powstal model pozwalajacy na analizowanie procesow
biochemicznych w komorce. Analizy te mogg postuzy¢ miedzy innymi do projektowania lekow
i terapii w leczeniu nowotwordw, cukrzycy, otytosci, itp. W tym celu wykorzystano Teori¢
Kolejek oraz réwnania Michaelisa-Menten. Dotychczas modelowanie metabolizmow byto
realizowane za pomoca réwnan rozniczkowych, czynigc wykorzystanie Teorii Kolejek



podejsciem nowatorskim [P1]. W celu dostosowania modelu komoérki do odzwierciedlenia
obserwacji wykorzystano algorytm genetyczny. Algorytm ten zmodyfikowano wykorzystujac
wstepne przetwarzanie wektorow parametryzujacych symulacje.

Ponadto, w niniejszej rozprawie opisano takze proces wykrywania ostrej bialaczki
limfoblastycznej (ALL — Acute Lymphoblastic Leukemia) oraz wybranych chorob serca.
Systemy wykrywania choréob moga by¢ wykorzystane jako wspomagajace podczas
podejmowania decyzji przez lekarzy. W systemach wykrywania chor6b wykorzystano wstgpne
przetwarzanie wektoréw uczacych by zaprojektowa¢ modele hybrydowe. Modele te Iacza
zarbwno umiejetno$ci  glgbokich sieci neuronowych do przetwarzania danych
nieustrukturyzowanych, jak rowniez zalety algorytmow uczenia maszynowego w interpretacji
danych ustrukturyzowanych. Badania rozpoczeto od opracowania modeli glgbokiego uczenia
do przetwarzania surowych danych, a nastgpnie poprawiano je i redukowano ich zlozono$¢
obliczeniowg za pomoca odpowiedniego przetwarzania danych. Efektem przetwarzania danych
byla poprawa jakos$ci klasyfikacji nawet o pie¢ punktéw procentowych [P9] i redukcja liczby
parametrow modelu ponad 500 razy [P7].

Wykrywanie ALL zostatlo zrealizowane poprzez interpretacj¢ mikroskopowych zdje¢
limfocytéw. Zdjecia zostaly uzyskane z publicznie dostepnej bazy danych ALL-IDB [17].
Rozpoznawanie wybranych chorob kardiologicznych zostato natomiast zrealizowane poprzez
interpretacje sygnatu EKG pobranego za pomocg 12 sond. Dane zostaty pobrane z publicznie
dostepnej bazy danych PTB-XL [18].

W obydwoch przypadkach zrealizowano klasyfikacj¢ na nieustrukturyzowanych danych.
W przypadku ALL byly to obrazy. Natomiast dla choréb kardiologicznych byly to sygnaty
EKG. W toku badan opracowano rdézne techniki by zaadresowa¢ fundamentalne réznice
pomiedzy rodzajami danych. Warto zaznaczy¢ w miejscu tym, ze za kazdym razem
wykorzystanie wstepnego przetwarzania wektorow uczacych pozwolito na uzyskanie wyzszej
o $rednio 2.7 punktu procentowego jakosci przetwarzania. Ponadto, interpretacja wynikéw
modeli wykorzystujacych wstgpnie przetworzone dane pozwolila na wysunigcie wnioskow
dotyczacych zalezno$ci wystepujacych w danych. Przyktadowo, w toku badan wykazano, ze
otoczenie limfocytow u o0séb chorych na ALL rézni si¢ od otoczenia limfocytow osob
zdrowych w stopniu wystarczajacym do wykrycia tej choroby. Takie sformutowanie wniosku
byto mozliwe dzigki odpowiedniemu przygotowaniu danych, a na jego bazie mozliwe byty
dalsze badania.

Niniejsza rozprawa przedstawia cykl badan sktadajacy si¢ z dziesigciu artykutow naukowych
[P1-P10]. Efekty prac zostaly wyeksportowane do pigeciu publicznie dostgpnych repozytoriow
na platformie GitHub. Badania zrealizowano na potrzeby trzech réznych gatezi medycyny.
W efekcie badan opracowano, zaimplementowano i1 przebadano modele i techniki mogace
wesprze¢ proces badania i wykrywania ALL 1 wybranych chordb kardiologicznych.
Dodatkowo, zaproponowane nowe techniki modelowania szlakéw metabolicznych
w komorkach moga zosta¢ wykorzystane do poszerzenia wiedzy z zakresu mikrobiologii.
Zrealizowane modele szlakéw metabolicznych zostaty udostepnione publicznie. Na ich
podstawie mozliwe jest zrealizowanie eksperymentdw in silico majacych na celu znalezienie
nowych punktow w metabolizmach podatnych na dziatanie lekow, przy leczeniu réznych
chorob.



3.1 Hipoteza badawcza, cel i zakres badan

Glownym celem badan bylo opracowanie odpowiednich modyfikacji algorytméw sztucznej
inteligencji, ktére beda umozliwiaty modelowanie komoérek biologicznych oraz wspomagaty
proces wykrywania wybranych choréb onkologicznych i kardiologicznych.

Przez modyfikacje algorytmow sztucznej inteligencji (ASI) Autor niniejszej rozprawy rozumie
zarOwno wprowadzenie zmian, zaproponowanie nowych algorytméw oraz odpowiednie
przetworzenie wektorow uczacych w celu poprawy dziatania technik uczenia maszynowego.

Modelowanie komorek biologicznych zostalo zrealizowane poprzez modelowanie osobno
szlakéw metabolicznych, by na koniec scali¢ je w jeden duzy model. Celem modelowania tych
szlakow byto umozliwienie symulowania zycia komoérki biologicznej. W ten sposdéb mozliwe
jest realizowanie eksperymentoéw in silico w celu projektowania nowych sposobow leczenia
groznych chordb, takich jak nowotwory, cukrzyca, otylos¢, itp.

W sktad zamodelowanych szlakéw metabolicznych wchodzi cykl Krebsa [P1], szlak
pentozofosforanowy [P2], beta-oksydacja kwasow thuszczowych [P3] oraz odpowiedz
komoérkowa na insuling [P4]. Szlaki te zostaly wybrane ze wzgledu na ich role w produkcji
energii w komorce Dbiologicznej. Dodatkowo, modele cyklu Krebsa, szlaku
pentozofosforanowego oraz beta-oksydacji kwaséw thuszczowych zostaty potaczone w jeden
model komoérkowy [P5]. Do ich zamodelowania wykorzystano rownania Michaelisa-Menten
oraz Teori¢ Kolejek. Wykorzystanie Teorii Kolejek jest na czas pisania tej pracy nowoscia,
poniewaz do tej pory najczesciej byly wykorzystywane w tym celu rownania rézniczkowe.
W celu poprawnego wytrenowania modelu wykorzystano algorytm genetyczny wraz
z jego modyfikacja dotyczaca struktury chromosomu. Modyfikacja ta postuzyla do
opracowania mechanizmoéw przyspieszajacych ocen¢ chromosomu oraz zmniejszenie
wymiarowos$ci funkcji straty.

Opracowanie nowatorskiej metody wykrywania ALL [P6, P7] oraz wybranych chorob
kardiologicznych [P8, P9, P10] miato na celu realizacj¢ modeli bedacych w stanie wspieraé
pracg lekarzy. W tym celu wykorzystano glgbokie sieci neuronowe oraz wstepne przetwarzanie
wektorow uczacych. Tak zrealizowane przetwarzanie miato na celu poprawienie jakosci
klasyfikacji oraz zmniejszenie liczby parametrow modelu.

Biorac pod uwagg glowny cel pracy zdefiniowano nastgpujace tezy:

1) Teoria Kolejek jest skuteczng alternatywa dla rownan rézniczkowych do modelowania
szlakéw metabolicznych.

2) Wstepne przetwarzanie wektorow parametryzujacych pozwala na wykorzystanie
algorytmow sztucznej inteligencji do modelowania, w oparciu o Teori¢ Kolejek a
nastepnie symulacje komputerowa, komoérek biologicznych.

3) Wstgpne przetwarzanie wektorow uczacych w procesie klasyfikacji pozwala na
wydobycie z nich waznych informacji poprawiajacych dokladno$¢ procesu
rozpoznawania wybranych chordb onkologicznych i kardiologicznych.

4) Wstepne przetwarzanie wektorow uczacych pozwala na uzycie modeli
wykorzystujacych mniejszg liczbe parametréw bez utraty doktadnosci wykonywanego
zadania.

5) Wykorzystanie hybrydowych metod uczenia maszynowego pozwala na poprawe
procesu klasyfikacji.

Tak zdefiniowane cele badan zostaly zrealizowane i opisane w monotematycznym cyklu
publikacji P1-P10. Prace te byly opublikowane w latach 2020-2023. Pi¢¢ repozytoriow z kodem
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zostaly publicznie udostepnione na platformie GitHub, by inne osoby mogty z nich korzysta¢
w swojej pracy naukowej. We wszystkich wykazanych pracach [P1-P10] Autor niniejszej
rozprawy odpowiadal i byt odpowiedzialny za: opracowanie i przygotowanie ASI, ich
odpowiednich modyfikacji, wst¢gpne przetwarzanie wektoréw uczacych, implementacje
systemow i modeli w roznych srodowiskach programistycznych, wykonanie szeregu testow,
symulacji i badan. Bral tez czynny udziat w pisaniu i redagowaniu tekstow artykulow na etapie
sktadania publikacji, jak 1 procesu recenz;ji.
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4. Metody badan i wyniki modelowania komorek biologicznych

4.1 Opracowanie sposobu modelowania komorek biologicznych

Biochemiczny stan komorki biologicznej moze by¢ przedstawiony poprzez modelowanie jej
poszczeg6lnych szlakow metabolicznych (z ang. metabolic pathway). Szlak metaboliczny
mozna opisa¢ jako tancuch reakcji chemicznych [19], w trakcie ktorych substraty przy udziale
enzymow przeksztalcane sa w produkty. Przykladem reakcji chemicznej jest hydratacja
fumaranu [20]. W czasie tej reakcji fumaran wraz z woda, dzigki dzialaniu fumarazy, zostaje
przeksztalcony w jablczan. RoOwnanie 1 przedstawia tg reakcje:

fumaran + H,0 — jabtczan. (1)

Przyktadem tancucha reakcji chemicznych jest zamiana fumaranu w szczawiooctan [21].
Fumaran nie moze by¢ bezposrednio przeksztalcony w szczawiooctan. W tym celu musi by¢
najpierw przeksztalcony w jabtczan, ktory to moze zostaé przeksztalcony w szczawiooctan.
Lancuch tych reakcji chemicznych jest opisany za pomocg rownania 2:

fumaran + H,0 — jablczan,
jablczan + NAD"— szczawiooctan + NADH + H>. (2)

NAD* oznacza forme¢ utleniong dinukleotydu nikotynoamidoadeninowego. NADH jest
zredukowang formg NAD".

Modelowanie szlakow metabolicznych pozwala na symulowanie dziatania komoérki. W ten
sposob mozliwe jest analizowanie przetwarzania metabolitow w komodrce. Akumulacja
1 niedobor metabolitow pozwalaja na diagnozowanie stanu komorki. To z kolei moze rzutowac
na funkcjonowanie catego organizmu. Przyktadowo, zaktocenia w szlaku metabolizmu
odpowiedzialnym za beta-oksydacje¢ kwasow thuszczowych moga spowodowacé nagromadzenie
wolnych kwasow thuszczowych w osoczu [P3]. To z kolei moze sugerowa¢ wystgpowanie
u chorego cukrzycy typu 2, otylosci i niealkoholowe stluszczenie watroby [22] [23].

Zrozumienie sposobu dziatania szlakéw metabolicznych za pomocg modelowania umozliwia
przeprowadzanie eksperymentéw za pomoca symulacji komputerowych (z ang. in silico). Tak
przeprowadzone modelowanie moze zmniejszy¢ liczbe koniecznych eksperymentow
na zwierzetach, jak rdwniez przyspieszy¢ proces testowania nowych lekéw przed
ich wprowadzeniem na rynek [P1]. Eksperymenty in silico maja potencjal utatwi¢ proces
identyfikowania nowych punktow w szlakach metabolicznych podatnych na modyfikacje
z korzyscia dla zdrowia pacjenta [24]. Dzigki temu mozliwe jest opracowanie nowych typow
lekow. Wartym podkreslenia jest fakt, ze proces ten dzigki nowej metodzie moze by¢ znacznie
przyspieszony. Cel ten przy$wiecal modelowaniu metabolizméw komorek biologicznych
opisanych w tej pracy.

Modelowanie szlakow metabolicznych zostalo zrealizowane poprzez wybor reakcji
chemicznych oraz ich substratow i produktow. Decyzja ta ma za zadanie okresli¢ jak wiele
interakcji migdzy substancjami chemicznymi ma by¢ zamodelowane. Za przyktad wzigto czes¢
cyklu Krebsa. Ze wzgledu na brak niektorych wartosci dotyczacych stgzen i wlasciwosci
poszczegolnych enzymow, mozliwe jest bezposrednie zamodelowanie przej$cia cytrynianu w
izocytrynian. Mozliwe jest tez bardziej doktadne zamodelowanie tego procesu poprzez rozbicie
g0 na proces zamiany cytrynianu w cis-akonitan i zamiany cis-akonitanu w izocytrynian.
Obydwa podejscia do modelowania zostaly opisane rownaniem 3:

cytrynian — izocytrynian,
cytrynian — cis-akonitan + H,O; cis-akonitan + H,O — izocytrynian. 3)
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Wybor doktadno$ci modelowania rzutuje na liczb¢ symulowanych reakcji oraz zbidr
monitorowanych substancji chemicznych. W powyzszym przyktadzie wykorzystanie
uproszczonej reakcji zamiany cytrynianu w izocytrynian wymusza symulowanie tylko jednej
reakcji oraz monitorowania st¢zen dwoéch substancji chemicznych (cytrynianu oraz
izocytrynianu). W przypadku modelowania bardziej zlozonego procesu konieczne jest
symulowanie dwoch reakcji (zamiany cytrynianu w cis-akonitan oraz zamiany cis-akonitanu w
izocytrynian) oraz monitorowanie stezen trzech substancji chemicznych (cytrynianu, cis-
akonitanu oraz izocytrynianu). Decyzja ta ma kluczowe znaczenie, poniewaz wraz z
zwigkszong ztozonos$cia modelu ros$nie jego doktadno$¢, a co za tym idzie potencjalna
uzyteczno$¢, ale takze trudnos$¢ w jego implementacji.

Kolejnym krokiem w procesie modelowania szlakow metabolicznych jest podzielenie
substancji biorgcych udziat w reakcjach chemicznych na monitorowane (warto$ci zmienne)
oraz niemonitorowane (warto$ci state). Przyktadem tego rozwazania jest poczatkowa reakcja
chemiczna zachodzaca w szlaku pentozofosforanowym. W tej reakcji glukozo-6-fosforan
(G6P) zostaje zamieniony w 6-fosfoglukono-d-lakton (PGL). Reakcja ta opisana jest
réwnaniem 4:

G6P + NADP" — PGL + NADPH + H". 4)

W opisanej wyzej reakcji biorg udziat G6P oraz PGL. Poza tym w reakcji znajduja si¢:

e cster fosforanu dinukleotydu nikotynoamidoadeinowego (NADP"),
e zredukowana forma NADP" (NADPH),
e kation wodorowy (H").

Konieczne jest podjecie decyzji, ktore z substancji potraktowac jako zmienne, a ktére jako state.
Wartos$ci zmienne poddawane s3 modyfikacjom w ramach zachodzacych reakcji, podczas gdy
wartosci state pozostajg niezmienne. Przykladowo, jezeli G6P i PGL zostang uznane za jedyne
warto$ci zmienne w tej reakcji, to kazda zaistniata reakcja pomniejszy G6P i1 powigkszy PGL.
Wartosci NADP*, NADPH i H' pozostang niezmienione pomimo zaistnienia reakcji z ich
uzyciem. Zalozenie to mozna uzasadni¢ dazeniem komorki do utrzymania statego poziomu
NADP" oraz NADPH, w celu zapewnienia homeostazy i odpowiedniego funkcjonowania
procesow zyciowych. NADP* i NADPH sa kluczowymi czynnikami w wielu szlakach
metabolicznych, gdzie odgrywaja istotne role jako no$niki energii w postaci elektronow.
Komorka reguluje poziomy NADP* i NADPH poprzez zrOwnowazenie procesow ich syntezy i
degradacji oraz poprzez kontrole aktywnosci enzymow, ktdre uczestnicza w ich przemianach.

Oprécz wybrania reakcji chemicznych i warto$ci zmiennych substancji konieczne jest tez
opisanie predkosci wspomnianych reakcji. Reakcja chemiczna nie zachodzi natychmiast.
Nastepuje ona w zalezno$ci od wielu czynnikdw m.in. stezenia substratow i produktow reakc;ji.
W tej pracy postanowiono zamodelowa¢ reakcje chemiczne za pomocg rownania kinematyki
enzymatycznej Michaelisa-Menten [25]. Za pomoca tego roéwnania mozliwe jest obliczenie
predkosci kazdej reakcji. Przez predko$¢ reakcji rozumiana jest ilo§¢ substratu zamieniajaca si¢
w produkt w danej jednostce czasu. Rownanie kinetyki enzymatycznej Michaelisa-Menten
zostalo opisane wzorem 5:

SiS, PP,
Ve Ks,Ks, Y Kp,Kp,
Ve S, P S, P,V )
1+_1+_1)<1+_2+_2)
< KSI KP1 KSZ KP2
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e v —predkos¢ reakcji chemicznej,

e V;—predko$¢ reakcji zamiany substratow w produkty,
e V., —predko$¢ reakcji odwrotnej,

e S,,S,, S, —wartosci stezen substratow,

e P,,P,, - P,-warto$ci stezen produktow,

e Ks,,Ksg,, - Kg - wartosci state zwigzane z substratami,
e Kp,,Kp,, - Kp - wartoSci state zwigzane z produktami.

Zdefiniowana w ten sposob predkos¢ reakceji zalezy od dwoch typow wartosci:

e Warto$ci zmiennych — sg to warto$ci stezen substratow (S;, S,, -+ S,) 1 produktéow
(P, P,, -+, P,) monitorowanych w ramach projektowanego modelu. Wartosci te
ulegaja zmianie za kazdym razem, gdy reakcja zachodzi. W efekcie przeprowadzenie
reakcji wplywa na predkos¢ reakcji. W przypadku reakcji zamiany G6P na PGL
opisanej rownaniem 4, warto$¢ S; koduje st¢zenie G6P, a P, koduje stezenie PGL.

e WartoSci stalych — sg to wartoSci statych kinetycznych substratow (Kg,, Ks,, --- Kg ),
i produktow (Kp , Kp,, - Kp ) . W przypadku reakcji zamiany G6P na PGL opisanej
robwnaniem 4, warto$¢ S, oznacza st¢zenie NADP'. Natomiast wartosci P,, P;
oznaczajg stezenia odpowiednio NADPH i H*. Warto$ci stezen NADP*, NADPH i H*
uznajemy w tym przypadku za state.

Kinetyka enzymatyczna Michaelisa-Menten opisana roéwnaniem 5 zostata wykorzystana do
modelowania reakcji chemicznych w szlakach metabolicznych symulowanych w pracach [P1],
[P2], [P3], [P4], [P5] wchodzacych w sklad niniejszego cyklu publikacji. Modelowanie reakcji
polegalo na:

e Dobraniu stgzen substratow Si,---S, oraz produktow Py, ---PB, poprzez analizg
literatury.

e Znalezieniu warto$ci statych kinetycznych substratow (Ksl' Ksn)i produktow
(Kp,, -=-Kp ) dla ktorych model dziata poprawnie. Poprzez ,poprawne dziatanie
modelu” rozumiane jest mozliwe wykorzystanie go do przeprowadzenia symulacji in
silico. Wyniki tych symulacji przeprowadzonych na poprawnie wybranych
parametrach sg w stanie reprezentowa przebieg reakcji biochemicznych zywych
komorek.

Wartosci statych substratow (Ksl, -+ Kg,) oraz stalych produktow (Kpl, KPH) F:]

warto$ciami parametryzujacymi jedng reakcje¢ chemiczng. Wektor wartos$ci stalych zawierajacy
parametry Kg,, - Kg —oraz Kp ,---Kp  wszystkich reakcji chemicznej w  szlaku
metabolicznego jest wektorem parametryzujacym szlak metaboliczny. W dalszej czgsci pracy
wektor ten bedzie nazywany symbolem K. W tej pracy modelowanie szlaku metabolicznego
jest tozsame ze znalezieniem optymalnego wektora K.

Wektor K zostaje uznany za optymalny, gdy szlak metaboliczny sparametryzowany jego
warto$ciami umozliwia przeprowadzenie symulacji reprezentujacej rzeczywista komorke
biologiczng. Za pomoca wektora K uzyskiwany jest wektor S opisujacy stan komorki
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biologicznej w danym kroku czasowym. Wynikiem symulacji jest zbior wektoréw stanu
komorki M= {S, ---, S }.

Wektor stezenia substancji S zawiera w sobie warto$ci stezen wszystkich substratow i
produktow reakcji chemicznych wchodzacych w sktad szlaku metabolicznego. Znajdujg si¢ w
nim zaréwno st¢zenia substancji monitorowanych jak i niemonitorowanych. Warto$ci
niemonitorowane nie ulegaja zmianom w czasie. Wektor S; opisuje stan komorki w chwili t.
Na poczatku symulacji (w chwili ty) wektor S, reprezentuje stan komorki przed rozpoczgciem
eksperymentu. Wektor S, sklada si¢ z eksperymentalnie zmierzonych wartosci opisanych w
literaturze. Zawarto$§¢ wektora S, nie podlega modyfikacji w celu zamodelowania szlaku
metabolicznego. W tym celu modyfikowany jest wektor K. Modelowanie szlaku
metabolicznego w tej pracy jest tozsame ze znalezieniem odpowiadajacych warto$ci
wektora K. W tym celu wykorzystane sg algorytmy sztucznej inteligencji, ktore zostang opisane
w dalszej cze$ci pracy. Wektor K nie jest modyfikowany w czasie trwania symulacji. Jego
warto$ci podlegaja zmianie pomiedzy kolejnymi symulacjami w celu uzyskania wektora
pozwalajacego na poprawne przeprowadzenie dowolnej liczby symulacji.

Symulowane reakcje chemiczne w modelu szlaku metabolicznego wykorzystuja wektory S 1 K
w celu okreslenia predkosci przejscia substratow w produkty. Wartosci predkosci reakcji
tworzg wektor V. Wektor V zalezy od S; oraz K zgodnie z rdwnaniami Michaelisa-Menten.
Stan komodrki w nastgpnym kroku czasowym S, zalezy od wektora V,. W celu dokonczenia
modelu szlaku metabolicznego konieczne jest okreslenie procesu uzyskania S| na podstawie
wektorow V, oraz S,.

Typowo stosowang metoda do rozwigzania opisanego problemu jest wykorzystanie rownan
rézniczkowych (ang. Ordinary Differential Equations, ODEs) [26] [27] [28] [29] [30].
Modelowanie za pomoca rownan rézniczkowych posiada jednak pewne wady. Jedng z nich jest
brak mechanizmu zapobiegajacego osiagniecie ujemnych wartosci stgzen. W ramach przyktadu
zostala wykorzystana reakcja chemiczna w szlaku pentozofosforanowym dokonujaca
przeksztalcenia rybulozo-5-fosforanu (RuSP) w rybozo-5-fosforan (R5P). Reakcja ta opisana
jest rownaniem 6.

Ru5P — R5P (6)

Za pomocg rownania kinematyki enzymatycznej Michaelisa-Menten mozliwe jest opisanie
predkosci tej reakcji za pomocg roéwnania 7:

S P
Vi, ViR,
_ S Py
v ) (7)
1+ oL P
Ks,  Kp,

gdzie:
e S, —stezenie Ru5P,
e P, —stezenie R5P,
e ViV, K Kp —wartoSci state parametryzujgce reakeje.

Zatoézmy,ze S; = 1mM, Py =1mMiv=2 % Dodatkowo, zal6zmy, ze krok czasowy symulacji

wynosi At= 1s. W takim przypadku S; powinno zosta¢ pomniejszone o 2mM, a P; powinno
zosta¢ powickszone o takg samg warto$¢. Oznaczatoby to, ze nowa warto$¢ substratu reakcji

wynositaby S| =S;-At-v=1mM-1s- 2% =-1mM. Jest to blad symulacji, poniewaz
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stezenie metabolitu nie moze by¢ mniejsze od zera. Jest to problem typowy dla modelowania
szlakéw metabolicznych z wykorzystaniem réwnan rézniczkowych. Wykorzystywane sg
metody majace na celu zapobiegnigciu osiggnigcia wartosci ujemnych w rownaniach
rézniczkowych [31]. Metody te moga jednak wprowadzi¢ bledy obliczeniowe [P1].

Problem ujemnych wartos$ci nie wystepuje, gdy do modelowania zostanie wykorzystana Teoria
Kolejek. Teoria Kolejek jest przede wszystkim wykorzystywana do modelowania zjawisk z
dziedziny telekomunikacji i inzynierii. Mozna ja takze wykorzysta¢ do opisania zmian
zachodzacych w systemach biologicznych [P1]. Dziedzina ta zaklada modelowanie reakcji
chemicznych jako kolejki obslugujacej zadanie. W tym systemie reakcja chemiczna ma
prawdopodobienstwo ,,obstuzenia” dyskretnej warto$ci substratu poprzez zamiang¢ ja w
produkt. W tym modelu w kazdym kroku czasowym symulacji istnieje pewne
prawdopodobienstwo, ze okre$lona catkowita warto$¢ substratu zostanie zamieniona w
produkt. W ten sposéb mozna zapobiec powstawaniu ujemnych wartosci poprzez wytaczenie
kolejki do czasu zakumulowania wartosci produktu powyzej okreslonego ,,zadania” kolejki.

W celu zwizualizowania tego zjawiska odniesiono si¢ do przyktadu reakcji chemicznej opisanej
wzorem 6. Zatézmy, ze S| = 1mM, P; = 1mM, dyskretna warto$¢ stezenia przeksztatcana przez
kolejke wynosi As =2mM i prawdopodobienstwo zaj$cia reakcji chemicznej wynosi A =0.5.
,Obsluga Zadania” przez kolejke (reakcje chemiczng) nie nastgpuje, poniewaz S; <As.
Losowanie wartosci prawdopodobienstwa okreslajacego, czy zajdzie reakcja chemiczna, nie
mialo miejsca, poniewaz nie zostat spelniony warunek konieczny: warto$¢ stezenia substratow
musi by¢ wigksza lub réwna wartosci As.

Zalézmy teraz inny przyktad; S; =3mM, P; = 1mM, As=2mM i A=0.5. W tym przypadku
warunek konieczny zaj$cia reakcji S; > As zostat spetniony. Oznacza to, ze mozna dokonaé
losowania prawdopodobienstwa, czy kolejka (reakcja chemiczna) obstuzy zadanie (pomniejszy
S; o As i powickszy P; o ta samg warto$¢). W tym celu zostaje wylosowana warto$¢
prawdopodobienstwa x z jednostajnego cigglego rozktadu prawdopodobienstwa x ~ U(0,1). Do
reakcji dochodzi, jezeli x <A. W przeciwnym wypadku reakcja nie nast¢puje. Proces ten zostat
opisany za pomocg roéwnania 8:

0, S| <As
ASIZ 0, X>A ,
As, S;=AsAx<\ (8)

S'l = Sl -ASl, Pvl = Pl +ASL
gdzie As; jest iloscig stezenia substancji ,,obstuzong” przez kolejke (reakcje chemiczng) w
danej chwili symulacji.

Podobne obostrzenie moze by¢ fatwo zaimplementowane w przypadku otrzymania predkosci
ujemnej. Rownanie 7 przedstawia wzor na predkos¢ reakcji w tym przypadku. Poniewaz
wszystkie warto§ci w rownaniu musza by¢ dodatnie, wzor ten moze uzyska¢ wartosci ujemne
tylko w przypadku opisanym réwnaniem 9:
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S P,
Vik -V, =L
. 'Ky, ~ K,
S, Py 7
J+ 2L+ 2L
Ks1 KP1
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Scenariusz opisany réwnaniem (8) moze zaistnie¢. Oznacza to, ze model musi by¢ w stanie
obstuzy¢ taki przypadek. Niektore reakcje chemiczne mozna zamodelowaé jako reakcje
odwracalne. Rownania rézniczkowe potrzebuja dodatkowej metody, by sobie poradzi¢ w tym
przypadku. Modelowanie za pomoca Teorii Kolejek wymaga zaledwie dodania dodatkowego
warunku  koniecznego do  przeprowadzenia  obslugi  Zzadania przez  kolejke;
prawdopodobienstwo obstugi Zadania musi by¢ dodatnie. Jest to kolejna zaleta wykorzystania
Teorii Kolejek do modelowania szlakow metabolicznych.

Modelowanie za pomoca Teorii Kolejek przedstawione w tej pracy wykorzystuje rdwnania
Michaelisa-Menten w celu okreslenia prawdopodobienstwa zajscia reakcji [P1]. Rdwnania
enzymatyczne pozwalaja na uzyskanie predkosci reakcji. Predko$¢ reakcji mozna uznaé za
makroskopowg reprezentacj¢ agregacji wielu mikroskopowych reakcji, ktore to moga lub nie,
przeksztalci¢  dyskretne ilo$ci substratbw w produkty. W ten sposéb wysokie
prawdopodobienstwo zaj$cia reakcji w mikroskali przeksztatca si¢ na wysoka predkos¢ reakcji
w makroskali.

Mozliwe jest wykorzystanie rownan Michaelisa-Menten do implementacji kolejki obstugujace;j
zmiang substratow w produkty. Przybycie obiektéw do kolejki opisane jest procesem Poissona.
Z kolei rozktad wyktadniczy modeluje czas obslugi (odstepy czasowe pomigdzy dwoma
kolejnymi zdarzeniami wyj$ciowymi). Zatozenia te s3 zgodne z klasyczng Teorig Kolejek.
W efekcie, liczba przyby¢ w interwale czasu (t;t + 7] podlega rozktadowi opisanym w
réwnaniu 10:

e Ot (u(n)k ' (10)
k!

P[(N(t+1)-N() =k]=
gdzie:

. P[(N(t +1) - N(t)) = k] — prawdopodobienstwo wystapienia k-zgdan do obstugi przez
kolejke w interwale czasowym (t; t + 7],

e u(t)t — oczekiwana liczba zadan do obstugi przez kolejk¢ w interwale czasowym
(tt+1].

Czas potrzebny kolejce na przetworzenie zadania (pomniejszenia st¢zenia substratow o
dyskretng warto$¢ 1 powigkszenie stezenia produktéw o ta samg wartos$¢) jest opisany za
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pomocg rozktadu wyktadniczego zmiennej losowej T pod wpltywem parametru p(t)[P3].
Rozktad ten jest opisany za pomocg rownania 11:

_ (u@®e*®T T>0
f(T, n(®) { 0 oo (11)
Kompozycja potaczonych ze soba kolejek (modelujacych reakcje chemiczne) opartych o
réwnanie Michaelisa-Menten jest w stanie symulowa¢ szlak metaboliczny [P3]. Wewngtrzna
struktura rownania Michaelisa-Menten sprawia, ze akumulacja st¢zenia substratow zwigksza
prawdopodobienstwo zaj$cia reakcji. W efekcie nadmiar substratu w jednej kolejce moze
zamieni¢ si¢ w nadmiar produktu, ktory jest substratem w nast¢pnej kolejce w tancuchu reakcji.
W ten sposob sie¢ potaczonych ze soba kolejek moze spetniaé rolg realizowang przez rownania
rozniczkowe [32].

W celu poprawnego zamodelowania szlaku metabolicznego z wykorzystaniem Teorii Kolejek
konieczne bylto znalezienie warto$ci parametryzujacych reakcje chemiczne. Wartosci te
podstawione pod rownanie Michaelisa-Menten wraz z warto$ciami substratow i produktow
miaty za zadanie okres$li¢ warto§¢ prawdopodobienstwa zajscia reakcji. Typowe wartosci
prawdopodobienstwa zawierajg si¢ w przedziale od [0; 1]. Jednakze, ze wzgledu na brak
ograniczenia maksymalnych warto$ci stezen substratow i produktow zrealizowanie obliczen
zgodnie z roéwnaniem Michaelisa-Menten jest w stanie uzyska¢ dowolne warto$ci, w tym
mniejsze od zera lub wigksze od 1. Nie oznacza to, ze prawdopodobienstwo zajscia reakcji jest
ujemne lub wigksze od 1. Oznacza to, ze reakcja albo na pewno zajdzie (wartosci wigksze od
1) albo na pewno nie zajdzie (warto$ci mniejsze od 0). Z tego powodu nalezy wprowadzic¢
dodatkowe zasady do przetwarzania wartosci spoza zakresu [0; 1].

Jezeli prawdopodobienstwo reakcji uzyskane z réwnania Michaelisa-Menten jest ujemne, to
dalszy krok zalezy od typu modelowanej reakcji chemicznej. Jezeli reakcja jest odwracalna, to
nalezy zamieni¢ kierunek inkrementacji/dekrementacji substratow i produktéw oraz wzigé
warto$§¢ bezwzgledna prawdopodobienstwa zajscia reakcji. Jezeli natomiast warto$¢ jest
wigksza od 1 to reakcja na pewno zajdzie w tej jednostce czasowej (pod warunkiem, ze warunki
konieczne zaistnienia reakcji zostaly spetnione).

Opracowany na potrzeby tej pracy sposob modelowania komorek biologicznych polega na
zaprojektowaniu modeli szlakow metabolicznych. W tym celu wykorzystano Teori¢ Kolejek
do abstrakcyjnego przedstawienia kazdej reakcji chemicznej w szlaku za pomoca kolejek.
Prawdopodobienstwo zaistnienia reakcji byto obliczone w kazdym kroku symulacji za pomoca
réwnania Michaelisa-Menten. Zgodnie z tym réwnaniem prawdopodobienstwo zaj$cia reakcji
jest zalezne od warto$ci stezen substratow, produktow oraz wartosci statych kinetycznych
parametryzujacych reakcj¢. Wektor zawierajacy wartosci state kinetyczne parametryzujace
wszystkie reakcje chemiczne w modelowanym szlaku jest wektorem parametryzujacym model.
Znalezienie wartosci tego wektora umozliwiajagcych poprawne symulowanie przebiegu
szlakow metabolicznych, zostato osiggnigte dzigki wykorzystaniu algorytméw sztucznej
inteligenc;ji.

4.2 Algorytmy sztucznej inteligencji

Zadaniem algorytmu sztucznej inteligencji jest wytrenowanie modelu. Przez ,,wytrenowanie
modelu” rozumiane jest znalezienie takich warto$ci wektora parametryzujacego symulacje, ze
wyniki modelu beda poprawnie reprezentowaty rzeczywista realizacj¢ szlaku metabolicznego.
W tym celu konieczne jest okreslenie funkcji straty. Funkcja straty jest w stanie przypisa¢
wektorowi parametryzujacemu symulacje warto$¢ liczbowa oceniajaca jego rozbieznos¢ z
idealnym wektorem cech. Taka funkcja moze by¢ wykorzystana do porownywania ze sobg
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wektorow pod katem jakosci modelowania szlakow metabolicznych. W ten sposob zadanie
algorytmu sztucznej inteligencji moze by¢ zdefiniowane jako minimalizacja tej funkcji poprzez
modyfikowanie warto$ci wektora parametryzujacego symulacjg.

ASI wykorzystanym w tej pracy zostal algorytm genetyczny [33]. Algorytm ten jest heurystyka
przeszukiwania przestrzeni wynikowej inspirowang teorig ewolucji Charlesa Darwina.
Algorytm genetyczny wykorzystuje chromosomy. Chromosom jest wektorem wartosci
parametryzujagcym model. Kazdy chromosom jest potencjalnym rozwigzaniem zadania
minimalizacji funkcji straty. Kazdy chromosom posiada geny. Gen jest jedng wartos$cig wektora
parametryzujacego model. W efekcie chromosom sklada si¢ z gendw. Ponizej znajduje sie
przyktad obrazujacy pojecia chromosomu, gendow oraz ich odwzorowania na problem
modelowania szlakow metabolicznych.

Zalézmy modelowany szlak metaboliczny skladajacy si¢ z trzech reakcji chemicznych
opisanych wzorami 12:

A — B,
B—_C,

W celu zamodelowania takiego szlaku metabolicznego potrzebne sa cztery substancje
chemiczne: A, B, C oraz D. Potrzebne sa tez trzy reakcje chemiczne. Reakcje te mozna
przedstawi¢ za pomocg modelu Michaelisa-Menten rownaniami 13:

A B
fa-B K_SA T 'tass K
VA-B ™ A B
B C
fB~>C KSB - TB—C K_PC
VB—C B . C
1+ —/— + —
Ks,  Kp.
C D
fC—»D KSC - IC—D KPD
Ve—D
. D
Ks. Ky, (13)

Tak zamodelowane reakcje przykladowego szlaku metabolicznego posiadajg parametry
dzielace si¢ na dwie kategorie:

e Warto$ci zmienne (monitorowane) — ilosci stezenia kazdej substancji. Wartosci
poczatkowe tych substancji sa3 wybrane poprzez analiz¢ literaturowg i ulegaja zmianie
w trakcie realizacji symulacji. Nie sg one genami chromosomu. W réwnaniach 13 sg
one opisane znakami A, B, C oraz D.

e Warto$ci stale — warto$ci parametryzujace model szlaku metabolicznego. Nie zmieniajg
si¢ one w trakcie trwania symulacji. Zadaniem algorytmu genetycznego jest znalezienie
takich warto$ci stalych, ze wyniki symulacji beda minimalizowaty zadang funkcje
straty. Wartos$ci te sa genami chromosomu — wektora parametryzujacego model szlaku
metabolicznego. Za pomocg rownan 13 mozna uzyskaé¢ nastepujacy chromosom:
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Chr= [VfA—rB KSA VfA—»B KPB VfB—>C KSB VfB—»C KPC VfC—»D KSC VfC—»D KPD]'

Tak zdefiniowany chromosom Chr moze zosta¢ wykorzystany do sparametryzowania modelu
przyktadowego szlaku metabolicznego. Zdefiniowany zostat wektor substancji za pomoca
réwnania 14:

S=[A B C DI (14)

Wektor S; przedstawia stan szlaku metabolicznego w czasie t. Oznacza to, ze wektor S,
reprezentuje st¢zenie substancji na poczatku symulacji.

Nastepnie zostat zdefiniowany wektor predkos$ci reakeji V oraz funkcja go opisujaca. Zostaty
one zdefiniowane w rownaniu 15:

Vt = fv (St,Chr) = [VA—>B VB—»C Vc—»D]. (15)

Wykorzystujac Teori¢ Kolejek mozliwe jest zamodelowanie zamiany wektora V na nowy
wektor stezenia substancji w efekcie otrzymana jest funkcja opisana wzorem 16:

Sy = fK(VtaSt)' (16)

W efekcie model przyktadowego szlaku metabolicznego moze by¢ reprezentowany
nastepujacym pseudokodem.

1. Zdefiniuj Sy, Chr,t., ,
2. t<0
3. Dopokit<t,,.:
o V< fy(S;,Chr)
o Sy fk(Vi,S)
o t«—t+1
4. Zdefiniuj macierz przebiegu symulacji M«—[So -+ S 1]

Macierz M jest wynikiem symulacji sparametryzowanej za pomocg chromosomu Chr.
Chromosom moze by¢ oceniony poprzez wykorzystanie funkcji straty fg analizujacej wynik
symulacji — macierz M. W efekcie zadanie algorytmu genetycznego moze zosta¢ zdefiniowane
za pomocg rownania 17:

Chr=arg rg}l}n fg(M). (17)
Chromosom Chr jest wynikiem koncowym algorytmu genetycznego.
Algorytm genetyczny sktada si¢ z nastgpujacych krokow:

Inicjalizacja populacji poprzez wygenerowanie chromosomow,
Ewaluacja chromosoméw za pomoca funkcji straty,

Selekcja chromosoméw na podstawie wynikow funkcji straty,
Odbudowanie populacji poprzez reprodukcje chromosomow

5. Powr6t do punktu 2.

el S S

W pierwszym kroku zostaje zainicjalizowana populacja. Populacja to zbidor chromosomow.
Inicjalizacja chromosomow jest procesem, w ktorym tworzone sg nowe chromosomy. Liczba
chromosomoéw w populacji jest hiperparametrem (z ang. hyperparameter) odpowiadajacym za
dziatanie algorytmu genetycznego. Im wigksza liczba chromosoméw w populacji, tym wigksza
szansa na uniknigcie zatrzymania si¢ w minimum lokalnym za cen¢ zwigkszonej liczby
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obliczen. Kazdy chromosom jest oceniany przez funkcj¢ straty na podstawie wynikéw
symulacji sparametryzowanej przez ten chromosom. W efekcie ocena przydatnosci
chromosomu wymaga czasu na dokonanie obliczen, przez co im wigksza liczba chromosoméw
w populacji, tym wigcej czasu obliczeniowego potrzebuje algorytm.

W nastepnym kroku kazdy chromosom jest oceniany za pomocg funkcji straty. Wynikiem
funkcji straty jest wartos$¢ liczbowa opisujaca jak dobrze chromosom realizuje zadanie. Funkcje
straty wykorzystane w tej pracy sa opisane w sekcji po§wigconej prezentacjom modeli szlakéw
metabolicznych. Warto$¢ ta jest potrzebna w dwoéch celach:

e Ocena znalezionego rozwigzania — przez ,,znalezione rozwigzanie” rozumiany jest
chromosom posiadajacy najlepszy wynik funkcji straty. Jezeli w populacji znajduje si¢
chromosom, ktérego miara funkcji straty miesci si¢ w przyjetym obszarze
akceptowalnych wynikow, to dalsze poszukiwanie nie jest konieczne. Algorytm
genetyczny konczy w tym momencie dziatanie, a wynikiem jego dziatania jest najlepszy
chromosom w populacji.

e Mozliwo$¢ poréwnania chromosomow migdzy sobg — za pomoca funkcji straty mozna
oceni¢, ktére chromosomy sg lepsze, a ktére gorsze. Pozwala to na odrzucenie
nieskutecznych chromosoméw zachowujac tylko rokujace osobniki.

Jezeli na etapie ewaluacji chromosomoéw nie znalazl si¢ osobnik spelniajacy wymogi
akceptowalno$ci rozwigzania, algorytm genetyczny jest dalej realizowany. Nastepnym krokiem
jest selekcja chromosomow. Polega ona na zredukowaniu populacji poprzez usunigcie z niej
osobnikow, ktore sa uznane za nieprzydatne w procesie szukania optymalnego chromosomu.
Pozostate chromosomy sg przeznaczone do reprodukcji. Ich liczba jest hiperparametrem
algorytmu genetycznego i musi by¢ mniejsza od liczby chromosoméw w populacji. Im wigcej
chromosomoéw przeznaczonych do reprodukcji, tym wigksza réznorodno$¢ genow zostaje
zachowana. Kosztem tego jest wolniejsze przeszukiwanie przestrzeni wynikowej. Modele
zrealizowane na potrzeby tej pracy zrealizowaly selekcje poprzez wzigcie chromosomow o
najnizszej wartosci funkcji straty.

W ostatnim kroku nastepuje odbudowa populacji chromosoméw poprzez reprodukeje.
Reprodukcja chromosoméw polega na wygenerowaniu ,,potomka” (nowego chromosomu)
poprzez skrzyzowanie ze sobg dwoch chromosomoéw i naniesieniu mutacji. Krzyzowanie
chromosomu polega na wzigciu dwdch chromosomow i ztozenie nowego chromosomu poprzez
wybor genow rodzicow. Mechanizm ten jest opisany glgbiej w dalszej czgsci pracy ze wzgledu
na zastosowanie wstepnego przetwarzania wektoroOw parametryzujacych symulacje. Operacja
krzyzowania pozwala na wykorzystanie gendw najlepszych chromosomoéw do wygenerowania
nowego chromosomu. Chromosom potomny ma potencjal przeros$nigcia swoich dawcow
genodw poprzez potaczenie ich najlepszych cech. Ostatnim etapem jest wprowadzenie mutacji
— losowych zmian w genach nowego potomka. Mechanizm ten jest opisany dokladniej w
dalszej cze$ci pracy. Zadaniem mutacji jest wprowadzenie losowych modyfikacji do
chromosomu. W ten sposob nowe potomstwo ma cechy, ktérych ,rodzice” nie maja
zwigkszajac potencjal na znalezienie lepszego rozwigzania.

Nowe chromosomy w populacji maja potencjal znalezienia lepszego rozwigzania niz ich
,rodzice”. W tym celu konieczna jest ich ocena za pomocg funkcji straty. Algorytm genetyczny
przechodzi do punktu drugiego. Procedura ta zakonczy swoje dziatanie w jednym z trzech
przypadkow:

e algorytm genetyczny znalazt rozwigzanie o dostatecznie niskiej warto$ci funkc;ji straty,
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e algorytm genetyczny nie znalazt lepszego rozwigzania przez okreslong liczbe cykli
dziatania procedury,
e algorytm genetyczny wykonat okreslong liczbe cykli.

Powyzej przedstawiono standardowa implementacj¢ algorytmu genetycznego. Na potrzeby
modelowania szlakow metabolicznych zaimplementowano modyfikacje algorytmu w celu
poprawienia jego mozliwosci przeszukiwania przestrzeni wynikowej. Zmiany te opierajg si¢ o
zastosowane wstepne przetwarzanie wektorow parametryzujacych symulacje. Modyfikacje te
zostaly opisane w nastgpnej sekcji pracy.

4.3 Wstepne przetwarzanie wektorow parametryzujacych symulacje

Typowa implementacja algorytmu genetycznego traktuje wszystkie wartosci w chromosomach
jako zmienne niezalezne od siebie. Zalozenie to bierze si¢ z braku mechanizmu w algorytmie
genetycznym przeprowadzajacym analize wplywu zmian warto$ci gené6w na wynik. Dokonanie
takiej analizy umozliwia zrealizowanie wstgpnego przetwarzania chromosomow w celu
wyodrgbnienia grup znaczeniowych. W takim przypadku mozliwe jest przetwarzanie zar6wno
pojedynczych gendw, jak i grup genow. W efekcie uzyskuje si¢ wigksza kontrolg nad procesem
optymalizacji oraz wyzszg precyzje uzyskiwanych wynikow.

Wyodrebnienie grup znaczeniowych zrealizowane na potrzeby tej pracy zostalo wykonane
poprzez grupowanie genow w chromosomie odpowiadajacych za parametryzowanie tej samej
reakcji chemicznej. W celu zobrazowania tej koncepcji zostat wykorzystany przyktad szlaku
metabolicznego opisanego rownaniami 12.

W tym przykladzie szlak metaboliczny sktadal si¢ z czterech substancji: A, B, C oraz D oraz
trzech reakcji chemicznych: A — B, B— C oraz C—D. Typowa reprezentacja tak
zdefiniowanego szlaku metabolicznego za pomoca chromosomu zostala przedstawiona
réwnaniem 18:

_Vf - .
oAy By T
_ fa-n KSA TAB KPB Sa
BT T A B Vinn
Ks, Ko, Kpy
\V4 i \V/ L VfBﬁC
fgc KSB T Vrgc KPC KSB
VB—C ~ B C F— Vv , (18)
1+ Ko + K B—C
Sy Pc KPC
C D \V4
fcop K - VrCﬁD K_ fe—-p
Veop = SCC - Kse
- D
1+ —+ \%
Ks.  Kp, ), I;CﬁD
| Kp,, .

Roéwnanie 18 opisuje typowa struktur¢ chromosomu w algorytmie genetycznym. Korzystajac
z takiego kodowania wektora parametryzujacego model, kazdy gen jest traktowany osobno.
W pracach [P1-5] wykorzystano grupowanie wzajemnie wspotpracujacych ze soba gendéw, by
zredukowac liczbe interakcji pomigdzy wartosciami. Tak zrealizowane kodowanie prezentuje
réwnanie 19:
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Wykonane w ten sposob grupowanie genéw w kategorie dodaje poziom zlozonosci
chromosomow. Zamiast typowej hierarchii geny — chromosom wprowadzona modyfikacja
ustala nowa hierarchi¢ geny — grupy genow — chromosom. Hierarchia ta zostala wizualnie
przedstawiona na Rys 1.

Rys. 1 — Zmodyfikowana hierarchia chromosomu uwzgledniajaca grupowanie genow.

Wprowadzone grupowanie gendéw niesie ze soba mozliwo$¢ ulatwienia algorytmowi
genetycznemu procesu znajdowania warto$ci optymalnej. Tak zrealizowane przetwarzanie
chromosoméw pozwolito na uproszczenie funkcji straty poprzez dokonywanie wstepnej
ewaluacji chromosomow jeszcze w trakcie reprodukcji. Zastosowanie tego mechanizmu
zostalo szczegotowo opisane w dalszej czesci pracy podczas przedstawienia modelu szlaku
metabolicznego cyklu Krebsa.

4.4 Zamodelowane szlaki metaboliczne

W nizej wymienionych pracach opisano modelowanie nastepujacych szlakow metabolicznych
1 sygnalizacyjnych:
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e cykl Krebsa [P1],

e szlak pentozofosforanowy [P2],

e beta-oksydacja kwaséw ttuszczowych [P3],
e odpowiedz komoérkowa na insuling [P4].

Kazdy z tych szlakow zostat zamodelowany z wykorzystaniem Teorii Kolejek oraz réwnan
kinetyki enzymatycznej Michaelisa-Menten lub prawa zachowania mas. Ostatnim etapem
prowadzonych badan byto skomponowanie modelu, ktory taczyt wezesniej opracowane modele
oraz nowo wprowadzony szlak obejmujacy proces glikolizy [P5].

W kolejnych sekcjach zostaty opisane modele kazdego ze szlakow. Dodatkowo, w opisie
modelowania cyklu Krebsa przedstawiono metody wykorzystania wstgpnego przetwarzania
wektorow parametryzujacych symulacje w celu poprawienia jako$ci optymalizacji parametrow.
Mechanizm ten byt wykorzystywany takze w pozostatych modelach.

Cykl Krebsa

Pierwszym zamodelowanym szlakiem metabolicznym jest cykl Krebsa. Cykl ten znany jest tez
pod nazwa cyklu kwasow trikarboksylowych. Szlak ten zachodzi w macierzy mitochondrialne;j
1 jego zadaniem jest przetwarzanie metabolitow, dostarczajac komoérce niezbednych
prekursorow aminokwasow czy zwiazkow redukujacych, wykorzystywanych w wielu innych
reakcjach. Cykl Krebsa dostarcza takze nos$niki energii pod postacig guanozyno-trifosforanu
(GTP), ktory jest odpowiednikiem trojfosforanu adenozyny (ATP) [34] [35] [36]. Jednym z
produktow cyklu jest dwutlenek wegla (CO»). Rysunek 2 przedstawia model cyklu Krebsa oraz
zachodzace w nim reakcje.
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Rys. 2 — Schemat modelu cyklu Krebsa (opracowanie na bazie P1).

Tabela 1 przedstawia zwiazki chemiczne uwzglgdnione podczas modelowania cyklu Krebsa.
Zawiera ona warto$ci stezen na poczatku symulacji oraz zrodto literaturowe tych wartosci.
Tabela 2 opisuje zamodelowane reakcje chemiczne.
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Tabela 1 - Opis substancji chemicznych wykorzystanych do zamodelowania cyklu Krebsa [P1].

Metabolit, molekuta Stezenie (mmol/1) Zrodto
Koenzym A (CoA) 0.044 [37]
Pirogronian (PYR) 0.0586 [38]
Acetylo-CoA (acetyl-CoA) 0.5 [39]
Cytrynian (CIS) 0.19 [26]
Cis-Akonitan (Cis-Aco) 0.0016 [40]
[zocytrynian (ISO) 0.02 [39]
Alfaketoglutaran (KETO) 0.54 [41]
Bursztynylo-CoA (Suc-CoA) 0.66 [41]
Bursztynian (SUC) 0.07 [42]
Fumaran (FUM) 0.485 [37]
Jabtczan (MAL) 0.495 [41]
Szczawiooctan (OXO) 0.006 [41]
Adenozyno-5’-trifosforan (ATP) 0.159 [38]
Adenozyno-5’-difosforan (ADP) 0.0937 [38]
Guanozyno-5’-difosforan (GDP) 0.0012 [39]
Forma utleniona dinukleotydu 0.099 [39]
nikotynoamidoadeninowego (NAD")

Forma zredukowana NAD" (NADH) | 0.025 [39]
Woda (H,0) 0.170 [39]
Jon wodorowy (H") 5.2e-6 [39]
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Tabela 2 - Reakcje chemiczne wykorzystane do zamodelowania cyklu Krebsa [P1].

Numer | Wzor reakcji

1 PYR + CoA + NAD' — acetyl-CoA + CO, + NADH
2 PYR + HCO; + ATP — OXO + ADP + P;

3 OXO + acetyl-CoA + H,0 — CIT + CoA + H"
4 CIT — Cis-Aco + H,O

5 Cis-Aco + H,0 — ISO

6 ISO + NAD" — KETO + CO, + NADH

7 KETO + NAD" + CoA — Suc-CoA + P; + GDP
8 Suc-CoA + P; + GDP «> SUC + GTP + CoA
9 SUC + FAD — FUM + FADH,

10 FUM + H,0 — MAL

11 MAL + NAD" <> OXO + NADH + H,

W celu uproszczenia modelowania postanowiono potaczy¢ ze sobgizocytrynian z
cis-akonitanem i bursztynolo-CoA z kwasem bursztynowym. W efekcie wartosci cytrynianu
oraz kwasu bursztynowego wyniosty odpowiednio 0.0216 i 0.73 mmol/l. Izocytrynian,
cis-akonitan, bursztynolo-CoA oraz bursztynian sa substancjami przechodnimi — jak tylko
powstang z reakcji zostaja przeksztatcone w nastepnej reakcji. Zsumowanie wartosci ich stgzen
do dwoch metabolitow (izocytrynianu oraz bursztynianu) utatwilo modelowanie oraz
zwigkszylo stabilno§¢ modelu.

W toku symulowania realizacji cyklu Krebsa monitorowano wartosci stezen nastepujacych
metabolitow:

pirogronian,
acetylo-CoA,
cytrynian,
izocytrynian,
alfaketoglutaran,
bursztynian,
fumaran,
jablczan,
szczawiooctan.

W zrealizowanym modelu pirogronian jest substancja wchodzaca do cyklu Krebsa. Z tego
powodu warto$¢ stezenia pirogronianu byla uzupeiniana do wartosci poczatkowej za kazdym
razem, gdy pirogronian zostal wykorzystany do tworzenia szczawiooctanu czy acetylo-CoA.

Dodatkowo, wprowadzono tak zwane ,,odplywy rownowazace” w celu zamodelowania
odplywu metabolitow z cyklu Krebsa. Odpltywy te uzasadnione s3a koniecznoscia
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wykorzystania tych substancji przez komorke biologiczng w innych celach, np. zwigzkow
bedacych prekursorami innych czasteczek biologicznie czynnych. Odpltywy réwnowazace
zostaly wykorzystane do zrdwnowazenia stezenia szczawiooctanu i cytrynianu. Szczawiooctan
jest wykorzystywany przez komoérke w glukoneogenezie, cyklu ornitynowym i syntezie
kwaséw tluszczowych. Cytrynian natomiast jest transportowany z mitochondriow do
cytoplazmy, gdzie jest wykorzystywany w syntezie kwasow thuszczowych.

Odpltywy rownowazace sa z punktu widzenia modelu traktowane jak reakcje chemiczne.
Oznacza to, ze maja réwniez wartosci stale, ktére musza zosta¢ zoptymalizowane przez
algorytm genetyczny. Prawdopodobienstwo odplywu substancji (szczawiooctanu lub
cytrynianu) jest rowne stezeniu substancji przemnozonej przez wartos¢ stata. Warto$¢ stata jest
»genem” w ,.chromosomie”.

Tak zdefiniowany model zostal wytrenowany za pomoca algorytmu genetycznego. Wartosci
zwigzkow z tabeli 1 zostaly wykorzystane w celu inicjalizacji symulacji. Reakcje chemiczne
opisane na rysunku 1 zostaly przedstawione za pomocg rownan Michaelisa-Menten. Wartos$ci
state parametryzujace reakcje chemiczne zostaly scalone do postaci ,,chromosomu”.

Model cyklu Krebsa zostal wytrenowany w taki sposéb, by warto$ci monitorowanych
substancji ustabilizowaty si¢ jak najblizej warto$ci poczatkowych. Korzystajac z tego
wymagania zostala zdefiniowana funkcja straty réwnaniem 20:

n 100
1
100 =" X1~ 7505 D Xy (20)
i=1

gdzie:

e T —liczba krokéow czasowych w symulacji,

e X — macierz wektoréw stanéw szlaku metabolicznego,

e X; — wektor wartoSci i-tej monitorowane]j substancji w czasie (przyktad: X; o9 to
warto$¢ pirogronianu w setnym kroku czasowym).

Funkcja straty oblicza $rednig réznice pomig¢dzy poczatkowymi warto§ciami monitorowanych
substancji, a ich koncowa wartoscig. Koncowa warto$¢ zostata obliczona poprzez usrednienie
stu ostatnich symulowanych wartos$ci st¢zen metabolitéw. UsSrednienie to ma za zadanie
zredukowanie wptywu szumow typowych dla realizacji procesoOw probabilistycznych.

Funkcja straty opisana rownaniem 20 jest prosta do implementacji. Problemem jednak jest
obecnos$¢ trywialnego rozwigzania polegajacego na wyzerowaniu wszystkich wartosci V; oraz
V., w chromosomie. Wszystkie reakcje chemiczne zostaty zamodelowane za pomocg réwnania
Michaelisa-Menten opisanym réwnaniem 7.

Jezeli wspotczynniki V¢ oraz V, beda rowne zeru, to predkos¢ reakcji v bedzie rowna zeru bez
wzgledu na warto$ci stezen substancji. W takim przypadku nie dojdzie do zadnej reakcji w
modelu. To z kolei sprawi, ze symulacja ustabilizuje si¢ osiggajac tg sama warto$¢, co wartos¢
poczatkowa. W takim przypadku funkcja straty opisana rownaniem 20 moze o0siaggnac
minimum globalne réwne zeru poprzez wyzerowanie parametrow Vg oraz V. we wszystkich
reakcjach chemicznych. Idealnym rozwigzaniem tej funkcji straty jest dobor parametrow, przez
ktére symulacja nie odbedzie si¢. Oznacza to, ze funkcja straty zdefiniowana réwnaniem 20
umozliwia uzyskanie rozwigzania, ktore osigga minimalng warto$¢ (rowna zeru) jednocze$nie
nie spetniajagc wymogoéw modelowania (warto$ci substancji nie ulegaja zmianie).
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W typowym algorytmie genetycznym konieczne byloby zmodyfikowanie rownania 20
o dodatkowe czynniki penalizujace brak postepu w szeregach czasowych stezen metabolitow.
Takie rozwigzanie oznaczatoby bardziej skomplikowang funkcj¢ straty i przez to trudniejsze
przeszukiwanie przestrzeni wynikowe;j.

W pracy [P1] rozwigzano ten problem za pomocg wstepnego przetwarzania ,,chromosomow”.
,,Chromosom” podzielono na grupy ,,gené6w” odpowiadajace za parametryzacje jednej reakcji
chemicznej. Korzystajac z tego podziatu mozliwe byto wprowadzenie wymagania podczas
inicjalizacji oraz reprodukcji ,.,chromosomow”. Wymaganie to wymuszato, by warto$ci
prawdopodobienstwa zaj$cia kazdej reakcji wynosity pomiedzy 1% a 10%. Warunek ten
wymusil, by reakcje zachodzity w symulacji bez koniecznosci zwigkszania ztozonos$ci funkcji
straty. Podczas gdy funkcja straty wymaga zrealizowania calej symulacji w celu oceny
,chromosomu”, warunek ten wymaga jedynie wykonania pierwszego kroku symulacji.
Oznacza to, ze zapewnienie spelnienia tego warunku nie wymaga takich nakladéw
obliczeniowych, jakim jest ocena ,,chromosomu’ za pomocg funkc;ji straty.

Grupowanie ,,genow” zostalo tez wykorzystane w procesie krzyzowania ,,chromosomow”.
Zamiast wymiany pojedynczych ,,genéw”, ,,chromosom potomny” zostaje ztozony z grup
,»genow” swoich rodzicow. Oznacza to, ze wszystkie wartosci parametryzujace jedng reakcje
chemiczng pochodza od tego samego rodzica. Proces ten zostal opisany za pomoca
réwnania 21:

Chr3 = |[{(p=0) - Chr! + (p=1) - Chr?|i e C" Ni<n}, (21)
gdzie:

e Chr!, Chr? —, chromosomy potomne”,

e Chr’-,chromosom potomny”,

° Chri1 — i-ta grupa ,,gen6w”’ ,,chromosomu” pierwszego,

e p — zmienna losowa, ktorej warto$¢ jest okreslana z binarnej dystrybucji
prawdopodobienstwa.

Rozwigzanie to sprawito, Ze ,,chromosomy potomne” sg stabilniejsze. Dzieje si¢ tak dlatego, ze
otrzymuja w ten sposob wszystkie wartosci parametryzujace reakcj¢ chemiczng od jednego
rodzica. Poniewaz tylko ,,zwycigskie chromosomy” sg wykorzystywane do reprodukcji, kazda
grupa ,,genoOw”’ relatywnie dobrze parametryzuje jedng reakcje chemiczng.

Tak skonfigurowany algorytm genetyczny zostal wykorzystany do wytrenowania modelu
szlaku metabolicznego cyklu Krebsa. Rysunek 3 przedstawia wykresy st¢zen monitorowanych
metabolitow. Tabela 3 porownuje wartosci poczatkowe stezen z ustabilizowanymi warto$ciami
koncowymi.
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Rys. 3 — Wynik symulacji cyklu Krebsa [P1]. Na wykresie zostaly zaprezentowane pierwsze 6 godzin
symulacji.

Tabela 3 - Wyniki symulacji cyklu Krebsa [P1]. Wyniki modelu symulacyjnego zostaly usrednione z
prob eksperymentu.

Metabolit Poczatkowa Stezenie | Stezenie koncowe | Relatywna roznica
poczatkowe (literatura) | (model)

Pirogronian (PYR) 0.0586 0.0586 0.0%

Acylokoenzym A (ACCOA) | 0.05 0.5028 +0.55%

Szczawiooctan (OXO) 0.006 0.0059 -1.5%

Cytrynian (CIT) 0.19 0.1994 +4.96%

Izocytrynian + cis-Akonitan | 0.0216 0.0216 0.0%

(ISO)

Alfaketoglutaran (KETO) 0.54 0.5346 -1.01%

Bursztynylo-CoA +10.73 0.6473 -11.33%

Bursztynian (SCA)

Fumaran (FUM) 0.485 0.467 -3.72%

Jablczan (MAL) 0.495 0.4847 -2.08%

Reakcje cyklu Krebsa byly symulowane przez 24 wirtualne godziny. Modelowany system
uzyskal stabilno$¢ po 5.5 godziny. Rezultaty zostaly uznane za akceptowalne, poniewaz
najwicksza relatywna rdznica zostala uzyskana przez potaczenie bursztynylo-CoA i
bursztynianu i wynosita ona -11.33%.
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Tak wytrenowany model zostal przetestowany poprzez symulacje cyklu Krebsa pod dzialaniem
leku hamujacego jedna z reakcji cyklu. W tym celu zostalo wybrane badanie [43], ktére
dostarczylo wartosci stezen metabolitow po podaniu lekéw w terapii przeciwnowotworowe;.
Model cyklu Krebsa zostat przetestowany poprzez sprawdzenie, czy przy zahamowaniu reakcji
chemicznej opisanej w badaniu uzyska on stan szlaku metabolicznego poréwnywalny z
wynikami badania.

Badanie to sprawdzito wplyw Tamoxifenu, leku wykorzystywanego w leczeniu raka piersi, w
pofaczeniu z lekami uzywanymi przez cukrzykéw — Metforminy i Phenforminy. Pomyst na
uzycie tych lekow w terapii przeciwnowotworowej podyktowany byt wynikami obserwacji
klinicznych [44-46]. Jedng z metod oceny jakosci terapii byl pomiar stezen substancji w cyklu
Krebsa. Cykl Krebsa jest bardzo wazny dla komoérek rakowych ze wzgledu na ich wysokie
zapotrzebowanie na energi¢. W efekcie, zmniejszenie efektywnosci reakcji cyklu Krebsa i
zmniejszenie st¢zenia metabolitbw moze potwierdzi¢ efektywnos$¢ zastosowanej metody
leczenia.

W toku pracy udato si¢ poprawnie zamodelowa¢ wplyw Tamoxifenu w potaczeniu z
Metforming lub Phenforming. Tabele 4 i 5 przedstawiajg poréwnanie symulowanych wartosci
stezen z warto$ciami rzeczywistymi [43]. Ze wzgledu na trudno$ci w uzyskaniu wartosci stezen
metabolitow w badaniu [43] nie wszystkie metabolity cyklu Krebsa zostaty uwzglednione w
tabelach.

Tabela 4 - Porownanie warto$ci stezen podczas terapii z wykorzystaniem Metforminy [P1]. Wyniki
modelu symulacyjnego zostaty usrednione z prob eksperymentu.

Metabolit Zmiana st¢zenia po podaniu | Zmiany w wynikach
Metforminy i Tamoxifenu w | symulacji modelu
porownaniu do braku terapii [43]

Pirogronian (PYR) -35% -35%

Cytrynian (CIT) -15% -16.18%

[zocytrynian (ISO) -40% -39.17%

Alfaketoglutaran (KETO) -55% -54.47%

Fumaran (FUM) -37% -37.03%

Jabtczan (MAL) -39% -39.43%
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Tabela 5 - Porownanie wartos$ci stezen podczas terapii z wykorzystaniem Phenforminy [P1]. Wyniki
modelu symulacyjnego zostaty usrednione z prob eksperymentu.

Metabolit Zmiana stgzenia po podaniu | Zmiany w wynikach symulacji
Phenforminy i Tamoxifenu w | modelu
porownaniu do braku terapii [43]

Pirogronian (PYR) -65% -65%

Cytrynian (CIT) -60% -59.28%

[zocytrynian (ISO) -65% -63.91%

Alfaketoglutaran (KETO) -80% -79.38%

Fumaran (FUM) -50% -50.84%

Jabtczan (MAL) -53% -53.22%

Model cyklu Krebsa zostal oceniony poprzez sprawdzenie jego wynikOw w scenariuszu
symulowania uzycia Phenforminy lub Metforminy i Tamoxifenu. Poprzez poréwnanie
wynikow eksperymentalnych z symulacyjnymi uznano, ze model dziata prawidtowo. Nast¢pnie
postanowiono wykorzysta¢ wytrenowany i przetestowany model do zasymulowania warto$ci
stezen pozostatych metabolitow, niemierzonych w badaniu [43]. Wyniki tych potaczen zostaty
przedstawione w tabeli 6 1 7. Przebieg symulacji zostat zwizualizowany na rysunkach 4 1 5.
Przedstawiaja one przebiegi symulacji, w czasie ktorych wartosci st¢zenia substancji
ustabilizowaly si¢ na poziomach przedstawionych w tabelach 6 i 7. Uzyskano w ten sposdb
wartos$ci st¢zen substancji, ktore nie zostaly pomierzone w badaniu [43]. Najwigkszy spadek
zostal zaobserwowany dla potaczenia bursztynolo-CoA i bursztynianu wynoszaca -84.75%.
Biorac pod uwagg, ze wedtug badania [43] warto$¢ alfaketoglutaranu spadta o -80% (wedtug
symulacji o -79.38%), to spadek ten jest prawdopodobny.
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Tabela 6 - Porownanie wynikéw symulacji pod wptywem zahamowania reakcji wywotanych uzyciem
Tamoxifenu i Phenforminy [P1]. Wyniki modelu symulacyjnego zostaty usrednione z prob
eksperymentu.

Metabolit Stezenie poczatkowe | Stezenie koncowe | Relatywna roznica
(wartos¢ literaturowa) | (wartos¢ symulowana)
Pirogronian  (skréty | 0.0205 0.0205 0.0%
jezeli majg)
Acetylo-CoA 0.5 0.4129 -17.42%
Szczawiooctan 0.006 0.0025 -58.7%
Cytrynian 0.1899 0.0773 -59.28%
Izocytrynian + cis- | 0.0056 0.002 -63.91%
Akonitan
Alfaketoglutaran 0.3764 0.0776 -79.38%
Bursztynylo-CoA  + | 0.73 0.1113 -84.75%
Bursztynian
Fumaran 0.1825 0.0897 -50.84%
Jablczan 0.4335 0.2028 -53.22%

Tabela 7 - Poré6wnanie wynikow symulacji pod wptywem zahamowania reakcji wywolanych uzyciem
Tamoxifenu i Metforminy [P1]. Wyniki modelu symulacyjnego zostaly usrednione z prob
eksperymentu.

Metabolit Stezenie poczatkowe | Stezenie koncowe | Relatywna roznica
(literaturowa) (symulowana)

Pirogronian 0.0381 0.0381 0.0%

Acetylo-CoA 0.5 0.3676 -26.49%

Szczawiooctan 0.006 0.0044 -27.46%

Cytrynian 0.1466 0.1229 -16.18%

Izocytrynian + cis- | 0.0081 0.0049 -39.17%

Akonitan

Alfaketoglutaran 0.3596 0.1637 -54.47%

Bursztynylo-CoA  + | 0.73 0.2346 -67.86%

Bursztynian

Fumaran 0.3272 0.206 -37.03%

Jablczan 0.5235 0.3171 -39.43%
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Rys. 4 — Zmiany stgzen substancji w symulacji cyklu Krebsa w czasie zastosowania Tamoxifenu i
Phenforminy [P1].

Rys. 5 — Zmiany stezenia substancji w symulacji cyklu Krebsa w czasie zastosowania Tamoxifenu i
Metforminy [P1].
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Szlak Pentozofosforanowy

Szlak Pentozofosforanowy (PPP) jest szlakiem metabolicznym, ktérego gléwnym substratem
jest glukozo-6-fosforan (G6P). Produkty PPP sg kluczowe w tworzeniu nowych komorek, ze
wzgledu na fakt, ze dostarcza on cukru, rybozy, stanowiacej element rybonukleozydow i
rybonukleotydow. PPP jest jednym ze szlakow metabolicznych, ktory wykazuje zwigkszong
aktywno$¢ w komodrkach nowotworowych. W porownaniu do zdrowych komorek, aktywnos¢
PPP w komorkach nowotworowych jest nawet 8 razy wigksza [P2]. Z tego powodu konieczne
jest opracowanie lekow o dziataniu przeciwnowotworowym, ktorych zadaniem jest blokowanie
okreslonych reakcji chemicznych w PPP. Rysunek 6 przedstawia pogladowy schemat PPP.

Rys. 6 - Schemat PPP [P2].

PPP zostato zamodelowane w oparciu o Teori¢ Kolejek i rownania Michaelisa-Menten zgodnie
z procedurami okreslonymi dla cyklu Krebsa. Szlak ten zostat opisany reakcjami chemicznymi
przedstawionymi w tabeli 8. Tak jak w przypadku cyklu Krebsa, model zostat wytrenowany w
celu uzyskania punktu stabilno$ci, jak najblizej wartosci poczatkowych. Zrealizowano to za
pomoca funkcji straty minimalizujacej réznice pomie¢dzy Srednig wartoscig koncowej fazy
symulacji, a warto§ciami poczatkowymi. W celu zapobiegnigcia wyzerowania
prawdopodobienstwa zaj$cia reakcji wykorzystano grupowanie ,,genow”’ w ,,chromosomie”, by
wymusi¢ odpowiednie prawdopodobienstwo zajscia wszystkich reakcji na poczatku symulacji.
Wykorzystanie tego mechanizmu umozliwito na prawidtowe wytrenowanie modelu. Efekty
trenowania modelu zostaly przedstawione w tabeli 9. Przebieg symulacji w warunkach
normalnej pracy PPP zostal przedstawiony na rysunku 7.
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Tabela 8 - Reakcje zamodelowane w PPP [P2].

Numer reakcji Reakcja

1 G6P + NADP" — PGL + NADPH+H"

2 PGL + H,0 — 6PG+H"

3 6PG + NADP" — Ru5P + NADPH + H" + CO,
4A Ru5P — R5P

4B Ru5P — X5P

5 RSP + X5P — G3P + S7P

6 X5P + E4P — G3P + F6P

7 G3P + S7P — E4P + F6P

Tabela 9 - Wyniki wytrenowanego modelu szlaku pentozofosforanowego usrednione sposrod prob

eksperymentu [P2].
Metabolit Stezenie poczatkowe | Stezenie koncowe | Relatywna roznica
(literaturowa) (symulowana)

G6P 0.0026 0.0026 0.0%
NADP" 0.001 0.001 0.0%
NADPH 0.0002 0.0002 0.0%
PGL 5.0e-6 9.3e-6 +86.0%
6PG 0.018 0.019 +5.5%
RuSP 0.012 0.012 0.0%
RSP 0.009 0.009 0.0%
X5P 0.018 0.018 0.0%
G3P 0.00234 0.00242 +3.4%
S7p 0.068 0.062 -8.8%
E4P 0.004 0.004 0.0%
FoP 0.083 0.079 -4.8%
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Rys. 7 - Symulacja szlaku pentozofosforanowego w warunkach normalnych [P2].

Trenowanie modelu zakonczylo si¢ sukcesem, poniewaz wszystkie substancje poza PGL
zmienity ilo$¢ poczatkowego stezenia ponizej 10%, co pokazano w tabeli 9. Wysoka zmiana
PGL jest akceptowalna, poniewaz jest to substancja przechodnia. Jakakolwiek ilos¢ PGL
prawie natychmiast zostaje zamieniona w 6PG, przez co jego wysoka wariancja jest zjawiskiem
oczekiwanym [P2].

W celu przetestowania modelu efekty symulacji zostaly poréwnane z wynikami badan
empirycznych [44]. W artykule opisano efekt redukcji ekspresji genu kodujacego enzym PGD
w komorkach raka ptuc. Redukcja ekspresji genu jest technikg wykorzystywang w badaniach
molekularnych. Prowadzi to do tymczasowego zmniejszenia lub wygaszenia funkcji tego genu
w komorkach lub organizmie, a co za tym idzie do obnizenia liczby czasteczek enzymu PGD
w komorkach. Obnizenie ilo$ci enzymu PGD wplywa na obnizenie szybkosci reakcji, ktora
enzym ten katalizuje, co w efekcie spowalnia rozwoj guza. Proces ten wplynal na stezenie
niektorych substancji w PPP. Stezenia PGL 1 6PG zwigkszyly si¢ odpowiednio 7.91 11 razy w
poréwnaniu do komorek, w ktérych nie wywotlano redukcji ekspresji genu PGD. Natomiast
stezenie G3P zmalalo 3.8 razy. Warunki te zostaly odwzorowane na wytrenowanym modelu
poprzez zahamowanie reakcji dehydrogenazy 6-fosgoglukonianowej (PGD). Reakcja ta
opisana jest w tabeli 8 pod numerem trzecim. Tabela 10 przedstawia wyniki symulacji i
zestawia je z empirycznie uzyskanymi wynikami.
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Tabela 10 - porownanie wynikow symulacji PPP z badaniem empirycznym. Wyniki modelu
symulacyjnego zostaly usrednione z prob eksperymentu [P2].

Metabolit Zmiana Wynik symulacji | Wynik symulacji | Wynik symulacji
zaobserwowana w | przy 95% | przy 98% | przy 100%
badaniu [44] zahamowaniu zahamowaniu zablokowaniu

reakcji reakcji reakcji

PGL +7.9x +5.24x +6.08x +7.89x

6PG +11.0x +11.88x +14.56x +21.8x

G3P -3.8x -2.63x -3.85x -14.29x

Blokowanie reakcji 3 w modelu pozwolilo na odwzorowanie wynikdw zaobserwowanych
podczas badania empirycznego [44]. Kazda zmian¢ zaobserwowana w badaniu [44] udato
si¢ odwzorowac¢ za pomoca symulacji in silico oraz modyfikacji hamowania reakcji. Na tej
podstawie stwierdzono poprawnos¢ zrealizowanego modelowania. Tak zaprojektowany model
moze postuzy¢ do eksperymentowania in silico w celu opracowania nowych lekow 1 terapii
celujacych we wplywanie na aktywnos¢ PPP.

Beta-oksydacja kwasow tuszczowych

Beta-oksydacja kwasow tluszczowych odgrywa istotng role w przetwarzaniu energii dostgpne;j
wewnatrz komorki [P3]. Beta-oksydacja prowadzi do skrocenia tancuchéw kwasow
thuszczowych w celu wytworzenia acetylo-CoA, a takze NADH oraz FADH> [45]. Réwnania
chemiczne oraz ich wzajemne interakcje przedstawiono na rysunku 8. Celem modelowania jest
poprawne odzwierciedlenie wartos$ci stezen metabolitow zawierajacych tancuchy weglowe o
réznej liczbie atomow wegla (C16, Cl14, C12, C10, C8, C6, C4) w czasie procesu
,fozszczepiania” na krotsze tancuchy. Wartosci te sa wynikiem zsumowania stezen wszystkich
metabolitow w modelu o rownolicznym tancuchu.

Rys. 8 — Schemat pogladowy reakcji chemicznych modelowanych w beta-oksydacji kwasow
thuszczowych [P3].
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Funkcja straty majaca poprowadzi¢ algorytm genetyczny do znalezienia prawidlowych
warto$ci parametryzujacych symulacj¢ ulegta zmianie. W przeciwienstwie do modeli cyklu
Krebsa oraz PPP, beta-oksydacja kwasow tluszczowych byta dostosowana poprzez
odwzorowanie punktéw w czasie wyznaczonych przez badanie empiryczne [46].

Z badan uzyskanych w [46] wytypowano 10 wektorow st¢zen metabolitow bioracych udziat w
beta-oksydacji kwasow tluszczowych tworzacych szereg czasowy. Kazdy z wektoréw zawierat
stezenia metabolitow o réznych dlugosciach tancuchow weglowych: C16, C14, C12, C10, C8,
C6 oraz C4. Z tego badania zostaty do trenowania wytypowane trzy wektory, tj.:

e wektor w czasie rozpoczecia beta-oksydacji kwasoéw thuszczowych - w celu inicjalizacji
stanu symulacji,

e wektor zmierzony po uptywie 1/3 czasu badania — jako wzorzec dla funkcji straty,

e wektor zmierzony pod koniec badania — jako wzorzec dla funkc;ji straty.

Wektory zmierzone po uptywie 1/3 badania oraz pod koniec badania zostaty wykorzystane do
wytrenowania modelu. Pozostate wektory postuzyty jako wyznaczniki jako$ci treningu modelu.
Funkcja straty realizujgca to zadanie sktada si¢ z podfunkcji oceniajacej odlegtos¢ wektora
uzyskanego w drodze symulacji od wektora zmierzonego w czasie badania empirycznego.
Podfunkcja ta zostata opisana wzorem 22:

{4,6,8,10,12,14,16} 2

BEX)= Y (X;_Xj 22

1

i=1

gdzie:

e X — wektor symulowanego stezenia metabolitu o danej dtugoéci tancucha weglowego,

e X —wektor st¢zenia zaobserwowany podczas badania empirycznego,

e X;— wartos$¢ stezenia metabolitow o i-tej dtugosci tancucha weglowego. Przyktad: dla
i=10, X; odpowiada stezeniu metabolitow o dtugosci tancucha weglowego C10.

Funkcja straty zostala zdefiniowana z wykorzystaniem opisanej podfunkcji. Wzor 23
przedstawia postac¢ funkcji straty:

£(R XX X)) =6, (XX +4, (.x2) (23)
gdzie:

e X' - wektor symulowanego stezenia po uptywie 1/3 symulacji,

e X’ wektor symulowanego st¢zenia metabolitoéw pod koniec symulacji,

o X! — wektor stezenia zaobserwowany podczas badania empirycznego po uptywie 1/3
badania,

e X? — wektor stezenia zaobserwowany podczas badania empirycznego pod koniec
badania.

Funkcja straty opisana réwnaniem 23 ma za zadanie pokierowa¢ procesem trenowania modelu,
by ten odwzorowat wyzej wymienione punkty pomiarowe badania empirycznego. Pozostate
wektory nie byly wykorzystane w czasie trenowania modelu, lecz stluzyly za wyznacznik
stopnia generalizacji procesu uczenia.

Wynik symulacji zostat przedstawiony na rysunku 9. Na rysunku zostaly przedstawione
stezenia metabolitow zalezne od czasu. Punkty wraz z zakresami reprezentuja warto$ci
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zmierzone w czasie empirycznego badania [46]. Zadaniem modelu byto jak najlepsze
odwzorowanie przedziatdéw warto$ci wyznaczonych przez punkty i zakresy.

Rys. 9 — Wynik symulacji modelu beta-oksydacji kwasow ttuszczowych [P3].

Model ten zostal potaczony wraz z modelami cyklu Krebsa oraz szlaku pentozofosforanowego
w jeden duzy model [P5]. W ten sposob powstat model komorki biologicznej, ktory jest
przedmiotem tej pracy. Za jego pomocg mozliwa jest identyfikacja kluczowych punktow w
szlakach metabolicznych, ktorych zmiany za pomocg lekoéw moga by¢ wykorzystane w terapii.

Odpowiedz komorkowa na insuling

Dodatkowo, zamodelowano odpowiedz komorkowa na insuling, ktora to nadzoruje i utrzymuje
odpowiedni poziom glukozy we krwi [P4]. Mechanizm ten wykorzystuje kompleksy mTOR.
Kompleksy te reguluja metabolizm komorki wptywajac na procesy takie jak glikoliza, cykl
Krebsa, czy beta-oksydacja kwasow thuszczowych [47].

mTOR taczy si¢ z innymi proteinami i tworzy dwa kompleksy biatkowe: mTORCI1 oraz
mTORC2. Te kompleksy sa odpowiedzialne za regulacj¢ wielu waznych procesow
wewnatrzkomorkowych takich jak rozwdj komorki, synteza protein, czy transkrypcja
DNA [48]. Rysunek 10 przedstawia diagram zamodelowanych reakcji chemicznych kinazy
mTOR.
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Rys. 10 — Diagram reakcji chemicznych w modelu kinazy mTOR [P4].

Model zostal wytrenowany w celu odwzorowania szlaku sygnalizacyjnego odpowiedzi
komorkowej na insuling zgodnie z obecnym stanem wiedzy [52, 53]. W badanym modelu
przeprowadzono analize¢ wptywu aktywnosci kompleksu biatkowego mTORCI na liczbe
czasteczek GLUT4 gotowych do transportu glukozy w komoérkach. Na proces ten wptywa
réwniez jeden z enzyméw glikolitycznych — GAPDH. W zaleznosci od poziomu jego
aktywnos$ci w glikolizie moze on wptywac¢ na liczb¢ mobilizowanych czasteczek GLUT4 [P4].

Wyniki modelu zostaly przedstawione na rysunku 11. Rysunek przedstawia zalezno$¢
pomiedzy liczba molekut GLUT4 in vesciles, a stopniem zajetosci GAPDH dla rdznej
aktywnos$ci mTORCI. Kiedy system mTORC jest nieblokowany (aktywnos¢ 100%) 200 000
molekul GLUT4 jest wykorzystywanych do transportu glukozy do komorki. Jednakze, na
liczbe tych komoérek ma wplyw aktywno$¢ komorki, ktora zalezy od ,,zaj¢tosci” GAPDH oraz
aktywnosci mTORC. Rysunek 11 przedstawia efekt zmniejszania aktywnosci mTORC
(osiagalng poprzez podanie odpowiednich lekéw) na liczbe czasteczek GLUT4 dla réznych
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stopni ,,zajetosci” GAPDH. Wyniki zaprezentowane na rysunku 11 wskazuja na to, ze leki
hamujace aktywno$¢ mTORC (o przynajmniej 50%) maja znaczacy wplyw na liczbe
czasteczek GLUT4 kierowanych do btony komodrkowej w celu transportu glukozy wewnatrz
komorki. Podobne wnioski mozna wysnu¢ z rezultatow badan opisanych w artykutach [49] [50]
potwierdzajac dzialanie zaimplementowanego modelu.

Rys. 11 - wynik modelowania kinazy mTOR. Relacja pomig¢dzy liczbg molekut GLUT4 in vesciles oraz
poziomem "zaj¢tosci” GAPDH [P4].

W artykutach P1 — P4 wykorzystano Teori¢ Kolejek w celu zamodelowania metabolizmow
cyklu Krebsa [P1], szlaku pentozofosforanowego [P2], beta-oksydacji kwasow tluszczowych
[P3] oraz odpowiedzi komérkowej na insuling [P4]. W artykule [P5] opisano potaczenie cyklu
Krebsa, szlaku pentozofosforanowego oraz beta-oksydacji kwasow thuszczowych w jeden
model. Udowodniono w ten sposob teze pierwsza.

Modele metabolizméw wykorzystywaty uklady réwnan Michaelisa-Menten w celu obliczenia
predkosci reakcji substancji chemicznych. W celu dostrojenia rownan wykorzystano wstepne
przetwarzanie wektorow parametryzujacych symulacj¢ do zmodyfikowania algorytmu
genetycznego. Przetwarzanie to polegalo na pogrupowaniu gendéw odpowiadajacych za
parametryzacje tego samego rownania Michaelisa-Menten w grupy znaczeniowe. Tak
zdefiniowane grupy znaczeniowe wykorzystano w celu implementacji mechanizmu
dziedziczenia. Wprowadzenie tego mechanizmu pozwolito na zredukowanie wymiarowosci
funkcji straty oraz uzyskanie lepszych wynikéw dopasowania modelu. Udowodniono w ten
sposob teze druga.
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5. Metodyka badan w procesie wspomagania wykrywania wybranych
chorob onkologicznych i kardiologicznych

Glegbokie sieci neuronowe sa jednym z nielicznych algorytmow bedacych w stanie
przetwarza¢ dane nieustrukturyzowane. Przez dane nieustrukturyzowane rozumiane sg dane,
ktore nie mozna przechowywaé w tabelach ztozonych z wierszy i kolumn. U podstaw
wigkszosci algorytméw uczenia maszynowego, takich jak las losowy [51], czy xgboost [52]
lezy zalozenie, ze dane sg ustrukturyzowane. W efekcie glebokie sieci neuronowe zdobyty
wielkg popularno$¢ bedac jednym =z niewielu rozwigzan mogacych przetwarzaé
nieustrukturyzowane dane w postaci tekstu, obrazéw czy sygnatow.

Ta cecha pracy sieci neuronowych jest czgsto wykorzystywana przez rozne zespotly
badawcze, cho¢ wstepne przetwarzanie wektoréw uczacych umozliwia zwigkszenie
doktadno$ci przetwarzania przez sie¢ neuronowa. W niektdrych przypadkach odpowiednio
zrealizowane przetwarzanie danych pozwala wrecz na uzyskanie wyzszej jakosci interpretacji
danych korzystajac z mniej ztozonego modelu niz w przypadku podania nieprzetworzonych
danych na wejscie glebokiej sieci neuronowej [P7].

W tej czg$ci pracy zostato przedstawione zastosowanie wstepnego przetwarzania wektoréw
uczacych w celu poprawy procesu wykrywania wybranych choréb onkologicznych i
kardiologicznych. Dalsza cz¢$¢ pracy zostata podzielona na dwie sekcje. W sekcji pierwszej
zaproponowano system ASI do wspomagania wykrywania Ostrej Biataczki Limfoblastycznej
(ALL — Acute Lymphoblastic Leukemia) na podstawie mikroskopowych zdje¢ krwi. W sekcji
drugiej zaproponowano model systemu do wykrywania i klasyfikacji wybranych choréb
kardiologicznych na podstawie sygnatow EKG.

5.1 Wykrywanie Ostrej Bialaczki Limfoblastycznej

Ostra biataczka limfoblastyczna (ALL), jest terminem opisujacym grupg nowotworow uktadu
limfatycznego. Zachorowania dominujg u dzieci wieku od 2 do 5 lat [53]. Diagnozowanie ALL
obejmuje przede wszystkim analiz¢ zdje¢ mikroskopowych krwi i szpiku kostnego [54].

W celu realizacji badan wykorzystano zdjg¢cia limfocytow osob zdrowych oraz pacjentow z
ALL [55]. Zdjecia pochodzg ze zbioru ALL-IDB, pobranego za zgoda wiascicieli. Baza danych
ALL-IDB ma dwie wersje: ALL-IDB1 i ALL-IDB2. W tym cyklu badan przeprowadzono
eksperymenty na obrazach z ALL-IDB2. ALL-IDB2 to zestaw wyselekcjonowanych
mikroskopowych rejestracji wizualnej krwi pobranych od 0séb zdrowych i pacjentow z ALL.
Zbior ALL-IDB2 przechowuje 260 zdje¢, na ktérych znajduje si¢ tylko jedna komorka.
Rysunek 12 przedstawia przykladowe zdjecia z bazy ALL-IDB2 prezentujace limfocyty osob
zdrowych. Przyktadowe limfocyty osob chorych sg przedstawione na rysunku 13.
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Rys. 22 - prezentacja przykladowych zdje¢ mikroskopowych przedstawiajacych limfocyty osob
zdrowych [P6].

Rys. 13 - prezentacja przyktadowych zdje¢ mikroskopowych przedstawiajacych limfocyty osob chorych
na ALL [P6].

Analizowane s3 zdjecia mikroskopowe limfocytéw. Kazde zdjecie jest nieposiadajacym
struktury, tréjwymiarowym tensorem posiadajagcym setki tysiecy bajtow. Tak duza liczba
danych utrudnia opracowanie interpretowalnego algorytmu klasyfikujacego. Ponadto, przy tak
duzej ilosci danych zwigkszona jest podatnos¢ algorytmoéw ASI na przeuczenie. Z tego powodu
wstepne przetwarzanie tensorOw uczacych jest wskazane w celu poprawienia jakosci
klasyfikacji. Dodatkowo, prawidlowe zrealizowanie wstgpnego przetwarzania danych
wejsciowych umozliwia uproszczenie systemu, co skutkuje wieksza odpornoscia na
przeuczenie i poprawiong interpretowalno$cia zachodzacych procesow.

Na poczatku zostaly zrealizowane badania majace na celu okreslenie jakosci wynikow
generowanych przez analiz¢ surowych danych. W tym celu wykorzystano glebokie
konwolucyjne sieci neuronowe (z ang. Convolutional Neural Networks, CNN). Najlepszy
wynik pracy CNN postuzyt za baze pordwnawcza do oceny jakosci zastosowanych technik
przetwarzania danych. Wstepne przetworzenie danych wejsciowych ma za zadanie albo
poprawi¢ jako$¢ klasyfikacji, albo wielokrotnie zmniejszy¢ liczbe parametrow modelu
koniecznych do osiggni¢cia satysfakcjonujgcego wyniku. Im model ma mniej parametrow, tym
bardziej jest odporny na przeuczenie i tym latwiej mozna zrozumie¢, jak on dziala.

W badaniu zaprezentowanym w [P6] wykorzystano nizej opisane sieci neuronowe.

e Prosta sie¢ CNN o homogenicznej strukturze.

e Sie¢ MobileNet V2 [56]. Sie¢ ta ma wiecej parametréw od sieci CNN. Dodatkowo,
posiada ona specjalnie utworzone techniki w swej strukturze majace na celu
poprawienie jakosci klasyfikacji. Do tych technik naleza: sploty z separacja giebi,
liniowe waskie gardta oraz odwrdcone potaczenia rezydualne. Sie¢ MobileNet V2
zostala udostgpniona przez jej autordw i jest szeroko wykorzystywana w pracach
naukowych i przemystowych.
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e Sie¢ MobileNet V2 wstepnie wytrenowana na zbiorze ImageNet [57]. Ten wariant sieci
posiada parametry zoptymalizowane pod rozwigzanie zadania bedacego cze¢scia
konkursu ImageNet. W tym zadaniu sie¢ realizowata 1000-klasowa klasyfikacje
obiektéw wystepujacych w zyciu codziennym.

Wyniki sieci neuronowych zostaly przedstawione w tabeli 11. Najlepszym rozwigzaniem
okazata si¢ sie¢ MobileNet v2, ktora uzyskata doktadnos¢ klasyfikacji na poziomie 92.8%.

Tabela 11 — porownanie wynikow sieci neuronowych przetwarzajacych surowe dane. Przedstawione
wartosci zostaty usrednione z prob eksperymentu.

Nazwa Przetrenowanie Doktadnosc
MobileNet v2 Tak 92.8%
CNN Nie 90.0%
MobileNet v2 Nie 80.1%

W celu uzyskania warto$ci bazowej dla przetwarzania surowych danych postanowiono jeszcze
zrealizowaé data augmentation. Procedura ta umozliwia sztuczne zwigkszenie liczby
przyktadow treningowych poprzez wprowadzanie losowych modyfikacji wykorzystujac
techniki przetwarzania obrazéw. W ten sposdb mozna tworzy¢ rézne wersje tego samego
obrazu dostarczajac modelowi ASI wiece] wzorcow uczacych. Zastosowano nastgpujace
techniki data augmentation:

fluktuacja koloru,
rozmycie gaussowskie,
odwrdcenie w poziomie,
odwrdcenie w pionie,
obrét pozycji.

Na rysunku 14 przedstawiono przyktadowe zastosowanie tych technik. Ze wzgledu na waznos¢
koloru w obrazach biomedycznych wyszczegélniono dwa tryby zastosowania data
augmentation: z fluktuacja koloru i bez niej. Tabela 12 przedstawia wyniki najlepszej
architektury sieci neuronowej (MobileNet V2 przetrenowane na zbiorze /mageNet) wraz z
zastosowaniem data augmentation.
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Rys. 14 - przykladowe zastosowanie technik data augmentation. A. brak modyfikacji, B. fluktuacja
koloru, C. rozmycie gaussowskie, D. obrocenie w poziomie, E. odwrocenie w pionie, F. obrot o losowy
kat [P6].

Tabela 12 - przedstawienie wynikéw sieci neuronowej po zastosowaniu data augmentation. Dane
zawarte w tabeli pochodza z [P6]. Wyniki modeli zostaty usrednione z prob eksperymentu.

Nazwa Data Augmentation Doktadnosc

MobileNet v2 [P6] | Tak, bez modyfikacji koloru | 94.8%

MobileNet v2 [P6] | Tak 93.8%

MobileNet v2 [P6] | Nie 92.8%

Wraz z tym badaniem uzyskano baz¢ poréwnawcza dla badania efektywnosci klasyfikacji na
podstawie surowych danych wejsciowych. Najlepszy wynik osiggneta sie¢ MobileNet v2
wstepnie przetrenowana na zbiorze ImageNet, dla ktorej dane poddano data augmentation bez
modyfikacji koloru. Doktadnos$¢ takiej konfiguracji to 94.8%.

W nastepnym etapie zastosowano wstepne przetwarzanie wektorow uczacych w celu nadania
danym wejsciowym uktadu wektorowego. Do klasyfikacji surowych obrazéw wykorzystano
glebokie sieci neuronowe, poniewaz jest to jeden z niewielu algorytméw bedacych w stanie
przetworzy¢ nieustrukturyzowane dane (w tym przypadku w postaci obrazu). Zastosowanie
wstepnego przetwarzania obrazow w celu ich ustrukturyzowania pozwala dodatkowo na
wykorzystanie algorytméw uczenia maszynowego. Algorytmy uczenia maszynowego z reguty
maja mniej parametréw od glebokich sieci neuronowych, co zwigksza ich odpornos¢ na
przetrenowanie 1 interpretowalnosc.

W poprzednim kroku badawczym w celu poprawienia dokladnosci sieci neuronowych
wykorzystano w czasie treningu dwa tryby data augmentation: uwzgledniajacy fluktuacje
koloru oraz bez niej. Sie¢ neuronowa wykorzystujaca data augmentation bez fluktuacji koloru
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uzyskata doktadno$¢ o 1 punkt procentowy wyzszy od sieci trenowanej ze wszystkimi
technikami data augmentation. Na tej podstawie uznano, ze kolor zawiera informacje
pozwalajace na klasyfikacje wystepowania ALL. W przeciwnym wypadku wprowadzenie
losowych zmian kolorystycznych nie pogorszytoby efektow uczenia.

Positkujac si¢ tym wnioskiem postanowiono zakodowaé obrazy w sposob, ktéry zard6wno
dokona ich ustrukturyzowania, jak i wzmocni znaczenie wartos$ci koloru. W tym celu
postanowiono reprezentowaé obrazy za pomoca histogramu wartosci koloru obrazu. Takie
kodowanie ma nastgpujace zalety:

e Wyraza informacje zawarte w dystrybucji wartosci kolorow.

e Przedstawia dane w postaci, w ktorej pozycja warto§ci w wektorze niesie ze soba
informacje. Przyktadowo, komorka pierwsza wektora zawiera czgsto$¢ wystepowania
warto$ci koloru z zakresu pomigdzy 0 a 5. Oznacza to, ze wartos¢ 10 na pozycji
pierwszej informuje o  10-krotnym  zaobserwowaniu  wartosci  koloru
z zakresu od 0 do 5. Cecha ta pozwala na wykorzystanie algorytméw uczenia
maszynowego takich jak xgboost.

e Redukuje wielko$¢ danych wejsciowych. Obraz w zbiorze ALL-IDB2 ma wymiar 257
x 257 pikseli. Oznacza to, ze kazdy obraz jest trdjwymiarowym tensorem posiadajagcym
198147 wartosci. Histogram posiada zaledwie 51 wartosci. W efekcie zaproponowane
kodowanie redukuje rozmiar danych wejsciowych 3800 krotnie.

Kazdy histogram zostat obliczony na podstawie wartos$ci z tylko jednego kanatu obrazu. Obraz
w formacie RGB posiada trzy kanaly: czerwony, zielony i niebieski. Kazdy z nich byl
reprezentowany za pomocg osobnego histogramu. Dodatkowo, wykorzystano tez kodowanie
HSV do przedstawienia obrazoéw w postaci bardziej przypominajacej ludzkie pojmowanie
kolorow [P7].

Wektory byly interpretowane przez algorytm xgboost. Model ten posiadat 100 drzew, kazde
majace 64 liscie. Oznacza to, ze tacznie model posiadat 6400 parametréw. Dla poréwnania,
sie¢ neuronowa MobileNet v2 wykorzystuje 3.4 miliona parametréw, ponad 500 razy wigce;j.
W toku eksperymentéw wykazano, ze kanal zielony i kanal odcieni (z ang. hue) kodowania
HSV uzyskaly wysoka doktadno$¢ klasyfikacji. Wyniki zostaty przedstawione w tabeli 13 wraz
z najlepsza siecig neuronowa dla poréwnania.

Tabela 13 — poréwnanie systemow ASI wykorzystujacych wstepne przetwarzanie wektorow w
porownaniu do interpretacji surowych danych. Dane zawarte w tabeli pochodza z [P6][P7]. Wyniki
modeli zostaty usrednione z prob eksperymentu.

Model Kanat Doktadnosc Liczba parametrow
Xgboost [P7] G 96.0% 6400

MobileNet v2 [P6] RGB 94.8% 3400000

Xgboost [P7] H 94.0% 6400

Algorytm xgboost interpretujacy histogramy koloru zielonego uzyskat o 1.2 punktu
procentowego lepszy wynik od glgbokiej sieci neuronowej. Algorytm ten uzyskat lepsza jakos¢
przetwarzania majac jednoczesnie ponad 500 razy mniej parametroOw i interpretujac dane
wejsciowe o okoto 3800 razy mniejszym rozmiarze. Wprowadzenie wstgpnego przetwarzania
wektorow uczacych umozliwito zardwno zwickszenie doktadnosci systemu ASI, jak i znacznie
zmniejszylo ztozono$¢ obliczeniowg realizowanych dziatan.
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W toku realizowanych badan przeprowadzono analize¢ eksploracyjna danych wejsciowych w
celu wyeksponowania cech. Powodem tej analizy byly przestanki wskazujace na zalezno$¢
pomiedzy warto$ciami odcieni (z ang. hue) otoczenia limfocytow, a wystepowaniem ALL.
Przestanka ta zostata zwizualizowana za pomocg rysunkow 15 i 16. Obydwa rysunki
przedstawiaja kanat odcieni obrazéw 4 r6znych limfocytow. Rysunek 15 przedstawia limfocyty
0so0b zdrowych. Rysunek 16 prezentuje limfocyty osob chorych.

Rys. 15 - wizualizacja kanatu odcieni limfocytow osob zdrowych [P7].

Rys. 16 - wizualizacja kanatu odcieni limfocytow osob chorych [P7].

W celu zbadania czy roznice w otoczeniu limfocytow u os6b chorych 1 zdrowych
przedstawionych na rysunkach 151 16 wystepuja w calym zbiorze danych postanowiono usung¢
informacje na temat limfocytu, a nast¢pnie wytrenowac system ASI do rozpoznawania ALL na
podstawie danych kodujacych wytacznie otoczenie limfocytu. Informacje dotyczace limfocytu
zostaly usunigte poprzez zastonigcie go czarnym prostokatem. Tak zmodyfikowany obraz
zostat wykorzystany w celu obliczenia histogramu wartosci koloréw. Proces ten zostat
przedstawiony na rysunku 17. Piksele koloru czarnego wynikajace z zastonigcia limfocytu
czarnym prostokatem nie zostaly uwzglednione w histogramie.
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Rys. 17 — wizualizacja procesu usuwania z obrazu informacji dotyczacej limfocytow [P7]. Zdjgcie u
gory przedstawia komorke osoby zdrowej, a na dole pacjenta chorujacego na ALL.

Ostatecznie wytrenowano system ASI w celu rozpoznawania ALL na podstawie histograméw
otoczenia limfocytow. Interpretujac histogramy odcieni otoczenia limfocytow uzyskano
doktadno$¢ na poziomie 93%. Jest to wynik nizszy o zaledwie jeden punkt procentowy od
systemu korzystajacego z informacji o limfocycie i otoczeniu. Na tej podstawie mozna wysnué
whniosek, ze otoczenie limfocytow zawiera informacje umozliwiajace klasyfikacj¢ ALL. Jest to
nowe spostrzezenie, niespotykane wczesniej w literaturze medycznej [P7]. Wyniki uzyskane w
toku tego badania przedstawiono w tabeli 14.

Tabela 14 - zestawienie badan przeprowadzonych w celu wykrycia ALL. Dane zawarte w tabeli
pochodza z [P6], [P7]. Wyniki modeli zostaty usrednione z prob eksperymentu.

Model Kanat Limfocyty Doktadnos¢ Liczba parametrow
Xgboost [P7] G Tak 96.0% 6400

MobileNet v2 [P6] | RGB Tak 94.8% 3400000

Xgboost [P7] H Tak 94.0% 6400

Xgboost [P7] H Nie 93.0% 6400

Zastosowanie wstgpnego przetwarzania wektorow uczacych pozwolito na wprowadzenie
zmian w systemie ASI, ktorych efektem jest zwigkszenie doktadnosci przetwarzania o 1.2
punktu procentowego przy jednoczesnej redukcji parametrow modelu ponad 500 krotnie.
Udowodniono w ten sposob teze czwarta. Dodatkowo, ocena przydatno$ci wstepnego
przetwarzania wektorow pozwolila na przeprowadzenie dodatkowych badan. Efektem tych
badan byto potwierdzenie, ze otoczenie limfocytow takze posiada informacje umozliwiajace
wykrywanie ALL. Jest to wniosek niespotykany w literaturze medycznej [P7].
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Wprowadzenie wstepnego przetwarzania wektorow uczacych zaréwno poprawilo dzialanie
systemu ASI, jak i umozliwilo lepsze zrozumienie zjawisk zachodzacych w badanym zadaniu.
Znalezione zaleznosci daja nadzieje na zapoczatkowanie nowych badan medycznych majacych
na celu lepsze zrozumienie mechanizmoéw rzadzacych funkcjonowaniem ALL.

5.2 Wykrywanie wybranych chorob serca na podstawie analizy sygnalow EKG

Choroby uktadu krazenia pozostaja gtowna przyczyna zgondéw na catym $wiecie [58]. Wsrdd
przyczyn chordb sercowo-naczyniowych jedna z najistotniejszych jest arytmia serca. W
praktyce istnieje jednak wiele rodzajow nieregularnego bicia serca. Dokladna klasyfikacja
r6znych typoéw chorob serca moze pomédc w diagnostyce i leczeniu [59].

W tej pracy przedstawiono propozycje pracy systemu do wykrywania wybranych chordb serca
na podstawie sygnatu EKG. Sygnaly EKG zostaly wybrane z publicznie dostg¢pnej bazy danych
PTB-XL [60]. Baza danych PTB-XL to jeden z najwigkszych publicznie dostgpnych
klinicznych zestawdéw danych EKG, ktory jest przystosowany do wykorzystania w celu oceny
algorytmow uczenia maszynowego (ML). Zestaw danych EKG PTB-XL zawiera 21837
klinicznych, 12-kanatow EKG od 18885 pacjentéw o dlugosci 10 s, probkowanych przy
500 Hz i 100 Hz z rozdzielczo$cig 16 bitow. Baza danych PTB-XL posiada trzy stopnie
doktadnosci etykiet (tabela 15):

e klasyfikacja binarna — okre$lenie czy osoba cierpi na przypadtos¢ kardiologiczna,

e klasyfikacja 5-klasowa — okre$lenie czy osoba jest zdrowa, czy cierpi na jedng z
czterech klas przypadtosci kardiologicznych,

e Kklasyfikacja 20-klasowa — okre§lenie czy osoba jest zdrowa, czy cierpi na jedng z 19
podklas przypadtosci kardiologicznych.
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Tabela 15 - Opis oraz liczno$¢ etykiet w zbiorze PTB-XL o granulacji 20 klas. Opisy zostaty zachowane
w oryginalnej angielskiej wersji [P8].

Klasa Podklasa Liczba Opis
rekordow
NORM | NORM 7185 Prawidlowe EKG
CD LAFB/LPFB | 881 Blok przedniej wiazki lewej odnogi peczka Hisa
IRBBB 798 Blok prawej odnogi pgczka Hisa
CLBBB 527 Kompletny blok lewej odnogi peczka Hisa
CRBBB 385 Kompletny blok prawej odnogi peczka Hisa
IVCD 326 Nieswoiste zaburzenia przewodzenia §rodkomorowego
_AVB 204 Blok przewodnictwa przedsionkowo-komorowego
WPW 67 Zespo6l Wolffa—Parkinsona—White’a
ILBBB 44 Niekompletny blok lewej odnogi pgczka Hisa
STTC STTC 1713 Zmiany ST
NST 478 Niespecyficzne zmiany ST
ISCA 429 Niedokrwienie w odprowadzeniach przednich
ISC 297 Niespecyficzne niedokrwienie
ISCI 147 Niedokrwienne w dolnych odprowadzeniach
MI AMI 1636 Zawal przedniej Sciany serca
IMI 1272 Zawat dolnej §ciany serca
LMI 28 Zawat serca boczny
HYP LVH 733 Przerost lewej komory serca
LAO/LAE 49 Przecigzenie/powigkszenie lewego przedsionka
RAO/RAE 33 Przecigzenie/powigkszenie prawego przedsionka

W toku tej pracy zrealizowano zadania binarnej klasyfikacji, pigcioklasowej klasyfikacji oraz
dwudziestoklasowej klasyfikacji [P8][P9][P10]. Na poczatku zrealizowano zadanie poprzez
wytrenowanie sztucznej sieci neuronowej CNN do przetwarzania surowych sygnalow EKG. W
ten sposob uzyskano baz¢ porownawcza do oceny przydatnosci zaproponowanych technik
wstepnego przetwarzania wektorow uczacych.

Wyniki otrzymane przez sie¢ zostaty przedstawione w tabeli 16. Rezultaty zostaty podzielone
wzgledem liczby klas w zadaniu klasyfikacji. Uproszczony schemat sieci neuronowej zostat
zaprezentowany na rysunku 7.
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Tabela 16 - zestawienie doktadnosci przetwarzania sieci CNN w zaleznosci od liczby klas. Dane zawarte
w tabeli pochodzg z [P8]. Wyniki modeli zostaty usrednione z prob eksperymentu.

Model Liczba klas | Doktadno$¢
Sie¢ CNN [P8] | 2 90.0%
Sie¢ CNN [P8] | 5 75.3%
Sie¢ CNN [P8] | 20 61.3%

W celu poprawy doktadnosci klasyfikacji realizowanej na 20 klasach postanowiono
wykorzystaé wstepne przetwarzanie wektorow w celu realizacji wielomodalnej sieci
neuronowej. Wielomodalna sie¢ neuronowa jest siecig hybrydowa potrafigca przetwarzac kilka
r6znych rodzajow danych. Nowo zaprojektowana sie¢ neuronowa przyjmuje zarOwno Surowy
sygnat EKG, jak rowniez wektor cech wyekstrahowany z sygnatu EKG.

W pracy [P8] postanowiono utworzy¢ wektor cech poprzez obliczenie réznych miar entropii.
Entropie zostaly wybrane ze wzgledu na ich umiejetno$¢ opisania zaleznosci pomig¢dzy
czgstotliwosciag wystgpowania stanow sygnatu. Cecha ta jest trudna do odwzorowania przez
sieci neuronowe, ktore opieraja si¢ na operacjach dodawania, mnozenia i rektyfikacji liniowej
[61]. Zdefiniowany wektor sktadajacy si¢ z nastepujacych entropii sygnatu: Shannona [62],
aproksymacji [63], probkowania [63], permutacji [64], widmowej [65], SVD, Rényi’ego [66],
Tsallisa [67] oraz Extropy [68]. Rysunek 18 przedstawia wzbogacenie architektury sieci CNN
w celu uwzglednienia wprowadzonego wektora cech.

Rys. 18 — wykorzystanie wstgpnego przetwarzania wektorow uczacych w celu zaprojektowania
hybrydowej (dwumodalnej) sieci neuronowej [P8], [P9]. Po lewej przedstawiono sie¢ CNN
interpretujgcg surowy sygnat EKG. Po prawej przedstawiono dwumodalng sie¢ neuronowag
interpretujacg zarowno surowy sygnat EKG, jak réwniez miary entropi wyekstrahowane z sygnalu
EKG.
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Ekstrakcje wektora cech entropii zrealizowano w dwoch trybach: z surowego sygnatu EKG
oraz z sygnalu podzielonego na zespoty QRS. Wyniki przedstawiono w tabeli 17.

Tabela 17 — zestawienie wynikow zastosowania wstgpnego przetwarzania wektorow uczacych w celu
zaprojektowania hybrydowej (wielomodalnej) sieci neuronowej. Kolumna “Entropie EKG” oznacza,
czy sie¢ wykorzystuje wektor cech obliczony z surowego sygnatu EKG. Kolumna “Entropie QRS”
oznacza, czy sie¢ wykorzystuje wektor cech obliczony z sygnatu podzielonego na zespoty QRS [P9].
Wyniki modeli zostaty usrednione z prob eksperymentu.

Model Entropie EKG | Entropie QRS Klasy | Doktadnos¢
2-modalna sie¢ CNN [P9] | Tak Tak 20 66.2%
2-modalna sie¢ CNN [P9] | Nie Tak 20 65.1%
2-modalna sie¢ CNN [P9] | Tak Nie 20 64.3%
Sie¢ CNN [P8] Nie Nie 20 61.3%

Zastosowanie miar entropii w celu implementacji wielomodalnej sieci neuronowej umozliwito
zwigkszenie doktadnosci klasyfikacji sieci CNN o 4.9 punktu procentowego. Natomiast w celu
poprawienia jakoS$ci klasyfikacji dla 2 1 5 klas zaprojektowano hybrydowe sieci neuronowe
taczace mozliwo$¢ sieci neuronowych do przetwarzania danych nieustrukturyzowanych
(sygnatu EKQG) z algorytmami uczenia maszynowego. W tym celu zaprojektowano sie¢ CNN
do interpretacji sygnatu podzielonego na zespoty QRS w trybie few-shot learning (FSL). FSL
polega na wytrenowaniu sieci neuronowej w taki sposob, ze sie¢ stuzy za koder sygnatow EKG
do postaci abstrakcyjnych wektorow cech. Tak zakodowane dane sg ustrukturyzowane, przez
co mogg by¢ interpretowane przez algorytmy uczenia maszynowego. Do wytrenowania kodera
FSL wykorzystano funkcj¢ straty triplet margin loss (TML) przedstawionej za pomoca
réwnania 24:

L(a,p,n) = max(d(a,p) - d(a,n) + m, 0), (24)
gdzie:

e a—wektor “kotwiczacy” bgdacy baza porownawcza dla wektorow p i n,

e p—wektor “pozytywny” nalezacy do tej samej klasy, co wektor “kotwiczacy”,

e n—wektor “negatywny” nalezacy do innej klasy niz wektory a i p,

e m — margines opisujacy pozadane rozdzielenie wektorow tej samej klasy od wektorow
innych klas,

e d - funkcja mierzagca odleglo§¢ pomigdzy wektorami (przyklad — odlegtosc
euklidesowa).

Funkcja straty TML wymusza na sieci neuronowej kodowanie danych wejsciowych w taki
sposob, ze wektory reprezentujace obiekty z tej samej klasy sa mniej odlegte niz wektory z
innych klas. W ten sposob mozliwe jest zrealizowanie klasyfikacji poprzez pomiar miary
odlegltosci migdzy wektorem danych wejsciowych a wektorami obiektow o znanych klasach.

Sie¢ wytrenowana za pomoca TML jest koderem danych. Jej zadaniem bylo wstepne
przetworzenie wektorow uczacych w celu ich ustrukturyzowania oraz ekstrakcji cech.
Nastepnie uzyto algorytm uczenia maszynowego do klasyfikacji danych na podstawie wektora
kodujacego dane wejsciowe. W tym celu wykorzystano algorytm SVM z funkcja RBF jako
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jadrem [69]. Tak zdefiniowano hybrydowa sie¢ neuronowa. Jej wyniki oraz poréwnanie z
efektami przetwarzania surowych danych przedstawiono w tabeli 18.

Tabela 18 — prezentacja poréwnania wynikow przetwarzania modeli hybrydowych z normalnymi
modelami. Dane zawarte w tabeli pochodza z [P10]. Wyniki modeli zostaly usrednione
z prob eksperymentu.

Model Liczba klas Doktadnos¢
Sie¢ FSL+ SVM [P10] |2 91.3%
Sie¢ CNN [P8] 2 90.0%
Sie¢ FSL+ SVM [P10] | 5 79.0%
Sie¢ CNN [P8] 5 75.3%

Zastosowanie wstepnego przetwarzania wektoréw uczacych w celu zmodyfikowania systemu
ASI zwigkszyto doktadno$¢ klasyfikacji o 1.3 punktu procentowego dla 2 klas, 3.7 punktu
procentowego dla 5 klas oraz 4.9 punktu procentowego dla 20 klas. Udowodniono w ten sposob
tezg trzecig i pigta. Hybrydowe modele sieci CNN 1 algorytmy uczenia maszynowego SVM
zwigkszyly dokladno$¢ sieci neuronowych o 1.3 i 3.7 punktu procentowego. Model ten
wykorzystal sieci CNN do wstepnego przetworzenia danych. W ten sposob uzyskano dane
ustrukturyzowane, ktore zostaly wykorzystane przez algorytm SVM w celu dokonania
klasyfikacji. Tak sformutowany model hybrydowy osiagnat zamierzone rezultaty. W efekcie
zostata potwierdzona teza piata.
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6. Podsumowanie i wnioski

Gléwnym celem badan niniejszej rozprawy doktorskiej bylo opracowanie odpowiednich
modyfikacji algorytméw sztucznej inteligencji, ktore beda umozliwiaty modelowanie komorek
biologicznych oraz wspomagaly proces wykrywania wybranych choréb onkologicznych i
kardiologicznych.

Cel zostat zrealizowany, a wyniki zostaly opublikowane w monotematycznym zbiorze
publikacji naukowych P1-P10 oraz pigciu publicznie dostgpnych repozytoriach kodu na
platformie GitHub. Wszystkie postawione tezy zostaly udowodnione.

Interpretacja rownan Michaelisa-Menten jako prawdopodobienstwa przemiany substratow w
produkty umozliwito wykorzystanie Teorii Kolejek do modelowania cyklu Krebsa, szlaku
pentozofosforanowego, beta-oksydacji kwaséw thuszczowych i odpowiedzi komoérkowej na
insuling. Zastgpienie roéwnan rdézniczkowych Teorig Kolejek spowodowalo rozwigzanie
problemoéw takich jak wystgpowanie ujemnych wartosci stezenia substancji. Wykorzystanie
réwnan rézniczkowych moze prowadzi¢ do uzyskania warto$ci ujemnych. Jest to blad,
poniewaz stezenia substancji w rzeczywisto$ci nie moga osiggnaé¢ warto$¢ ponizej zera. To z
kolei stwarza problem pod postacig utraty stabilnos$ci procesu symulacji. Problem ten nie
wystepuje w podej$ciu wykorzystujacym Teori¢ Kolejek, przez co technika ta pozwala na
uzyskanie stabilniejszych rezultatéw symulacji. Udowodniono w ten sposob teze pierwsza —
mozliwe jest zastgpienie rownan rdzniczkowych Teorig Kolejek.

Wykorzystanie grupowania genow w chromosomie ze wzgledu na ich przynalezno$¢ do
parametryzowanego réwnania Michaelisa-Menten pozwolilo na zmodyfikowanie algorytmu
genetycznego. Wprowadzono w ten sposob mechanizm oceniania prawdopodobienstwa zaj$cia
reakcji chemicznych bez symulowania eksperymentu. Dzigki temu zar6wno przyspieszono
poszukiwanie wartosci optymalnych parametryzujacych symulacje¢, jak rowniez uproszczono
funkcj¢ straty oceniajaca chromosomy. Korzystajac z tej modyfikacji mozliwe byto
przeniesienie z funkcji straty do mechanizmu reprodukcji wymogu uzyskania okreslonej
wariancji w szeregach czasowych obrazujacych st¢zenia substancji. Dzigki temu funkcja straty
okresla wynik dopasowania chromosomu korzystajac z mniejszej liczby warunkéw. To
upraszcza ja czynigce funkcje straty tatwiejsza do minimalizacji jej wyniku. Tym samym teza
druga zostata udowodniona — wstgpne przetwarzanie wektorow parametryzujacych symulacje
pozwala na wykorzystanie sztucznej inteligencji do modelowania, w oparciu o Teori¢ Kolejek
a nastgpnie symulacj¢ komputerowa, komorek biologicznych.

System wspomagajacy proces wykrywania ALL zostal poprawiony dzigki prawidtowo
zrealizowanemu wstepnemu przetwarzaniu wektorow uczacych. Uzyskano w ten sposob
model, ktory byt o 1.2 punktu procentowego doktadniejszy od sieci neuronowej przetwarzajacej
surowe dane. Ponadto, model ten miat 500 razy mniej parametrow i podejmowal decyzje na
podstawie tensora danych wej$ciowych ponad 3000 razy mniejszego. Uzyskano w ten sposob
doktadniejszy, szybszy i prostszy model. Potwierdzona zostata teza czwarta — wstepne
przetwarzanie wektorow uczacych pozwala na uzycie modeléw wykorzystujacych do trzech
rzedow mniejszej liczby parametréw bez utraty dokladno$ci wykonywanego zadania
rozpoznawania wybranych chordb onkologicznych i kardiologicznych.

Na podstawie badan nad tym modelem stwierdzono tez, Zze otoczenie limfocytow zawiera
informacj¢ pozwalajaca na wykrycie ALL z doktadno$cia dochodzaca do 93%. Do tej pory
proces wykrywania ALL skupiat si¢ na interpretowaniu limfocytow, tak wigc wiedza o zwigzku
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pomiegdzy otoczeniem limfocytéw a wystgpowaniem ALL moze postuzy¢ do lepszej diagnozy
tej cigzkiej choroby. Najlepszy opracowany model do wykrywania ALL mial doktadno$¢
diagnozy na poziomie 96%.

Proces wykrywania wybranych chorob kardiologicznych moze by¢ bardziej doktadny dzigki
zastosowaniu wstepnego przetwarzania wektoréw uczacych. Na ich podstawie opracowano i
zaimplementowano hybrydowe sieci neuronowe 1aczace mozliwosci interpretacyjne roznych
algorytmow ASI oraz hybrydowe sieci neuronowe taczace przetwarzanie rdéznych typoéw
danych (sieci wielomodalne). Udowodniono w ten sposéb tez¢ piata — wykorzystanie
hybrydowych metod uczenia maszynowego pozwala na poprawe procesu klasyfikacji.
Uzyskano w ten sposob zwigkszenie doktadnos$ci procesu diagnozy o 1.2 punktu procentowego
2-klasowej klasyfikacji, 3.7 punktu procentowego 5-klasowej klasyfikacji oraz 4.9 punktu
procentowego 20-klasowej klasyfikacji. Ostatecznie najlepsze opracowane modele do
wykrywania wybranych chorob kardiologicznych dla klasyfikacji 2 klas, 5 klas i 20 klas miaty
odpowiednio 91.3%, 79.0% 1 66.2% doktadnos$ci. Sa to wyniki lepsze niz przy uzyciu sieci
neuronowych interpretujacych surowy sygnat EKG, ktore uzyskaly odpowiednio 90.0%, 75.3%
161.3%. Udowodniono w ten sposob teze trzecig — wstepne przetwarzanie wektoréw uczacych
w procesie klasyfikacji pozwala na wydobycie z nich waznych informacji poprawiajacych
doktadno$¢ procesu rozpoznawania wybranych choréb onkologicznych i kardiologicznych.

Na potrzeby tej pracy zrealizowano badania nad szerokim zakresowo tematem. Pomimo duze;j
liczby opublikowanych prac w tej tematyce jest jeszcze wiele do poprawy, zwazywszy na
pojawiajace si¢ coraz wigksze mozliwosci bardzo szybkiego przetwarzania wielu réznych
danych z wykorzystaniem nowych i zmodyfikowanych ASI.

Wszystkie przedstawione w ramach niniejszej rozprawy prace badawcze maja na celu
opracowanie systemu wspomagajacego prac¢ lekarzy specjalistow w wykrywaniu i nastgpnie
leczeniu r6znych chorob cywilizacyjnych.
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8. STRESZCZENIE

Badania algorytmow sztucznej inteligencji i ich odpowiednich modyfikacji w procesie
modelowania komodrek biologicznych oraz wykrywania wybranych chorob
onkologicznych i kardiologicznych

mgr inz. Krzysztof Palczynski

Stowa kluczowe: Hybrydowe Sieci Neuronowe, Teoria Kolejek, Szlaki Metaboliczne, Ostra
Biataczka Limfoblastyczna, Choroby Kardiologiczne

Sztuczna inteligencja jest obecnie jedna z najdynamiczniej rozwijanych gat¢zi nauki. Z tego
powodu poktadane s3 w niej duze nadzieje. Od algorytméw sztucznej inteligencji (ASI)
oczekuje sie¢ miedzy innymi bardzo duzej doktadnosci, a takze szybkos$ci dziatania. Zalety te sa
szczego6lnie uwidocznione w zastosowaniach medycznych, np. w procesie wykrywania réznych
groznych chorob.

Niniejsza dysertacja zostala przedstawiona w formie monotematycznego cyklu publikacji
naukowych. Pierwsza grupa publikacji (P1-P5) dotyczy wykorzystania algorytmow sztucznej
inteligencji, a takze ich odpowiednich modyfikacji do modelowania komoérek biologicznych,
druga za$ (P6-P10) ich wykorzystania w procesie wykrywania choréb onkologicznych (na
przyktadzie Ostrej Bialaczki Limfoblastycznej (ALL) i wybranych choréb kardiologicznych.

Glownym celem badan bylo opracowanie odpowiednich modyfikacji algorytméw sztucznej
inteligencji, ktoére beda umozliwiaty modelowanie komoérek biologicznych oraz wspomagaty
proces wykrywania wybranych choréb onkologicznych i kardiologicznych.

Modelowanie komorek biologicznych zostalo zrealizowane poprzez modelowanie osobno
szlakéw metabolicznych, by na koniec scali¢ je w jeden duzy model. Celem modelowania tych
szlakow byto umozliwienie symulowania zycia komoérki biologicznej. W ten sposdéb mozliwe
bylo realizowanie eksperymentow in silico w celu projektowania nowych sposobdéw leczenia
groznych chordb, takich jak nowotwory, cukrzyca, otyto$¢, itp. W sktad zamodelowanych
szlakéw metabolicznych wchodzi cykl Krebsa [P1], szlak pentozofosforanowy [P2], beta-
oksydacja kwasow thuszczowych [P3] oraz odpowiedz komorkowa na insuling [P4]. Szlaki te
zostaly wybrane ze wzgledu na ich role w produkcji energii w komorce biologiczne;j.
Dodatkowo, modele cyklu Krebsa, szlaku pentozofosforanowego oraz beta-oksydacji kwasow
thuszczowych zostaly polaczone w jeden model komorkowy [P5]. Do ich zamodelowania
wykorzystano rownania Michaelisa-Menten oraz Teori¢ Kolejek. Opracowanie nowatorskiej
metody wykrywania ALL [P6, P7] oraz wybranych chordb kardiologicznych [PS8, P9, P10]
miato na celu realizacje modeli bedacych w stanie wspiera¢ prace lekarzy. W tym celu
wykorzystano glgbokie sieci neuronowe oraz wstepne przetwarzanie wektorow uczacych. Tak
zrealizowane przetwarzanie mialo na celu poprawienie jakos$ci klasyfikacji oraz zmniejszenie
liczby parametrow modelu.

Cel pracy zostal zrealizowany a tezy udowodnione, co mozna zobaczy¢ migdzy innymi w
niniejszej rozprawie (rozdzialu 4-6), a takze analizujac monotematyczny cykl (P1-P10)
publikacji naukowych.
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9. ABSTRACT

Research on artificial intelligence algorithms and their appropriate modifications in the
process of modelling biological cells and detecting selected oncological and cardiological
diseases

M.Eng, Krzysztof Palczynski

Key words: Hybrid Neural Networks, Queuing Theory, Metabolic Pathways, Acute
Lymphoblastic Leukemia, Cardiac Diseases

Artificial intelligence is currently one of the most dynamically developed branches of science.
For this reason, high hopes are placed on it. Among other things, very high accuracy and speed
are expected from artificial intelligence algorithms. These advantages are particularly visible in
medical applications, e.g. in the process of detecting various dangerous diseases.

This dissertation is presented in the form of a monothematic series of scientific publications.
The first group of publications (P1-P5) presents the usage of artificial intelligence algorithms,
as well as their appropriate modifications in the modelling of biological cells, while the second
(P6-P10) focuses on their application in the process of detecting oncological diseases (on the
example of Acute Lymphoblastic Leukemia (ALL) and selected heart diseases.

The main goal of the research was to develop appropriate modifications of artificial intelligence
algorithms that will enable modelling of biological cells and support the process of detecting
selected oncological and cardiological diseases.

The modelling of biological cells was achieved by modelling metabolic pathways separately
and finally merging them into one large model. The purpose of modelling these pathways was
to enable simulation of the life of a biological cell. In this way, it was possible to carry out in
silico experiments to design new methods of treating dangerous diseases such as cancer,
diabetes, obesity, etc. The modelled metabolic pathways include the Krebs cycle [P1], the
pentose phosphate pathway [P2], fatty acids beta-acid oxidation [P3] and cellular response to
insulin [P4]. These pathways were selected because of their role in energy production in the
biological cell. Additionally, models of the Krebs cycle, pentose phosphate pathway and fatty
acid beta-oxidation were combined into one cellular model [P5]. The Michaelis-Menten
equations and Queuing Theory were used to model them. The development of an innovative
method for detecting ALL [P6, P7] and selected cardiac diseases [P8, P9, P10] was aimed at
implementing models capable of supporting the work of doctors. For this purpose, deep neural
networks and pre-processing of training vectors were used. The processing carried out in this
way was aimed at improving the quality of classification and reducing the number of model
parameters.

The aim of the work was achieved, and the theses were proven, which can be seen, among
others, in this dissertation (chapters 4-6), as well as by analysing the monothematic series (P1-
P10) of scientific publications.
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Abstract

Motivation: Queueing theory can be effective in simulating biochemical reactions taking place in living cells, and the
article paves a step toward development of a comprehensive model of cell metabolism. Such a model could help to
accelerate and reduce costs for developing and testing investigational drugs reducing number of laboratory animals
needed to evaluate drugs.

Results: The article presents a Krebs cycle model based on queueing theory. The model allows for tracking of
metabolites concentration changes in real time. To validate the model, a drug-induced inhibition affecting activity of
enzymes involved in Krebs cycle was simulated and compared with available experimental data.

Availabilityand implementation: The source code is freely available for download at https://github.com/UTP-WTIIiE/

KrebsCycleUsingQueueingTheory, implemented in C# supported in Linux or MS Windows.

Contact: 503013@stud.umk.pl or twysocki2@unl.edu

Supplementary information: Supplementary data are available at Bioinformatics online.

1 Introduction

Modeling metabolic pathways can be extremely useful in the scien-
tific world (Ederer et al., 2014; Nazaret et al., 2009; Theodosiou
et al., 2015; Wu et al., 2007). The ability to predict a cell’s response
to changes in the surrounding environment, i.e. changes in metabol-
ite levels or external stimulus, would greatly improve the designing
of experiments. Therefore, the impact of these changes on the whole
cell metabolism should be assessed in the experiment planning stage.
Modeling, combined with the ever-evolving metabolomics, could
help speed up the diagnosis and treatment of metabolic diseases.
Often, drugs are tested on animals, given in various doses and
assessed for their impact and effects. Such tests can be lethal to la-
boratory animals and are responsible for the majority of their deaths
(Hajar, 2011; Hawkins ez al., 2019; Lynch and Slaughter, 2001).
Developing an accurate metabolism model could reduce the need for
animal studies and reduce animal cruelty. In addition, before drugs
reach medical use, and after in silico, in vitro and/or in vivo testing,
they undergo a series of long-term clinical trials during which their
impact and long-term effects are carefully assessed. An effective me-
tabolism model could accelerate the process and achieve cost reduc-
tions. Animal testing and human clinical trials are both necessary
for validating the effectiveness of a drug, however, a long-term goal
of our effort is to reduce our reliance on these tests and present iz sil-
ico methods as a sufficient alternative.

Queueing theory is mainly used for issues related to telecommu-
nications and engineering, yet queueing theory is suitable for model-
ing stochastic changes occurring in biological systems. Until now,
the queueing theory has been used, for example, to model insulin
levels and the number of insulin receptors needed. Such studies can
help to understand insulin-dependent diseases (Cavas and Gavas,
2007). Interestingly, thanks to the queueing theory, it was also pos-
sible to model the impact of ethanol consumption and remove the
side effects caused by its consumption (sobering) (Guang, 1998).
Such studies indicate a multitude of applications of queueing theory,
also in modeling metabolic pathways. Queueing theory has been
previously used to model a simple metabolism network and mimic
chemical interactions between substrates and products (Evstigneev
et al., 2014). Recently, a model of glycolysis based on queueing the-
ory has been presented (Clement et al., 2020). The use of queueing
theory is also beneficial from the computational perspective as it
requires less computing power, thus accelerating computing time
and allows simulations to be carried out in real time. Due to the na-
ture of reactions in Krebs cycle, reaction products become substrates
for the next reaction in the cycle. In addition, biological systems
have well-organized ways to transform molecules, pass them down
the pathway and transport them to where they are needed to main-
tain normal cell function (Tsitkov et al., 2018), much like transmit-
ting packets in the internet from one node to another one. For this
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reason, we decided it would be reasonable to use queueing theory,
which has been proven a useful modeling technique in communica-
tion systems, to model this metabolic cycle.

In this article, we present the entire process for creating a Krebs
cycle simulation model: from a literature review to obtain empirical
data on metabolites and enzymes necessary to model the reaction
according to the Michaelis—Menten kinetics, through the description
of the genetic algorithm used to optimize the kinetic constants found
in different sources (Siess et al., 1976; Singh and Ghosh, 2006), and
finally the description of the model itself—the obtained concentra-
tion results and their comparison against the available data, as well
as confirmation of the model’s effectiveness simulating the inhib-
ition of the Krebs cycle induced by drugs.

The Krebs cycle, also known as the tricarboxylic acid cycle
(TCA) or the citric acid cycle (CAC), takes place in a mitochondrial
matrix. The purpose of the Krebs cycle is to produce energy in a
form of guanosine triphosphate (GTP) which also releases carbon
dioxide (CO,)(Fig. 1, Table 1) as a byproduct. GTP is the energetic
equivalent of adenosine triphosphate (ATP) (Korla and Mitra, 2014;
Ponizovskiy, 2016; Smith and Robinson, 2011). Summarized equa-
tion of the Krebs cycle: acetyl-CoA + 3 NAD* + FAD + GDP + P;
+2 H,0 — 2 CO, + 3 NADH + FADH, + GTP + 2 H* + CoA.
Formulas of Krebs cycle reactions and the enzymes catalyzing these
reactions are presented in Table 1. Reaction 1 in Table 1 is the first
reaction in which the cell may obtain its energy in the form of ace-
tyl-CoA. The reaction that completes the cycle is the transfer of two
acetyl groups from acetyl-CoA to a four-carbon compound—oxa-
loacetate and the formation of a six-carbon molecule—citrate.
Citrate then undergoes a series of reactions, during which energy is
produced and CO, released. Acetyl-CoA serves as fuel for the Krebs
cycle and can be derived from various sources including fats, carbo-
hydrates and proteins, thus connecting the metabolic pathways of
these elements. Acetyl-CoA can also be derived from pyruvate, the
main product of the glycolysis. Nevertheless, the Krebs cycle is also
a source of amino acid precursors, as well as a molecule that is ex-
tremely important for metabolism, the reduced form of NAD—
NADH, which plays a role in many other reactions in the cell like
oxidative phosphorylation (Krebs and Johnson, 1937). Due to the
use of individual metabolites as intermediates for the synthesis of
further compounds necessary for the proper cell function, these
metabolites have the ability to leave the cycle by means of transport
mechanisms that move them to the appropriate site. The criticality
of the Krebs cycle in mammalian physiology is the primary reason
we have sought to undertake the development of the model
described herein. Additionally, dysregulation of the Krebs cycle
would be deleterious, and could result in large energy losses and
overproduction of cofactors like NADH. Cycle regulation is based
on the cellular assessment of the amount of available substrates and
resulting products. A low concentration of substrates or a high con-
centration of products will decrease reaction rates. Cellular ADP

Fig. 1. Krebs cycle scheme using queueing theory. Molecules of the same type are
queues. Reactions of the same type are servers. The queues are linked together, and
the server output from one queue is connected to the input of the other queue

availability and its conversion to ATP also affects the speed of reac-
tions. Lower ADP concentrations cause accumulation of NADH,
which has inhibitory properties for many enzymes. A high concen-
tration of citrate also affects the course of the cycle because it can in-
hibit glycolysis reactions, thereby preventing metabolite flow.

2 Methodology

2.1 Obtaining data on metabolite concentrations and

characterization of enzymes catalyzing cycle reactions
Interest in metabolomics has grown rapidly due to the development
of mass spectrometry (MS), which makes it possible to assess the
concentrations of individual metabolites despite the fact that some
of them occur in very small amounts, including those in the Krebs
cycle (Ahn et al., 2017; Albe et al., 1990; Bennett et al., 2009; Ishii
et al., 2007; Milo et al., 2010; Mogilevskaya et al., 2006; Park ez al.,
2016). The model developed by our team is based on existing know-
ledge of molecular concentrations as initial values to the model
(Table 2). The kinetics of enzymatic reactions are calculated accord-
ing to Michaelis—Menten kinetics (1) (Singh and Ghosh, 2006). Our
model enables tracking the course of reactions—both reaction speed
and product growth over time. The speed of the enzymatic reaction
depends on factors such as the maximum speed at which the enzyme
can convert substrate into a product, the concentration of substrate
and the enzymatic constant.

518 P, P,
v = Vf KSIIKZSz B Vy K”:Kiz (1)
- S P S. P.
(1+ﬁ+K—;l)(l+ﬁ ﬁ)

where v is the reaction speed, V; is the forward reaction speed, V, is
the reverse reaction speed, Si, S5, . ..,Sy - substrate concentration in
mmol/l, Py,P,,...,P, is the substrate concentration in mmol/l,
Ks,,Ks,,...,Ks, is the kinetic constant of substrate and
Kp,,Kp,,...,Kp, is the kinetic constant of product.

Enzymatic properties of enzymes that are involved in Krebs cycle
reactions are presented in Supplementary Table S1 (Singh and
Ghosh, 2006). If enzymatic data was unavailable, appropriate
assumptions were made. For example, if Kp is unknown, it can be
calculated as 10*Kjg; the reverse speed of reaction is 100x slower

than forward reaction (V, = %). These assumptions are based on
previous research and empirical observations (Singh and Ghosh,
2006) and have been adapted in our model. The reaction equations
based on the Michaelis-Menten kinetics are presented in
Supplementary Table S2. The reaction rates were calculated using
kinetic constants and metabolite concentrations available in litera-
ture (Ahn et al., 2017; Albe et al., 1990; Bennett et al., 2009; Ishii
etal.,2007; Milo et al., 2010; Mogilevskaya et al., 2006; Park et al.,
2016; Siess et al., 1976; Singh and Ghosh, 2006). The concentra-
tions of the following metabolites were combined: isocitrate and cis-
aconitate, as well as succinyl-CoA and succinate. Combined concen-
trations were 0.0216 and 0.73 mmol/l, respectively. Isocitrate and
cis-aconitate, as well as succinyl-CoA and succinate are transient,
and once produced they are immediately used in the next reaction in
the cycle. Combining them for simulation purposes with the metab-
olites adjacent to them in the cycle accelerated the calculation proc-
esses of the model and improved its stability.

2.2 Queueing theory

There are many studies examining trials of individual metabolic
pathways modeling, but the large amount of interactions between
metabolites, enzymes and other biomolecules make modeling meta-
bolic pathways an extremely difficult task. Until now, the preferred
method used in systems modeling was ordinary differential equa-
tions (ODEs) (Ahn ef al., 2017; Cohen and Bergman, 1995; Ederer
et al., 2014; Foster et al., 2019; Jahan er al., 2016; Jeffrey et al.,
1999; Korla and Mitra, 2014; Kurata and Sugimoto, 2018;
Mogilevskaya et al., 2006). Several approaches used scenario-based
modeling (SBM) in connection with already existing platforms and
tools, like PlayGo (Driger et al., 2008; Lapid et al., 2019; Nazaret
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Table 1. Krebs cycle and related reactions—stoichiometric formulas

Number Reaction Enzyme
1 Pyruvate + CoA + NAD" —

acetyl-CoA + CO, + NADH Pyruvate dehydrogenase
2 Pyruvate + HCO3 + ATP —

oxaloacetate + ADP + P; Pyruvate carboxylase
3 Oxaloacetate + acetyl-CoA + H,O —

citrate + CoA + H Citrate synthetase
4 Citrate —

cis-aconitate + H ,O Aconitase
N Cis-aconitate + H,0 —

isocitrate Aconitase
6 Isocitrate + NAD™ —

a-ketoglutarate + CO, + NADH Isocitrate dehydrogenase
7 a-Ketoglutarate + NADT + CoA —

succinyl-CoA + CO, + NADH Ketoglutarate dehydrogenase
8 Succinyl-CoA + P; + GDP «

succinate + GTP + CoA Succinate thiokinase
9 FAD + succinate —

fumarate + FADH, Succinate dehydrogenase
10 Fumarate + H,O —

malate Fumarase
11 Malate + NAD* «

oxaloacetate + NADH + H™

Malate dehydrogenase

Table 2. Initial concentration values of Krebs cycle metabolites

Metabolite, biomolecule Concentration (mmol/l) Reference
Coenzyme A 0.044 Park et al. (2016)
Pyruvate 0.0586 Clement et al. (2020)
Acetyl-CoA 0.5 Milo et al. (2010)

Citrate 0.19 Ahn et al. (2017)
Cis-aconitate 0.0016 Bennett et al. (2009)
Isocitrate 0.02 Milo et al. (2010)
a-ketoglutarate 0.54 Mogilevskaya et al. (2006)
Succinyl-CoA 0.66 Mogilevskaya et al. (2006)
Succinate 0.07 Albe et al. (1990)
Fumarate 0.485 Park et al. (2016)

Malate 0.495 Mogilevskaya et al. (2006)
Oxaloacetate 0.006 Mogilevskaya et al. (2006)
ATP 0.159 Clement et al. (2020)

ADP 0.0937 Clement et al. (2020)

GDP 0.0012 Milo et al. (2010)

NAD* 0.099 Milo et al. (2010)

NADH 0.025 Milo et al. (2010)

H,0 0.170 Milo et al. (2010)

H* 5.2x107° Milo et al. (2010)

P; 0.05 Milo et al. (2010)

HCO3 0.003 Milo et al. (2010)

et al., 2009; Wu et al., 2007). However, despite many trials and
many years of research on metabolism, it has still not been accurate-
ly represented in any model. Researchers focus on individual meta-
bolic pathway fragments to understand the metabolites and enzymes
that transform them as accurately as possible (Berndt ez al., 2012;
lacobazzi and Infantino, 2014; Korla et al., 2015; Tretter and
Adam-Vizi, 2005). Thanks to this type of research, existing know-
ledge can be used in the model we propose. The use of queueing the-
ory together with the grouping of molecules of the same type
(queue) and reactions of the same type (server) allow a simpler
model than the use of the Gillespie algorithm (Gillespie, 1977; Voit,
2017), where each reaction and each molecule is described by a sep-
arate node in Markov chains (Massey, 1985). Queueing networks
can be considered and called as hidden Markov chain. As a result,

the mathematical-simulation model is identical to the biological
one, as shown in Figure 2. Another advantage of using this approach
is that it is impossible to achieve negative results in biological sys-
tems, as is sometimes the case with ODE-based models. There are
methods forcing the system to obtain non-negative values
(Shampine et al., 2005), however, they could cause calculation
errors. Usage of queueing theory as the basis for a Krebs cycle simu-
lation model aims at providing a possible realization of stochastic
Markovian processes representing variations in the concentration
over a given metabolite. The average change in concentration can be
achieved by averaging the simulation results for several simulation
runs. At the heart of this stochastic model is Michaelis—Menten kin-
etic equations describing the relationship between quantities of sub-
strate-product pairs and reaction velocities. In this theory, the
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Fig. 2. Concentration level change over 24 h simulation under unperturbed condi-
tions. ‘PYR’—pyruvate; ‘ACCOA —acetyl-CoA; ‘OXO’—oxaloacetate; ‘CIT"—cit-
rate; ‘ISO’—isocitrate and cis-aconitate; ‘KETO’—a-ketoglutarate; ‘SCA’—
succinyl-CoA and succinate; ‘FUM’—fumarate; ‘MAL—malate

velocity of a reaction is a macroscopic representation of the aggrega-
tion of numerous microscopic reactions that may or may not ex-
change a fixed quantity of substances in a particular period of time.
As a result, the speed of a reaction is described as a frequency of the
reaction’s occurrence and its relationship with the probability of
increasing a certain substance by invoking reaction, in which the
aforementioned metabolite is a product, and the probability of
decreasing the substance by performing reaction, where it is a sub-
strate. By describing the behavior of the Krebs cycle as probabilities
of increasing and decreasing each of its substrates and correlating
ones’ reduction with others’ accumulation, we achieved a self-regu-
lating, stochastic process simulating the actual Krebs cycle.
Michaelis—Menten kinetic equations are used to calculate the prob-
ability that a certain reaction occurs in the current time interval
based on the amount of substrate, product and kinetic constants
describing the reaction and the duration of the time interval. The
results of these equations can be interpreted as the arrival and ser-
vice rates in the Poisson processes, while an exponential distribution
models the service time (the time intervals between two consecutive
output events). These assumptions are consistent with classical
queueing theory approaches. Therefore, the number of arrivals in
any given time interval (¢, £+ 1] follows a Poisson distribution with
a parameter (ut) such that:

1Tyt k
P[(N(t+1) — N(t)) = k] = %

where P[(N(t + t)-N(t))=Kk] is the probability of k arrivals in the
interval (#, ¢ + t] and ut is the expected number of arrivals in a time
interval of duration .

The time required for the queue to process the metabolite incre-
ment is described by the exponential distribution using the probabil-
ity distribution of random variable X in the terms of the rate
parameter x as follows:

2)

Flaes 1) = pe~*maz(x, 0) (3)

Therefore, the resulting arrival process at the input of a subse-
quent queue to which that output of the considered server is con-
nected, follows a Poisson distribution. This a single multivariable
stochastic process. All the variables are correlated. The process is
described by a queueing network as shown in Figure 1, which con-
sists of a queue describing arrivals and departures of discrete
amounts of substances. For example, isocitrate (ISO), which is a
product in the reaction citrate — isocitrate (CIT — ISO) and a sub-
strate in reaction isocitrate — a-ketoglutarate (ISO — KETO). This
means that the increment of ISO produced in the previous time
interval adds to the queue of ISO for the ISO — KETO reaction, ef-
fectively increasing the length of ISO queue. The Krebs cycle is a
looped system constructed from queues, with increments of concen-
tration of consecutive metabolites circulating, departing from one
queue and arriving at another queue. According to Michaelis—

Menten kinetic equations, the probability of each packet arriving at
the metabolite’s queue is correlated with the amount of product and
inversely correlated with amount of substrate, creating a self-regu-
lating system, reacting to the imbalances of metabolites and equaliz-
ing the arrivals and departures from every queue.

2.3 Use of the genetic algorithm to find optimal values

of kinetic constants

The genetic algorithm was used to find optimal values of kinetic
constants for the Krebs cycle simulation. The genetic algorithm is a
heuristic search inspired by Charles Darwin’s theory of natural evo-
lution and uses competing ’chromosomes’ in order to find optimal
parameters that minimize a fitness function (Man et al., 1999). A
’chromosome’ in this implementation is the table of constants
required for reaction rates calculation. *The chromosome’ is made
of ’genes’, which are constants used in one reaction. For example,
the first gene in the ’chromosome’ consists of constant values used in
PYR — AcCoA reaction. There are one hundred ’chromosomes’ in
the population and each of them is a candidate for table of kinetic
constants. The fitness function was designed to force the genetic al-
gorithm to find a table of kinetic constants that allows values of
products’ concentrations to settle at stable points and to minimize
the distance between start values and stable points. The designed fit-
ness function is expressed as:

1 8 1 99
F(X) =5 1Xio =155 2 Xix-] )
pary =0

where X is the table of values of simulation product concentrations
in time.

Evaluation of one ‘chromosome’ requires running a simulation
using its set of genes as a table of kinetic constants. The simulation
function returns the values of substrates’ concentrations at each se-
cond. This table is used by the equation above to output the *chro-
mosome’s” score. The function calculates an average vector of the
last 100 recordings and computes absolute difference with initial
simulation concentrations. In the last step, there is a calculated aver-
age of differences. The ’chromosome’ minimizing this function is
selected as the optimal table of kinetic constant values. Evaluation
of each ’chromosome’ is computed by simulating the Krebs cycle
through the first one hour. There are 100 ’chromosomes’ in the
population in each step of optimization and after evaluation only
the 10 sets of constants that minimizes the fitness function are
selected for reproduction. The reproductive algorithm is a variation
of the standard crossover with additional mechanism preventing the
finding of a trivial solution to minimize the loss function problem,
which is to zero the probability of every reaction. A step-by-step de-
scription of reproduction algorithm is presented in Supplementary
Data. The main disadvantage of the fitness function described above
is the existence of a trivial solution for its minimization problem. If
the ’chromosome’ contains only zeros, then no reaction would be
performed, so the settling points of concentrations of products in the
Krebs cycle would have the same values as initial concentrations,
thus finding a global minimum. To prevent the genetic algorithm
from converging to this solution, the reproduction mechanism
requires that each reaction at t=0 has probability of being per-
formed between 1% and 10%. Reaction and balancing flow rates
have ranges from 1 to 10% at the beginning of the simulation
started from substrates concentration values described in the litera-
ture. Applying these constraints to the reaction rates prevent them
from being zeroed at the start and also prevents saturation of reac-
tions. The reproduction algorithm has a 10% chance to perform a
mutation with the mutation amplitude equal to 1.0.

2.4 Krebs cycle simulation pseudocode

The pseudocode describing the computation process of the Krebs
cycle simulation is included in Supplementary Data. This code
assumes that:
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Table 3. Comparison of concentration data: literature and model (mmol/l)

Metabolite Initial concentration Final concentration Standard deviation over Absolute Relative difference
(literature) (model) mean difference (%)
Pyruvate 0.0586 0.0586 0.0033 0.0 0.0
Acetyl-CoA 0.05 0.5028 0.0145 0.0028 0.55
Oxaloacetate 0.006 0.0059 0.0167 —0.0001 -1.5
Citrate 0.19 0.1994 0.018 0.0094 4.96
Isocitrate + cis-aconitate 0.0216 0.0216 0.0554 0.0 0.01
a-ketoglutarate 0.54 0.5346 0.0256 —0.0054 -1.01
Succinyl-CoA + succinate 0.73 0.6473 0.0167 —0.0827 —-11.33
Fumarate 0.485 0.467 0.0161 —0.018 -3.72
Malate 0.495 0.4847 0.0107 —0.0103 -2.08

Note: Calculated relative difference shows similarity of obtained results and literature data.

* Kinetic constants are grouped into a table of vectors of constant
values. There are 11 vectors in the table corresponding to nine
different reactions and two balancing flows. Each of the reac-
tions has a unique, four-dimensional vector and every balancing
flow contains a one-dimensional table. The vector describing
pyruvate carboxylase and citrate synthetase are the exceptions
from this rule as they have eight and six elements, respectively.
These exceptions are due to the nature of the reactions catalyzed
by these enzymes. While most of the reactions require only four
coefficients to be optimized the reactions catalyzed by pyruvate
carboxylase and citrate synthetase involve more constants that
need to be optimized.

* Concentration increment exchanged during the reactions is
called *delta’ and is equal to 0.0001 mmol. *Delta’ is significantly
lower than the initial value of the lowest substrate concentration.
Delta value must be chosen in a way that it corresponds to a
change of more than a single molecule for the rare species, in fact
for rare species it should be always chosen to be a positive integer
number of molecules.

* Simulation assumes that the concentration of pyruvate in the
cycle is varying with 10% Gaussian noise around the constant
value of 0.0586 mmol/l. Such signal-to-noise ratio depicts meta-
bolic conditions inside the cell. Due to the various living condi-
tions of the cell, pyruvate is consumed faster or slower. The
pyruvate level is dependent on the blood glucose level, which
also affects the glucose level in the cell, so the variation of 10%
was assumed. It is an arbitrary choice, and the variation range
can be changed if there are good reasons to do so, as was done
with the drug effect simulation.

The searching for optimal kinetic constants was performed using
a PC with Intel™ Core i7-7700HQ @ 2.80 GHz, RAM 16 GB.
Code was written in C# 8.0. One search epoch simulating one hour
for 100 different tables of kinetic constants using all 8 logic cores
took approximately 10 min.

2.5 Inhibition of a specific stage of the cycle and its
influence on the concentrations and kinetics of other

reactions

To validate the model, we simulated the outcome of various drugs
on the Krebs cycle, which are known to affect the concentrations of
individual metabolites in the Krebs cycle. This approach may also
emulate changes in enzyme activity associated with the progression
of wvarious diseases, including metabolic disorders or cancer
(Tolstikov et al., 2014); Sutendra and Michelakis, 2013; Zhang
et al., 2018). Drugs that affect enzyme reactions in the Krebs cycle
are usually competitive inhibitors. Ultimately, the drug slows down
the reaction carried out by a particular enzyme because the enzyme

Table 4. Comparison of concentration values during Phenformin
treatment: empirical data and model based on the queueing theory

Metabolite Concentration change after Phenformin Model
administration in comparison to simulation
non-treatment (Janzer et al., 2014) (%) results (%)

Pyruvate —65 —65

Citrate -60 —59.28

Isocitrate —65 —-63.91

a-ketoglutarate -80 —79.38

Fumarate =50 —50.84

Malate -53 —53.22

processes smaller amounts of substrate than it would under regular
conditions, without an inhibitor. Understanding the kinetic proper-
ties of inhibitors would be sufficient to predict its effect on cell me-
tabolism. Using the existing research on substances affecting various
enzymes involved in the Krebs cycle reactions, an experiment was
conducted to reflect the effect of the drug on the rate of enzymatic
reaction and the concentration of metabolites.

3 Results

To validate the model, we have tested first its stability. The system
becomes stable after approximately 5.5 h of simulation as shown in
Figure 2. During this time, for every millisecond of simulation time
one simulation step was performed.

In our opinion, these results are satisfactory. The largest relative
difference observed in our model in comparison with available bio-
logical data is -11.33% in the case of the combined concentrations
of succinyl-CoA and succinate (Table 3).

To reflect the kinetics of the Krebs cycle during inhibition
induced by a drug that blocks one of the cycle reactions, we selected
one of the studies based on the measurement of metabolite concen-
trations after administration of drugs in anti-cancer therapy (Janzer
et al., 2014). This study provided the most detailed information on
the concentrations of several metabolites included in the Krebs cycle.
Therefore, the study served as the basis for the model to check
whether it achieves similar results (Table 4). This study tested the
effects of Tamoxifen, already used in the treatment of breast cancer,
in combination with the drugs used by diabetics—Metformin and
Phenformin. The idea to use these drugs in cancer therapy resulted
from clinical observations (Evans et al., 2005; Jiralerspong et al.,
2009; Kim et al., 2018; Pollak, 2012). According to these observa-
tions, cancer diagnosis incidence rate was lower in patients using the
drugs, as well as the mortality rate due to cancer was lower in the
diagnosed patients. This observation prompted the idea of combin-
ing Metformin and Phenformin together with the standardized
Tamoxifen. Metformin and Phenformin doses were 300 and 10 uM,
respectively. One of the methods of assessing the effectiveness of the
therapy was the measurement of the concentration of Krebs cycle
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metabolites. This metabolic cycle is extremely important for cancer
cells due to the high energy demands of these cells. Therefore, a re-
duction in the Krebs cycle efficiency and lowering the concentration
of individual metabolites, may prove the effectiveness of the used
treatment method. Simulations present changes in concentration lev-
els of each Krebs cycle metabolite during treatment (Figs 3 and 4).
Due to the difficulty of obtaining measurements, the article
(Janzer et al., 2014) did not include all the Krebs cycle metabolites.
The data presented in Tables 4 and 5 confirm the accuracy of the
proposed solution. The prepared model based on the queueing the-
ory was designed to accurately reflect the stochastic nature of

Fig. 3. Concentration levels change during inhibition: reflection of Tamoxifen +
Phenformin treatment. ‘PYR’—pyruvate; ‘ACCOA’—acetyl-CoA; ‘OXO’—oxaloa-
cetate; ‘CIT"—citrate; ‘ISO’—isocitrate and cis-aconitate; ‘KETO’—o-ketoglutarate;
‘SCA’—succinyl-CoA and succinate; ‘FUM—fumarate; ‘MAL—malate

Fig. 4. Concentration levels change during inhibition: reflection of Tamoxifen +
Metformin treatment. ‘PYR’—pyruvate; ‘ACCOA’—acetyl-CoA; ‘OXO’—oxaloa-
cetate; ‘CIT’—citrate; ‘ISO’—isocitrate and cis-aconitate; ‘KETO’—o-ketoglutarate;
‘SCA’—succinyl-CoA and succinate; ‘FUM—fumarate; ‘MAL—malate

biological reactions. For this reason, training and adapting it to the
conditions and phenomena that may occur during biochemical reac-
tions in the cell, also under the influence of pharmaceuticals,
allowed to obtain results similar to the experimental values. Tables
6 and 7 present the results of a six-hour simulation of the concentra-
tions (with 10% gaussian noise) of all Krebs cycle metabolites for
Tamoxifen + Phenformin and Tamoxifen + Metformin treatment.
To obtain the presented results, the so-called ‘balancing flow’ was
used in the model. It imitates the drainage of metabolites due to their
various uses in cell functioning (e.g. being precursors for other com-
pounds). Balancing flow was used to stabilize the concentrations of
oxaloacetate and citrate. Oxaloacetate is used in gluconeogenesis, in
the urea cycle and in the synthesis of fatty acids to create citrate in
the form of which it is transported; this happens when there is no de-
mand for energy at the moment. Citrate is transported beyond the
mitochondria to the cytoplasm, then broken down into acetyl-CoA
and oxaloacetate for the synthesis of fatty acids. Probability rates of
balancing flows for oxaloacetate and citrate are linearly correlated
with the concentrations of respective metabolites. Such a compos-
ition of arriving, departing and balancing rates forms a stochastic
representation of the Krebs cycle and provides an accurate and time-
efficient model. By comparing the simulation and measurement
results, we stipulate that the drugs administration in previously men-
tioned doses inhibits the reaction catalyzed by pyruvate dehydrogen-
ase by about 30%. a-ketoglutarate and malate have been shown as
examples of the metabolites which concentration was measured dur-
ing the studies on the effects of these drugs (Figs 5 and 6). The model
allows for the observation of pharmaceutical influence on the kinet-
ics of the cycle reactions and their influence on metabolite levels.

4 Discussion

The presented results demonstrate the preparation of a model cap-
able of mimicking the conditions of metabolic reactions in living
cells. A disadvantage of our model is that the data on metabolite
concentrations and enzyme constants come from different sources.
Measurements carried out on different measuring devices by differ-
ent research teams may not be fully compatible. However, to the

Table 5. Comparison of concentration values during Metformin
treatment: empirical data and model based on the queueing theory

Metabolite Concentration change after Metformin Model
administration in comparison to simulation
non-treatment (Janzer et al., 2014) (%) results (%)

Pyruvate -35 -35

Citrate -15 —16.18

Isocitrate —40 -39.17

a-ketoglutarate -55 -54.47

Fumarate -37 —37.03

Malate -39 —39.43

Table 6. Comparison of concentration data: literature and model (mmol/l) under inhibition caused by Tamoxifen and Phenformin

Metabolite Initial concentration Final concentration Standard deviation over Absolute Relative difference
(literature) (model) mean difference (%)

Pyruvate 0.0205 0.0205 0.0039 0.0 0.03
Acetyl-CoA 0.5 0.4129 0.0161 —0.0871 —17.42
Oxaloacetate 0.006 0.0025 0.0239 —0.0035 —-58.7
Citrate 0.1899 0.0773 0.0267 —0.1126 —-59.28
Isocitrate + cis-aconitate 0.0056 0.002 0.0636 —0.0036 —63.91
a-ketoglutarate 0.3764 0.0776 0.042 —0.2988 —79.38
Succinyl-CoA + succinate 0.73 0.1113 0.0308 —0.6187 —84.75
Fumarate 0.1825 0.0897 0.0315 —0.0928 -50.84
Malate 0.4335 0.2028 0.0164 -0.2307 -53.22
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Table 7. Comparison of concentration data: literature and model (mmol/l) under inhibition caused by Tamoxifen and Metformin

Metabolite Initial concentration Final concentration Standard deviation over Absolute Relative difference
(literature) (model) mean difference (%)

Pyruvate 0.0381 0.0381 0.0036 0.0 0.0
Acetyl-CoA 0.5 0.3676 0.0139 —0.1324 —26.49
Oxaloacetate 0.006 0.0044 0.015 —0.0016 —27.46
Citrate 0.1466 0.1229 0.0232 —0.0237 —16.18
Isocitrate + cis-aconitate 0.0081 0.0049 0.0709 —0.0032 -39.17
a-ketoglutarate 0.3596 0.1637 0.0274 —0.1959 —54.47
Succinyl-CoA + succinate 0.73 0.2346 0.0228 —0.4954 —67.86
Fumarate 0.3272 0.206 0.0227 —0.1212 —-37.03
Malate 0.5235 0.3171 0.0139 —0.2064 -39.43

Fig. 5. o-Ketoglutarate concentration change in regards to pyruvate dehydrogenase
inhibition. ‘Tam’—Tamoxifen; ‘Met’—Metformin; ‘Phen’—Phenformin

Fig. 6. Malate concentration change in regard to pyruvate dehydrogenase inhibition.
‘Tam’—Tamoxifen; ‘Met’—Metformin; ‘Phen’—Phenformin

best of our knowledge there is no publication which presents meta-
bolic data for every Krebs cycle metabolite derived from one re-
search group. We have made every effort to ensure that the data
used are as accurate and compatible with each other as possible.
The models can be a kind of virtual laboratory where one can con-
sider interdependencies between specific substances and metabolites
and their influence on basic cellular functions. The developed model
may provide knowledge on how chemical compounds obtain their
therapeutic efficacy, which may result in improved safety from the
early stages of drug development, e.g. setting up experiments before
tests on living organisms, and between preclinical testing and clinic-
al trials. The model allows to determine which reactions of the meta-
bolic pathway are the best candidates for disturbing the metabolic
pathway. In addition, we can observe what doses of the drug have a
significant effect on the metabolic pathway, as well as the dose

above which the effect is imperceptible, something like ‘maximum
effective dose’. There are many studies proving the usefulness of
various drugs affecting cell metabolism. These drugs are used, in
conjunction with others, in bacterial infections and in neoplastic dis-
eases. The available literature data on the kinetic properties of
enzymes and the concentration of metabolites can be used in this
model. As mentioned before in the inhibition modeling section,
Metformin and Phenformin are drugs that lower the level of metab-
olites in the Krebs cycle. This is associated with a reduction in the
supply of pyruvate that could be transformed and enter the Krebs
cycle, as well as an increase in the amount of lactate produced under
anaerobic conditions. Previous studies have suggested that the Krebs
cycle is not inhibited by metformin and changes the source of cellu-
lar ‘fuel’ (Janzer et al., 2014). However, the possibility that this ap-
parent difference in inhibition of the Krebs cycle may be due to the
analysis of stably transformed cancer cells as opposed to cells at an
early stage of transformation was considered. However, biguanide
treatment of the stably transformed CAMA-1 breast cancer cell line
leads to a reduction in the concentrations of cycle intermediates.
This suggests that metabolic reduction of the Krebs cycle by bigua-
nides may be important for inhibiting transformation (Janzer et al.,
2014).

5 Conclusions

The combination of knowledge available in the literature and the
programming of the model provided a tool capable of mimicking
Krebs cycle-related metabolic processes in living cells in real time.
We demonstrated that metabolic pathways can be effectively simu-
lated using methods based on queueing theory and affected by simu-
lated application of drug. However, in self-criticism we found a
place where the described model could be improved. We assume
that access to data obtained under the same conditions on specific
cells could potentially improve the obtained results, but due to lim-
ited access to such data, our model was prepared based on the most
accurate available data. Future research efforts will be devoted to
combining the Krebs cycle model with the previously developed gly-
colysis model (Clement et al., 2020) and adding the pentose phos-
phate pathway to obtain a comprehensive model of cellular
carbohydrate metabolism.
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Queueing theory model of pentose
phosphate pathway
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Due to its role in maintaining the proper functioning of the cell, the pentose phosphate pathway (PPP)
is one of the most important metabolic pathways. It is responsible for regulating the concentration of
simple sugars and provides precursors for the synthesis of amino acids and nucleotides. In addition,

it plays a critical role in maintaining an adequate level of NADPH, which is necessary for the cell to
fight oxidative stress. These reasons prompted the authors to develop a computational model, based
on queueing theory, capable of simulating changes in PPP metabolites’ concentrations. The model
has been validated with empirical data from tumor cells. The obtained results prove the stability and
accuracy of the model. By applying queueing theory, this model can be further expanded to include
successive metabolic pathways. The use of the model may accelerate research on new drugs, reduce
drug costs, and reduce the reliance on laboratory animals necessary for this type of research on which
new methods are tested.

In recent years, there has been significant progress in metabolomics. New and improved test methods allow for
the measurement of many important biochemical parameters. The acquired data can be used to create simula-
tion models of biochemical reactions and entire metabolic pathways. Queueing theory can successfully model
metabolic processes, as demonstrated by the example of the glycolysis pathway! and Krebs cycle®. The preparation
of an accurate model simulating the course of PPP could potentially reduce the time needed for drug testing and
reduce the number of laboratory animals on which new drugs are tested®.

The PPP is a metabolic pathway whose main substrate is glucose-6-phosphate (G6P). Throughout the reac-
tions that make up this pathway, numerous molecules are formed, such as: nicotinamide adenine dinucleotide
phosphate (NADPH), which is used in the biosynthesis of fatty acids, ribose 5-phosphate (R5P), which is a
precursor in the synthesis of nucleotides, and erythrose 4-phosphate (E4P), which is used in the synthesis of
aromatic amino acids*°. Products of the PPP are essential for the formation of new cells. However, under stress,
cell growth is slows down and the PPP is responsible for maintaining cellular levels of NADPH. In fact, such con-
ditions increase the reliance of the PPP in the cell over glycolysis to maintain the needed ratio between NADP™
and NADPH®. In most living organisms, this pathway takes place in the cell cytosol.

There are two phases in the PPP: the oxidative phase and the non-oxidative phase. During the oxidative phase,
NADPH is produced’. In the non-oxidative phase, various simple sugars are synthesized. 5-carbon sugars derived
from the digestion of nucleic acids can be utilized in the PPP, where their carbon backbones are metabolized into
intermediates for glycolysis or gluconeogenesis. In the non-oxidative phase, one of the enzymes- transketolase—is
responsible for catalyzing two different reactions, with two sets of substrates. Therefore, these substrates act as
inhibitors to each other, since they are competing for the same active site of the enzyme.

It is estimated that as much as 60% of NADPH comes from the PPP®. The PPP is most active in the liver,
adrenal cortex, and mammary glands. The activity for this pathway is high in red blood cells, making it extremely
important in erythrocytes’. NADPH formed by the PPP is used in the cell to prevent oxidative stress and the for-
mation of dangerous free radicals that could harm the cell'®. Reactive oxygen species (ROS) can damage cellular
lipids, proteins, and nucleic acids, and eventually cause cell death'!. It is worth noting that ROS are associated
with many diseases'>"'. Since erythrocytes do not have mitochondria, they have no other source of reducing
oxidative stress other than the PPP. For example, large amounts of NADPH generated in erythrocytes are used
to reduce glutathione (GSH). This reduced form of GSH is essential for maintaining the proper state of the cell.
If GSH level is lowered in erythrocytes, hemolysis may occur'.
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Initial conc. Standard deviation Relative difference

Metabolite (literature) Final conc. (model) | over mean (%) Absolute difference | (%)
Glucose-6-P (G6P) 0.0026 0.0026 3 0 0
NADP* 0.001 0.001 3 0 0
NADPH 0.0002 0.0002 3 0 0
?ﬁ%ﬁucoml“wne 5% 107 93 %1076 36 43 %1076 86
6-P-gluconate (6PG) | 0.018 0.019 2 0.001 5.5
Ribulose-5-P (Ru5P) | 0.012 0.012 2 0 0
Ribose-5-P (R5P) 0.009 0.009 1 0 0
Xylulose-5-P (X5P) 0.018 0.018 1 0 0
%’;le)”ldehyde’3’P 0.00234 0.00242 3 0.00008 34
?g;ir‘,’)hef’t“l"“lP 0.068 0.062 1 0.006 8.8
Erythrose-4-P (E4P) | 0.004 0.004 3 0 0
Fructose-6-P (F6P) 0.083 0.079 0 0.004 4.8

Table 1. Comparison of concentration data: literature and model (mmol/L). Calculated relative difference
shows similarity of obtained results and literature data.

The most common approach used to model metabolic changes in a cell is to use Ordinary Differential Equa-
tions (ODE). For metabolic reactions, ODEs provide quantitative information on interactions that occur between
metabolites in specific reactions taking place in the cell. Previously, ODEs have been successfully used in simula-
tion studies of biochemical kinetics and biochemical connections!®-8. The authors in'® presented a PPP model
based on ODEs. Th s approach was benefic al because it did not require complicated operations that strained
the capabilities of computers in the past, resulting in lower computing power. However, the simplifi ations
and assumptions made when using ODEs in metabolic simulations do not refl ct the stochastic nature of cell
biochemistry®. The Chemical Master Equation (CME) was another approach used to model the stochasticity of
biological reactions*'. However, due to the complexity and computing requirements, networks based on these
models cannot be too extensive. A relatively new approach to computational metabolic modeling is the use
of queueing theory. Queueing theory has wide applications in telecommunications, but also in biological and
medical science topics, such as modeling drug pharmacokinetics®* or HIV infectivity?’. Using this method, it
was possible to accurately model a simple metabolic network and mimic the interactions between metabolites®,
as well as the Krebs cycle?. A genetic algorithm was used to optimize the kinetic coeffici ts. A variety of Al
methods can be used for this purpose, but genetic algorithm was chosen because it was used with success when
modeling the Krebs cycle.

The aim of this work was to prepare a PPP model capable of tracking concentration changes of specifi
metabolites occurring in this pathway over time. Additionally, the usefulness of the genetic algorithm for fi ding
values of the kinetic constants used in the model was confirmed?. A genetic algorithm was used to find values
corresponding to those in the literature.

Results

The generated model becomes stable within approximately one hour. Every second, there are 1000 simulations
of each pathway reaction (or 1 simulation step per millisecond), averaged over 50 simulated cells. Th s number
has been selected experimentally. However, the model is designed to vary this number depending on the needs
of the researcher. Figure 1 shows concentration changes of individual metabolites over time. Due to the various
conditions of the living cell, G6P and NADP are consumed faster or slower depending on the blood glucose level,
since glucose is phosphorylated to G6P to stay inside the cell and prevent diffusion out of the cell. Th s affects the
glucose level in the cell, so the variation of 10% was assumed. The variation level is an arbitrary choice; meaning
it can be changed. The purpose for the use of variation is to represent the concentration fluctuations in the cell.
For this model to reflect the flow of metabolites in the cell as accurately as possible, the so-called “balancing
flow” was used'?. Th s feature allows for proper simulation of metabolite fl w depending on the current needs
of the cell (Fig. 2). Thus, the level of metabolites that occur in more than one metabolic pathway, e.g. F6P and
G3P being part of the PPP and glycolysis, better mimics biological conditions. Table 1 presents the comparison
of model generated data and literature data regarding concentration of individual metabolites.

PGL is rapidly hydrolyzed, so the practical equilibrium between G6P and 6PG is directed towards the forma-
tion of 6PG?. Any existing PGL is almost immediately converted to 6PG, therefore the variance is very high.
The relative difference of PGL is high because it depends on the measurement time. In the future, we intend to
combine the PPP with the already developed Krebs cycle and glycolysis models, so the results of the PPP model
are likely to be closer to the experimental results.

Due to the high demand of glucose and its metabolites by cancer cells, many drugs are aimed at blocking
metabolic pathways that supply cancer cells with substances necessary for proliferation. The PPP is one of the
pathways with signifi antly increased activity in neoplastic cells. Compared to healthy cells, the activity of the PPP
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Figure 1. Concentration level change over time under unperturbed conditions. G6P glucose-6-phosphate,
NADP NADP+, PGL 6-P-gluconolactone, 6PG 6-phosphogluconate, Ru5P ribulose-5-phosphate, R5P ribose-5-
phosphate, X5P xylulose-5-phosphate, G3P glyceraldehyde-3-phosphate, S7P sedoheptulose-7-phosphate, E4P
erythrose-4-phosphate, F6P fructose-6-phosphate.

Figure 2. PPP scheme; the graph shows the main carbohydrate products, their relations with other

metabolic pathways, and enzymes that catalyze reactions. G6PD glucose-6-phosphate dehydrogenase, PGLS
6-phosphogluconolactonase, PGD 6-phosphogluconate dehydrogenase, RPIA ribose-5-phosphate isomerase A,
RPE ribulose-5-phosphate-3-epimerase, TA transaldolase, TK transketolase.
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Figure 3. The effects of GPD gene expression knockdown on PGL concentration?. The X axis presents level of

simulated GPD inhibition. The Y axis presents fold change in concentration in comparison to the natural state
(without inhibition).

Figure 4. The effects of GPD gene expression knockdown on 6PG concentration®. The X axis presents level of
simulated GPD inhibition. The Y axis presents fold change in concentration in comparison to the natural state
(without inhibition).

in cancer cells can be increased up to 8 times. The oxidative part of the pathway provides cells with a large amount
of NADPH, helping the cell can effectively fi ht excess oxidative stress. Effects that reduce the effectiveness of
the production of NADPH in the cell, in combination with factors that induce this stress, such as radiotherapy
or chemotherapy, can kill cancer cells.

To validate the model, model results were compared to those obtained empirically. The paper? serving as
the benchmark for our model described the effect of a third PPP enzyme, PGD, in lung cancer cells. Inhibition
of this enzyme’s activity does not significantly affect the level of NADPH, but inhibits tumor growth. The gene
encoding PGD is characterized by increased expression in neoplastic cells. ShRNA molecules were used to reduce
PGD expression. This approach resulted in inhibition of tumor growth , indicating an important role for PGD
in cancer cell metabolism. Concentrations of several PPP metabolites were measured, however, not all of them
had signifi ant changes. Metabolites of the oxidative phase of the PPP, such as 6-phosphogluconolactone (PGL)
and 6-phosphogluconate (6PG) had concentrations 7.9 and 11 times higher than their regular concentrations,
respectively (Figs. 3 and 4). These metabolites accumulated due to the absence/decreased activity of PGD. The
concentrations of metabolites of the non-oxidative phase of the pathway such as S7P or X5P were not measured,
but no signifi ant changes in the concentrations of ribose phosphate and nucleotide triphosphate were detected.

The accumulation of metabolites preceding the blocked reaction is because the expression of the PGD enzyme
has been reduced. A bottleneck is created at this stage of the pathway, leading to a reduced effici ¢y of this stage,
as there are not enough protein molecules in the cell to process all metabolite molecules. As a further conse-
quence, a decrease in the concentration of metabolites occurring further down the pathway, e.g., G3P, can be
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Figure 5. The effects of GPD gene expression knockdown on G3P concentration®. The X axis presents level of
simulated GPD inhibition. The Y axis presents fold change in concentration in comparison to the natural state
(without inhibition).

Experimental data Model data concentration Model data concentration Model data concentration Model data concentration
Metabolite | concentration change®® change using 90% inhibition | change using 95% inhibition | change using 98% inhibition | change using 100% inhibition
G6P 1.8 1.8 1.8 1.8 1.8
PGL 7.9 4.83 5.24 6.08 7.89
6PG 1 9.59 11.88 14.56 21.8
G3P -38 -1.85 —2.63 -3.85 -14.29

Table 2. Comparison of metabolite concentration changes (fold changes) caused by knockdown of the PGD
gene.

observed (Fig. 5). For the validation of the model, measurements of the concentrations of metabolites obtained
empirically were used. The model makes it possible to simulate and track the changes in the concentrations of
the metabolites.

Several measurements were performed to evaluate the level of inhibition of the GPD catalyzed reaction. The
obtained results show that the GPD knockdown caused inhibition at the level of 95-98%. These assumptions
are based on the results presented in Table 2. The results for these inhibition levels are the closest to the empiri-
cal results. The paper®® used shRNA to achieve expression knockdown, which is an incomplete mechanism to
reduce (but not eliminate) expression. Th s form of knockdown is not expected to achieve 100% silencing.
Indeed, 80-99% knockdown of expression is normal and expected. The calculated results are comparable to
those obtained experimentally and are consistent with current biological knowledge. Another point to consider
is that the glucose metabolism of neoplastic cells remains unknown in some aspects and these cells may possibly
bypass a blocked reaction in the metabolic pathway. Simulations using 100% inhibition were also performed,
but this led to a signifi ant reduction in the concentration of metabolites downstream of the bottleneck of the
pathway. However, it can be observed that due to the bidirectional character of reactions of the second phase of
the PPP and the flux of metabolites from other pathways, e.g., F6P generated in glycolysis, we do not observe a
complete ‘zeroing’ of metabolite concentration.

The results generated in our model (Table 2) follows the trend of changes in concentration observed in vitro,
and suggests that knockdown efficiency in vitro was likely near 95%, which is common for shRNA expression
knockdown.

Discussion
As mentioned in the introduction, most previous models simulating metabolic pathways, not only PPP, have
been based on the use of ODEs. However, due to the advantages offered by queueing theory, it seems reasonable
to use this method in modeling. The preparation of a quantitative model of a biological pathway such as the PPP
requires the necessary information on starting concentrations and kinetic data of the enzymes that catalyze the
pathway reactions. The presented model can be viewed as a ’virtual laboratory’ This model tracks the relation-
ships between individual metabolites formed at different stages of the pathway. It is possible to observe changes
caused by fluctuations in metabolite concentrations and their impact on the entire pathway.

It can also be used to test the effectiveness of new drugs if their influence on the kinetics of the reaction
they affect is known. In this way, one can also theoretically get answers to questions such as which reactions are
worth blocking to obtain the best possible therapeutic result. Most studies aimed at blocking the PPP pathway
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Number | Reaction Enzyme

1 G6P + NADP' — PGL + NADPH + H™ Glucose 6-phosphate dehydrogenase
2 PGL + H,0 — 6PG + H* 6-Phosphogluconolactonase

3 6PG + NADP' — Ru5P + NADPH + H' + CO, | 6-Phosphogluconate dehydrogenase
4A Ru5P — R5P Ribose-5-phosphate isomerase

4B Ru5P — X5P Ribulose 5-phosphate 3-epimerase

5 R5P + X5P — G3P + S7P Transketolase

6 X5P + E4P — G3P + F6P Transketolase

7 G3P + S7P — E4P + F6P Transaldolase

Table 3. Stoichiometric reactions of the PPP. Reactions 1-3 form the oxidative branch of PPP, reactions 4-7 are
in the non-oxidative branch.

in cancer patients have focused on blocking the first reaction of the pathway catalyzed by G6PD*"?%. However,
clinical data indicate that this therapy is not very effective without additional exposure to oxidative stress***’. For
this reason, the results of studies on the knockdown of the gene encoding PGD in this paper were used®®. Even
though the knockdown of the G6PD gene does not affect the amount of NADPH, which is important for tumor
development, the knockdown of this gene alone results in inhibition of tumor growth. Perhaps the metabolites
that accumulate in the cell prior to the blocked reaction are responsible for this situation. Their concentration
in cells reaches values signifi antly greater than their natural concentrations. The exact mechanism of tumor
growth inhibition is unknown, however, the effect achieved is important.

The proposed model obtained stability based on the data from the above-mentioned paper. We believe that
this type of model can be used to predict the impact of therapy, which in turn will lead to an increase in its
effectiveness.

Thanks to the use of experimental data together with a computational process based on the queueing theory,
a model was obtained that can track the metabolic pathway that takes place in the cells of living organisms. In
this paper, we present a separate PPP model without detailed analysis of the relationship between PPP and glyco-
lysis. The metabolites common to both pathways have been identifi d and several principles have been adopted
to create a functional PPP model. In the future, our plan is to connect the existing glycolysis, Krebs cycle, and
PPP models together. We believe that such a procedure may also positively affect the consistency of simulation
and experimental results.

The presented results indicate that the model can be used to predict changes in metabolite concentrations. For
this purpose, it is suffici t to enter the concentration value of one of the metabolites. In this way, the entire study
can prove to be more cost-effective—no need to determine each metabolite separately, which also saves time.

As demonstrated by the knockdown of one of the genes encoding the enzyme catalyzing the PPP reaction,
this model is adapted to follow the trend of metabolite changes. Moreover, it can determine the specific effect of
the inhibition of particular reactions on the concentration of metabolites with relatively high accuracy. Further
research providing data on how inhibition of a particular pathway step may affect kinetic constants could con-
tribute to an increase in the accuracy of the presented model.

Methods
Obtaining metabolic data and the use of enzymatic reaction kinetics. Th s work focuses on the
refl ction of changes in PPP metabolite concentrations over time. For this purpose, a literature review was car-
ried out to provide data on these concentrations (Table 1). Presented concentrations were measured with the
use of mass spectrometry’!. Several kinetic constants, and enzymatic properties, like maximum velocity (Vinax),
necessary for the correct operation of the model were used to calculate the speed of chemical reactions®'. Reac-
tion rates were calculated using equations based on Michaelis—Menten kinetics (for more information please
check Supplementary Information).

NADPH is formed from 2 NADP' molecules in the oxidative phase. The energy generated during the con-
version of G6P into ribulose 5-phosphate (Ru5P) is used in the reaction. The overall reaction of the first phase
of the pathway is as follows:

G6P + 2NADP' + H,O — Ru5P + 2NADPH + 2H' + CO;

Ru5P, which is one of the products of the fi st phase of the PPP, is the fi st substrate for the non-oxidative
phase. Ribose-5-phosphate isomerase can convert Ru5P to R5P. On the other hand, ribulose 5-phosphate epime-
rase converts Ru5P to xylulose 5-phosphate (X5P). The next reactions involve changing the length of the carbon
chain in the carbohydrates. These two five-carbon sugars then undergo a transketolase-catalyzed reaction. The
result is production of glyceraldehyde 3-phosphate (G3P) and sedoheptulose 7-phosphate (S7P). Then G3P and
S7P undergo a transaldolase-catalyzed reaction, which produces E4P and fructose 6-phosphate (F6P) (Fig. 2;
Table 3).

Queueing theory. The complicated nature of metabolic pathways, in which there are huge amounts of bio-
chemical substances constituting the substrates and reaction products, makes modeling metabolism extremely
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challenging. Methods commonly used to model metabolic pathways require supervision and the use of appro-
priate constraints, like forcing ODEs not to reach negative values. Such treatments may cause small calculation
errors which could accumulate in long-term modeling and result in incorrect calculations. Biological systems
are organized to pass the products of individual metabolic reactions further down the pathway, so that they
become substrates for downstream reactions or are used by the cell to support necessary life processes®2. For this
reason, the use of queueing theory in metabolic pathway modeling seems to be the right approach.

Queueing networks can be thought of as hidden Markov chains, similar to Gillespie’s modelling technique
The advantage of using queueing theory to model metabolic pathways is that they do not require enhanced
computing power. Therefore, the results can be obtained close to real time. Networks based on queueing theory
can be applied with ease to a signifi antly greater number of molecules, grouped into the queues representing
different molecular species. Due to the nature of this approach, it is capable of combining individual pathways
into larger, more complex groups of metabolic pathways.

Averaging the results from several simulation runs provides information on the average changes in the con-
centrations of the individual pathway metabolites. The proposed model is based on calculations of the kinetics
of Michaelis-Menten enzymatic reactions, which focus on the relationship between the concentrations of the
substrate and the product, and the velocity of the reaction. According to this theory, the macroscopic concept of
enzymatic reaction speed is the sum of many microscopic reactions that can exchange specifi amounts of sub-
stances per time unit. The description of the PPP as the probability of decreasing and increasing the concentration
of each of the substances present in the pathway and the correlation of their reduction with the accumulation
of other substrates results in a self-regulating, stochastic process that imitates the actual course of the PPP. The
Michaelis—-Menten kinetic equation was used to calculate the probability of the reaction. A detailed description
of the methodology used is described in the work describing the Krebs cycle model*.

The probability of the reaction can be converted to an average amount of arrivals when measured for a sig-
nificant amount of time. Therefore, the kinetic equations can be used to calculate the adaptive parameter p(t)
utilized for modelling PPP behavior by a network of inhomogeneous Poisson processes described by equation (1):

20,21

—u(t)T k
P(N(t+1) = N(t) = k,t] = % o

Where:

P(N(t + 7) — N(t)) = k, t]—probability of k arrivals in the interval (¢, ¢ + 1)
u(t)t—expected number of arrivals in a time interval duration of (¢, t + 7)

The queue processing time of metabolite increment is described by the exponential distribution of the random
variable T'in the terms of the rate parameter 1 (t) as follows (2):

‘ _u@®e*®OT  whenT >0
f(T;u@) = { 0 when dT < 0 @

Therefore, the PPP is modelled by the composition of interconnected queues. Departure of substrate’s increment
from one queue is followed by the arrival at the successive queue. It is worth noting that the network of intercon-
nected queues is equivalent to the set of ODEs as proven by™.

Probability of substrate’s increment departure from each queue depends on the current concentration of
the substrates and the kinetic constants of the reaction causing that departure. Every queue uses its individual
Michaelis—Menten kinetic equation with kinetic constants normalized according to the method based on the
formula described in', to determine the likelihood that in this time step the reaction occurs. Since the reaction
rates depend on the current concentration of molecules that change from step to step, the resulting inhomogene-
ous Poisson process implements the feedback loop, which results in a system with memory.

Use of a genetic algorithm to optimize model parameters.  Values of enzyme kinetic constants were
found with the use of a genetic algorithm starting from literature data. Every ‘gene’ in the ‘chromosome’ is a vec-
tor of kinetic constants describing each Michaelis—Menten kinetic equation. The new values of kinetic constants
are found by randomly selecting from which ‘parent’” ‘off pring’ inherits ‘gene’ (set of kinetic constants for a
particular reaction). However, mutation occurs on each kinetic value regardless to which parent it belongs. The
loss function optimized by the algorithm is the sum of the squared distances between PPP state described by the
literature and the current optimization step of the simulation using kinetic constants that makes an individual
‘chromosome’. The formula of loss function is as follows (3):

fXEX) =Y X -X)? (3)

Where: X;—vector of substrates described by a literature; X—vector of substrates describing stable state of
simulation.

The loss function described above has a trivial solution. If all kinetic constants that are used in Michae-
lis—-Menten reactions as multipliers (instead of dividers) are zeroed, then the results of these equations are equal
to zero. As a result, no reactions occur, so the simulation’s stable point is equal to the original literature vector.
To prevent such a solution, the genetic algorithm sets a constraint on newly generated ‘chromosomes’ Each
reaction parametrized by values of the ‘chromosome’ for a literature vector of substrates must have a probability
of occurrence between 0.00005 and 0.05.
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The fi st set of ‘chromosomes’ are made of Michaelis—Menten kinetic constants defi ed in the literature with
added gaussian noise. Given the selected starting point, the genetic algorithm is set on fi ding the optimal value
in the proximity of the already established values. Th s reduces the risk of the algorithm generating an output
that minimizes the loss function, but produces kinetic constants signifi antly different from the literature values.

Pseudocode of the PPP model. The pseudocode describing the computational processes can be found in
the Supplementary Information. Th s code assumes that:

e Kinetic constants are grouped into a table of vectors of constant values. There are 14 vectors in the table
corresponding to eight different reactions and six balancing fl ws. Each of the reactions has a unique vec-
tor of dimension equal to the number of kinetic constants used in the reaction rate computation and every
balancing flow contains a one-dimensional vector.

e Concentration increment exchanged during the reactions is denoted ‘delta’ and is unique for each reaction.
It ranges from 2.3 x 107° mM to 5.0 x 10™> mM. ’Delta’ is signifi antly lower than the initial value of the
lowest substrate concentration. The ‘delta’ value must be chosen in a way that corresponds to a change of
more than a single molecule for the rare species; in fact, for rare species, it should always be a positive integer
number of molecules.

e the concentrations of G6P and NADP in the cycle vary with 10% Gaussian noise around the constant values
of 0.001 mM and 0.0026 mM, respectively. Th s signal-to-noise ratio aims to refl ct metabolic conditions
inside the cell.

The search for optimal kinetic constants was performed using a PC with AMD Ryzen 7 3800X 8-Core Proces-
sor, 3900 MHz, RAM 32 GB. Code was written in C# 8.0. One search epoch simulating one hour for 50 different
tables of kinetic constants using all 8 logic cores, took approximately 7 hours.

Model validation based on the use of experimental data. G6P dehydrogenase is the enzyme that
catalyzes the fi st reaction of the pathway’. Therefore, it is the enzyme that controls the starting velocity of the
pathway. Th's enzyme is strongly inhibited by NADPH?. Drugs aimed at reducing the intensity of the reac-
tion mainly focus on reducing the activity of this enzyme, which leads to a reduction in the velocity of the
entire pathway?’. However, clinical results indicate that inhibiting this enzyme is not an effective therapeutic
approach®. For this reason, data obtained from the study of knockdown expression of the 6-phosphogluconate
dehydrogenase (PGD) enzyme were selected for model validation®.

Data availability
The dataset supporting the conclusions of this article is available in the GitHub repository, https://github.com/
UTP-WTTE/PPPQueueingTheory.
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p-oxidation of fatty acids plays a significant role in the energy metabolism of the cell. This paper presents
a p-oxidation model of fatty acids based on queueing theory. It uses Michaelis-Menten enzyme Kkinetics,
and literature data on metabolites’ concentration and enzymatic constants. A genetic algorithm was used to
optimize the parameters for the pathway reactions. The model enables real-time tracking of changes in the
concentrations of metabolites with different carbon chain lengths. Another application of the presented model
is to predict the changes caused by system disturbance, such as altered enzyme activity or abnormal fatty
acid concentration. The model has been validated against experimental data. There are diseases that change
the metabolism of fatty acids and the presented model can be used to understand the cause of these changes,
analyze metabolites abnormalities, and determine the initial target of treatment.

1. Introduction
1.1. Biological background

p-oxidation of fatty acids plays a major role in the generation of
accessible energy within the cell. g-oxidation leads to the shortening of
the fatty acid carbon chain to generate acetyl-CoA and energetic coen-
zymes NADH and FADH,, which are used in the respiratory chain and
lead to adenosine triphosphate (ATP) formation (Houten and Wanders,
2010).

p-oxidation is a complex process involving several steps that can
be divided into three phases: (1) transport of fatty acids from adipose
tissue to target cells, (2) entry of the fatty acids into the cytoplasm
and then into the mitochondria, including activation and transport
inside target cell mitochondria, (3) oxidative catabolism inside the
mitochondrial matrix (Houten and Wanders, 2010). In our model we
focused mostly on the phases 2 and 3.

Activation is a necessary and energy-expensive process in the
metabolism of fatty acids. Pre-existing ATP is hydrolyzed, providing
the necessary energy to “activate” the fatty acid and form a fatty acyl-
CoA molecule. This reaction is catalyzed by fatty acyl-CoA synthetase
and prevents fatty acids from leaving the cell; however, this molecule

* Correspondence to: Curie Sklodowskiej 9 Street, 85-094 Bydgoszcz, Poland.
E-mail address: 503013@stud.umk.pl (S.M. Kloska).

https://doi.org/10.1016/j.compbiolchem.2023.107860

cannot cross into the mitochondrial membrane. Fatty acyl-carnitine is
formed to enable transport into the inner mitochondrial matrix using
the carnitine shuttle.

Once inside the mitochondrial matrix, fatty acyl-CoA molecule enter
the p-oxidation pathway. Four main stages of f-oxidation can be distin-
guished: oxidation, hydration, oxidation, and thiolysis (Fig. 1). The two
products of g-oxidation are (1) a fatty acyl-CoA molecule, shortened by
two carbon atoms, which can re-enter the g-oxidation pathway, and (2)
an acetyl-CoA molecule, which is the cell’s fuel in the Krebs cycle. The
concentration of acyl-CoA intermediates is difficult to measure due to
low concentrations of these intermediate molecules, which also share
similar chemical structure and mass. Blood acyl-carnitine concentration
measurements can be used, which somehow reflect the mitochondrial
acyl-CoA concentration (Mihalik et al., 2010; Noland et al., 2009).

1.2. Queueing theory

Advances in experimental techniques have enabled the creation of
mathematical models of metabolic pathways. Computational models
provide insight into the dynamics of changes taking place in the cell.
These models can facilitate the understanding of complex metabolic
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Fig. 1. Diagram illustrating the course of activation, transport into mitochondrial matrix, and p-oxidation.

networks, provide useful information about biological systems’ behav-
ior, as well as potentially identify new therapeutic targets which would
lead to the development of personalized medicine (Schiitzhold et al.,
2016; van Riel, 2006).

Most of the biological models developed so far are based on Ordi-
nary Differential Equations (ODEs) (van Eunen et al., 2013). ODE-based
methods are well known and useful for metabolic pathway model-
ing but are not without drawbacks. Due to the computational nature
of ODEs, during long simulations they may result in the accumula-
tion of numerical errors and require the use of a non-negative ODE
solution (Shampine et al., 2005).

The inherent stochasticity of biological processes should be consid-
ered when designing computational models of such systems. For this
reason, stochastic models can be constructed on the basis of the Chem-
ical Master Equation (CME), which make it possible to demonstrate
stochastic processes in biological systems. However, the disadvantage
of using the CME in stochastic model construction is that it is not
suitable for modeling complex metabolic networks due to computa-
tional complexity (Puchatka and Kierzek, 2004). For this reason, it is
necessary to look for methods that are lighter in terms of computation,
and still capable of modeling stochastic biological processes.

One method is the application of queueing theory. This method al-
lows for the grouping of molecules of the same type into a single queue
and reactions of the same type into a single server (Evstigneev, 2014).
This modeling approach makes the computations simpler compared to
models that use the Gillespie algorithm (Gillespie, 1977; Voit, 2017),
where each molecule and reaction is described as a separate node in the
Markov chain (Massey, 1985). The model based on queueing theory
can be considered a hidden Markov chain model and the resulting

mathematical model is similar to the biological one (Fig. 2). Given the
simplified modeling approach and its less complex computations, it has
been applied to many diverse biological processes including the HIV
infection process (Sharp et al., 2012), pharmacokinetic modeling (Guo
et al., 2014), glycolysis (Clement et al., 2020), the Krebs cycle (Kloska
et al., 2021), and pentose phosphate pathway (Kloska et al., 2022).

Observing changes in the concentration of individual metabolites
in a queueing theory-based model is possible because the results of
simulations are averaged over the course of several simulation runs.
The model is based on the Michaelis-Menten enzymatic equation,
which describes the relationships between reaction rates and substrate—
product pairs. In this sense, the speed of a reaction is a macroscopic
representation of many microscopic reactions that cause/prevent the
exchange of a given amount of a substance from one queue to another
in a given time. From this point of view, the reaction rate can be
seen as the frequency of the reaction and the probability of increasing
the amount of a given molecule, in a reaction in which the amount
of substrate is reduced in favor of an increasing amount of product.
Using this approach, we were able to obtain a self-regulating model
of p-oxidation of fatty acids that reflects the stochastic nature of the
process. The Michaelis—-Menten equation is used to determine the prob-
ability of a reaction occurring based on the kinetic data used in the
equation, i.e., metabolite concentration, maximum enzyme velocity. A
more detailed description can be found in Kloska et al. (2021).

In addition, we use one of the artificial intelligence (AI) algorithms,
specifically the genetic algorithm (GA), to optimize the parameters of
the model. We decided to use the GA because it was effective in our
previous modeling models.
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Fig. 2. Diagram showing the reactions in the fatty acids g-oxidation model based on the queueing theory.

2. Materials and methods
2.1. Model construction, data acquisition, enzymatic kinetics

The series of reactions involved in the g-oxidation pathway found
from the KEGG Pathway database were prepared (Fig. 2). The kinet-
ics of these reactions are calculated according to the principles of
Michaelis-Menten enzymatic kinetics (Eq. (1)). The model is based on
available literature data (i.e., kinetic constants, reaction rates, enzyme
velocity) of enzymes and metabolites in each reaction. Metabolite
concentration data was used as initial values. The values for the initial
concentration of each metabolite and kinetic constants are included in
the Supporting Information. The proposed model makes it possible to
track changes in the concentration of individual metabolites over time.

v MIOR O 4 POP0)

ot) = f Ks, Ks, " Kp Kp, o
IO S10) S0, PO
I+ =22+ )1+ 2= + 2=
( Ks, | Kp, X Ks, | Kn, )
where:

o(t) - reaction speed
V; - forward reaction speed
V, - reverse reaction speed
S1(0), S5(D), ..., S, (1) - substrate concentration in mmol/L
P,(t), Py(1), ..., P(t) - substrate concentration in mmol/L
- Ks_ - kinetic constant of substrate

Kp.Kp,,....K P, " kinetic constant of product

It should be noted here that because concentrations of substrates
and products change in time, the reaction rates given by Eq. (1) are
time dependent, and this dependency introduces implicit feedback in
the model.

2.2. Queueing theory

In the proposed model we calculated the adaptive parameter u(r)
with the use of the Michaelis-Menten equation. The behavior of g-
oxidation metabolites and their reactions that appear in the model
can be considered as a network of inhomogeneous Poisson processes
described by Eq. (2):

Oty @

P(N(t+7) = N() = k,1] = -

where:

P[(N(t + 7)-N(t))=k, t] - probability of k arrivals in the interval (¢,
t+ 7]

u(t)r - expected number of arrivals in a time interval duration of (t,
t+ 7]

The exponential distribution of the random variable T in the terms
of the rate parameter u(r) describes the queue processing time of
metabolite increment and is given by Eq. (3):

u@®e T T >0

0 T<0 3

ST u®) = {

A composition of interconnected queues based on the Michaelis—
Menten equation can mimic f-oxidation. After a metabolite outflows
from one queue, it will flow into the next queue. Thus, the network of
interconnected queues is equivalent to the set of ODEs (Massey, 1985).
Substrate’s concentration and kinetic constants are factors that influ-
ence the likelihood of service to the successive queue. Each Michaelis—
Menten equation applies to a particular substrate and affects whether
the reaction takes place at the particular time point (Clement et al.,
2020).

2.3. Genetic algorithm

To optimize the coefficients used in the Michaelis-Menten equation,
we used the genetic algorithm (GA) (Holland, 1984; Katoch et al.,
2021). Literature data was used as starting points for optimization.
Kinetic constants have been treated as ‘genes’ in the ‘chromosome’.
Parameters were selected so that the entire f-oxidation queueing model
reflects the experimental results as closely as possible. The g-oxidation
state described in the literature and the current optimization stage of
the simulations that make up the ‘chromosome’ are used to calculate
the loss function. The loss function is the sum of the squared dis-
tances of the above parameters. The loss function formula is presented
by Eq. (4):

R g -x\
gp:X’X_)Z<—X- > @

g (Y’,X”,X’,X”) - gp ()2,,X,) +gp (Y”,X”)
where:

g, - subfunction that penalizes the difference between two vectors
in relation to second vector

g - loss function formula used for ‘chromosomes’ evaluation

X' - vector of substrate concentrations described by a literature after

1 simulation time elapsed

3
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X" - vector of substrate concentrations described by a literature at
the end of the simulation

X' - vector of substrate concentrations obtained by evaluation of the
‘chromosome’ after % simulation time elapsed

X" - vector of substrate concentrations obtained by evaluation at
the end of the simulation

The vectors used in this equation are aggregations of individual
substrates of the same carbon chain length. van Eunen et al. (2013)
provided the values for literature vectors. The loss function is a sum-
mation of two instances of the difference penalty function and its task
is to select the ‘chromosome’ (set of kinetic constants), which generates
the simulation results, that resembles the closest time series obtained
in the laboratory on living cells.

The points for GA to perform optimalization of the simulated con-
centration values were based on the experimental measurements. van
Eunen et al. (2013) measured the concentration values ten times during
24-minutes long experiment. Therefore, we performed optimalization
at the same time stamps as those measured experimentally.

The penalty subfunction computes the relative square error between
subsequent values of the obtained vector and reference vector. The divi-
sion by the value from the reference vector serves as an enforcement of
equal contributions of all substrates in optimalization process (it should
be noted that at one point the value of C16 concentration is 75 times
higher than concentration of C4).

3. Results

The developed queueing theory-based model of fatty acid pg-
oxidation includes individual steps taking into account the activation
reaction catalyzed by fatty acyl-CoA synthetase and transport through
the inner mitochondrial membrane with the use of the carnitine shuttle
(Figs. 1 and 2). In the presented example, a fatty acid with a length of
16 carbon atoms (palmitoleic acid) was used. The simulation shows
the case where acyl-CoA palmitoyl is in excess in the cytoplasm of the
cell and its concentration is consistently high throughout the simulation
process. After entering the mitochondrion, the newly formed palmitoyl-
CoA undergoes an oxidation reaction, forming C16 enoyl-CoA. The
enoyl-CoA molecule then hydrates to form hydroxyacyl-CoA, which
then undergoes oxidation to form ketoacyl-CoA. The ketoacyl-CoA
molecule undergoes thiolysis, resulting in the formation of an acetyl-
CoA molecule and an acyl-CoA chain shorter by two carbon atoms. The
resulting shorter acyl-CoA re-enters the f-oxidation pathway and the
next cycle of reactions takes place.

The diagram shown in Fig. 2 has been transformed into 31
Michaelis-Menten enzymatic kinetics equations with 117 parameters,
forming the basis of the presented model. For example, Eq. (5). repre-
senting the formation of C10 hydroxyacyl-CoA from C10 enoyl-CoA is
as follows:

C10H ydroxyacylCoAM AT
[C10EnoylCoAM AT] _ [C10H ydroxyacylCoAM AT]

crot
_ KMc10Enoyicoam ar KMc 10t ydroxyacyicoant at (5)
- (1 + [ClOEnDy/CoAMAT])(l + [ClOHydroxyacleoAMAT])

Mc10EnoylCoAM AT KMCIOHydroxyacy[CoAMAT

The equation includes the speed of the corresponding enzyme in-
volved in the reaction (here particularly crotonase), the substrate (C10
enoyl-CoA) and the product concentrations (C10 hydroxyacyl-CoA) and
their kinetic constants. The data used in the equations came from
scientific literature (van Eunen et al., 2013). Kinetic constants were
optimized with the use of the genetic algorithm (GA). Detailed data
on the equations (equation form, kinetic constants, concentrations)
and data used in the model (after optimization) are presented in the
Supporting Information.

The presented model starts when the C16 acyl-CoA is activated to
enter the mitochondria. The model assumes that there are no shorter
acyl-CoA molecules in the mitochondria. As the reaction cascade be-
gins, the concentration of shorter carbon chains increases. Fig. 3 shows

Computational Biology and Chemistry 104 (2023) 107860

the course of the 25 min simulation, taking into account changes
in the aggregated concentrations of individual metabolites with the
same carbon chain length. It also shows the initial accumulation of
molecules with a 16-atom carbon chain, which reproduces the short
delay observed in experimental results (van Eunen et al.,, 2013) for
p-oxidation process to start using accumulated C16. This condition per-
sists in the cell over time because the accumulated molecules compete
for an enzyme capable of transforming them. The presented model
was validated by comparison of the experimental and computational
data presented in van Eunen et al. (2013). The results presented by
van Eunen et al. (2013) included the experimental measurements of g-
oxidation metabolites derived from rat liver mitochondria. Fig. 3 com-
pares the 16-atom long carbon chain (C16) laboratory measurements
(van Eunen et al., 2013) and simulation results. The characteristics of
the simulation run are similar to laboratory results (van Eunen et al.,
2013).

ODE-based model proposed by van Eunen et al. (2013) perfectly
reflects qualitative changes of concentration. However, it is not fully
precise in the case of quantitative prediction. Therefore, we believe
that the queueing theory-based model with improvements proposed by
Al algorithms, like GA used in this case, can improve already existing
models and tools.

Presented results are the mean of simulated results for 50 indepen-
dent rat liver cells. The resulting database includes 3 000 measurements
(each measurement every half a second), which are the average values
of 2 000 measurements. One of the advantages of the model is the speed
of its calculations as they can be calculated in real time. Simulations
were also conducted taking into account Gaussian noise at levels of
25% and 50% of the metabolites’ initial concentrations. The model
successfully achieved stability for Gaussian noise of 25% (Fig. 4) and
50% (Fig. 5). The model retains a qualitative reflection of concentra-
tion changes (standard deviation over mean results are attached to
Supporting Information). In this way, it was shown that this model
is resistant to laboratory measurement inaccuracies resulting from ex-
tremely low concentrations at which individual pathway metabolites
are present. The presented model is computationally efficient, which
results from the methodology used. The model enables the tracking of
the g-oxidation process and time changes in the concentration of fatty
acids with carbon chains of various lengths.

4. Discussion and conclusions

This paper presents a f-oxidation model based on queueing theory.
The parameters used in the developed model come from previous
literature and were optimized using a GA so that individual reaction
equations could be combined into a functional p-oxidation model. The
obtained results confirmed the effectiveness of queueing theory in
metabolism modeling when compared to the experimental results from
rat liver mitochondria, as well as previous models based on ODEs (van
Eunen et al., 2013).

The authors in Mc Auley and Mooney (2015) point out that model-
ing lipid metabolism is difficult due to the fact that the current under-
standing of the biology of metabolism is very difficult to describe with
mathematical equations. Consequently, the simulation results obtained
need not always match exactly what is going on in the cell. However,
the model we developed, which uses literature data of metabolites
and enzymes, showed that queueing theory is capable of reproducing
laboratory results.

Schiitzhold et al. (2016) presented a model of lipid metabolism in
yeast. However, the authors focused on other factors of lipid
metabolism, such as the distribution of fatty acids in different mem-
branes throughout cell cycle as the cell’s requirements change de-
pending on the cycle phase. Therefore, their work provides more
opportunities for location-dependent distributions predictions.

Due to the multitude of processes lipids are involved in, distur-
bances in lipid metabolism are a risk factor for various diseases. Dis-
turbed lipid metabolism occurs in cancer cells (Natter and Kohlwein,
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Fig. 3. Concentration level change over 25 min simulation under unperturbed conditions, without Gaussian noise. C16 — metabolites with carbon chain length of 16; C14 —
metabolites with carbon chain length of 14; C12 — metabolites with carbon chain length of 12; C10 — metabolites with carbon chain length of 10; C8 — metabolites with carbon
chain length of 8; C6 — metabolites with carbon chain length of 6; C4 — metabolites with carbon chain length of 4; experimental results refers to van Eunen et al. (2013).

Fig. 4. Concentration level change over 25 min simulation with Gaussian noise of 25%. C16 — metabolites with carbon chain length of 16; C14 — metabolites with carbon chain
length of 14; C12 — metabolites with carbon chain length of 12; C10 — metabolites with carbon chain length of 10; C8 — metabolites with carbon chain length of 8; C6 —
metabolites with carbon chain length of 6; C4 — metabolites with carbon chain length of 4, experimental results refers to van Eunen et al. (2013).

2013) and in Alzheimer’s disease (Liu et al.,, 2013). The concentra-
tion of free fatty acids in the plasma is enhanced in people with
type 2 diabetes, obesity, and in patients with non-alcoholic fatty liver
disease (Mihalik et al., 2010; Henderson, 2021).

Moreover, mutations in the genes encoding the enzymes for the
p-oxidation pathway reactions can cause deficiencies and disorders.
Modre-Osprian et al. (2009) created a p-oxidation model that allows
the percentage of acyl-CoA with different carbon chain lengths to be
assessed in relation to the total acyl-CoA concentration. The model can
simulate various enzyme deficiencies, and they verified the model’s
results on neonatal laboratory results. In the case of a deficiency of
any particular enzyme, molecules accumulate and are insufficiently
processed. Referring to the results of our model (Fig. 3) in the case
of reduction of enzyme efficacy or a shortage of enzymes responsible
for the conversion of particles with a 16-atom carbon chain, their accu-
mulation would be longer and lead to an even greater increase in C16

concentration. Excess C16 particles accumulate inside the mitochon-
dria. As the concentration of C16 inside the mitochondrion increases,
the rate at which subsequent molecules are delivered decreases, which
gives the cell time to start using already accumulated molecules in the
first reaction of f-oxidation.

Accumulation of palmitoyl-CoA inside the mitochondria can be
inhibited by reducing the activity of enzymes involved in both activa-
tion (fatty acyl-CoA synthetase) and transport across the mitochondrial
membrane (carnitine palmitoyltransferase I). One possible inhibition
mechanism is to lower the concentration of CoA in the cytosol, thus
making the activation reaction less frequent.

The limitation of the presented model is that we focused on fatty
acids with an even number of carbon atoms. In the case of fatty
acids with an odd number of carbon atoms in the chain (e.g., C5),
the resulting propionyl-CoA (C3) undergoes a series of reactions that
result in the formation of succinyl-CoA, which in this form can enter
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Fig. 5. Concentration level change over 25 min simulation with Gaussian noise of 50%. C16 — metabolites with carbon chain length of 16; C14 — metabolites with carbon chain
length of 14; C12 — metabolites with carbon chain length of 12; C10 — metabolites with carbon chain length of 10; C8 — metabolites with carbon chain length of 8; C6 —
metabolites with carbon chain length of 6; C4 — metabolites with carbon chain length of 4, experimental results refers to van Eunen et al. (2013).

the Krebs cycle. However, due to the nature of the queueing theory
modeling, further reactions can be added at a later stage of the study
and combined with other cellular processes such as the Krebs cycle.
Another limitation of the model is that we considered only the scenario
of palmitoleic acid, which is saturated fatty acid. We did not consider
other scenarios of unsaturated fatty acids, which may also have an
impact on the p-oxidation kinetics.

A queueing theory-based model of g-oxidation was prepared. The
results obtained by the model indicate its accuracy, as these results
are similar to experimental results. It can be concluded that the results
of this queueing theory model are more accurate than those based on
ODEs, and demands less computing power. The less-computationally
intensive model can therefore carry out simulations in real time. We
believe that the model can be used in research into diseases related to
disorders of fatty acid metabolism and contribute to the development
of effective therapies. The modeling technique used enables the model
to be expanded in the future and to include other metabolic pathways.
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Abstract

A queueing theory based model of mTOR complexes impact on Akt-mediated cell response to insulin is presented in this paper.
The model includes several aspects including the effect of insulin on the transport of glucose from the blood into the adipocytes
with the participation of GLUT4, and the role of the GAPDH enzyme as a regulator of mTORC1 activity. A genetic algorithm was
used to optimize the model parameters. It can be observed that mTORCH1 activity is related to the amount of GLUT4 involved in
glucose transport. The results show the relationship between the amount of GAPDH in the cell and mTORC1 activity. Moreover,
obtained results suggest that mTORCH1 inhibitors may be an effective agent in the fight against type 2 diabetes. However, these
results are based on theoretical knowledge and appropriate experimental tests should be performed before making firm
conclusions.
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Introduction

Biological importance

A key hormone that controls blood glucose levels is insulin. This hormone is secreted by the B-cells of pancreatic islets. Insulin
facilitates glucose uptake in peripheral tissues including the muscle, and adipose tissue [1]. It inhibits glucose production from non-
glucose sources by inhibiting gluconeogenesis and glycogenolysis, while stimulating glycogen synthesis. The hormone with the
opposite effect of insulin is glucagon [2]. Both of these hormones together are primarily responsible for the maintenance of glucose
homeostasis in mammals.

The attachment of insulin to the insulin receptor starts a cascade of reactions responsible for the absorption of glucose inside the
cell [3]. One of the main effects of this cascade is the translocation of glucose transporter 4 (GLUT4) from the center of the cell
towards the cell membrane. GLUT4 is a protein that facilitates the diffusion of glucose along a concentration gradient—from a higher
concentration in the blood to a lower concentration in the cell. The participation of GLUT4 in the transport of glucose inside the cell
increases the amount of transported glucose molecules by 30 times [4, 5].

Adequate management of glucose levels in the cell is crucial to maintain a healthy environment in the cell and its function. One of
the mechanisms that supervise the maintenance of adequate blood glucose levels is through mammalian target of rapamycin
(mTOR) kinase. mTOR links with other proteins and forms two protein complexes described as mTORC1 and mTORC2. These
complexes are responsible for regulation of various important processes inside the cell, including cell growth regulation, cell
proliferation, cell motility, cell survival, protein synthesis, autophagy, DNA transcription, and metabolism [6]. The dysregulation and
incorrect activity of mMTOR complexes can lead to diseases such as obesity, diabetes and even cancer [7, 8]. One of the proteins
that regulate the mTORC1 complex is the Rheb protein [9, 10]. It is one of the key mTORC1 activating proteins. However, one
enzyme in the glycolytic pathway—glyceraldehyde 3-phosphate dehydrogenase (GAPDH), has a high affinity for the Rheb protein
[11]. When GAPDH enzyme molecules are not involved in the reaction that produces 1,3-bisphosphoglycerate (1,3-BPG) from
glyceraldehyde 3-phosphate (G3P), they combine with Rheb protein molecules, depriving the mTORC1 complex its key activator,
leading to inactivity of the mTORC1. When the cell has normal/high concentrations of G3P, GAPDH molecules are busy processing
G3P, so Rheb can freely bind to mTORC1 and activate it. Depending on the above-described mTORCH1 activation process, the
amount of GLUT4 particles varies. For this reason, we decided to prepare a computational model capable of predicting the number
of active GLUT4 particles that are capable of participating in glucose transport.

Queueing theory

https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0279573 1/9
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Typically, cellular signaling networks have been modeled using a set of ordinary differential equations (ODEs) [12]. Using these
equations, it is possible to demonstrate the changes that occur in the cell during rest and in response to external stimuli causing
upstream signals. However, when using ODEs, the fluctuations in the cell leading to local changes (e.g., temperature) are not taken
into account, which influences the values of the kinetic constants that affect the way the cell responds. To map the intracellular
environment more accurately, as well as the random variation, a model based on the queueing theory can be useful. Queueing
theory was mainly used in telecommunications and engineering [13—16]. Additionally, it is suitable for modeling stochastic
processes in cells. The idea to use a method commonly used in telecommunications comes from the fact that signaling paths,
similar to the transmission of internet packets, transmit information from node to node. Likewise, in a cell, signaling molecules are
passed on, activating subsequent elements (proteins) of the cascade. To date, the queueing theory approach has been used to
model simple metabolic networks [17], metabolic pathways such as glycolysis [18] and the Krebs cycle [19]. The presented model
is an extension of the work [20] to include loops related to the regulation of cellular metabolism by mTOR complexes and mTORCH1
regulation via GAPDH availability, or more precisely—‘occupancy’. In the case of models such as the one presented here, which use
a large number of variables, the application of the queuing theory seems to be more optimal than the use of ODEs. The model is
capable of achieving stability. Another advantage of using queueing theory to model signaling pathways is that they require
significantly less computing power compared to ODE models. For this reason, simulation can be carried out practically in real time.
Due to the short duration of the simulation, it can be used to learn about the relationships caused by manipulations of specific
kinetic constants or concentrations, which also has its advantages when considering the reactions that are not well
studied/established. To confirm the correctness of the obtained simulation results, the simulated data were compared with the
results of laboratory experiments [21]. Finally, using the queueing theory gives the possibility of expanding the model with further
reactions, without major interference in the course of the previously described, due to the fact that they are based on empirically
obtained values. Therefore, the model is adapted to be supplemented with the development of the state of knowledge about the
given signaling or metabolic pathways. Moreover, it can be used to theoretically test the kinetic changes brought about by potential
mTORC inhibitors [22].

The aim of this work is to present a comprehensive model of cellular response to insulin, which leads to GLUT4 translocation and
mTORC activation as a part of processes responsible for maintaining proper cellular glucose concentration. Fig_1 shows the links
between molecules involved in the insulin signaling pathway. The research hypothesis of this work is the ability to simulate the
cellular response to insulin and track changes in the concentrations of proteins involved in this response using queueing theory
based simulation model. The presented model shows the mechanism of mMTORC1 influence on mobilization of GLUT4 particles.
Since mTORC1 has been reported in literature as having an impact on glucose uptake [23, 24].

Fig 1. Diagram illustrating the computational model of the insulin signaling pathway.

The cascade of reactions begins when insulin binds to the insulin receptor. The scheme includes the most important proteins
in the PI3K/Akt/mTOR pathway which play a role in the cellular response to insulin.
https://doi.org/10.1371/journal.pone.0279573.g001

The presented model is an extension of previously described simulation of insulin mediated GLUT4 translocation [20]. Since then
the mTORCH1 signaling pathway connections with Akt-mediated insulin response has been described [25, 26]. This work presents a
model where those connections have been included. Moreover, the paper studies regulation of MTORC1 activity by the glycolytic
enzyme GAPDH, which has high affinity for the mTOR activator protein—Rheb. To train the model we have used genetic algorithm
(GA) to optimize the kinetic coefficients. The achieved results allow to conclude that artificial intelligence (Al) algorithms, in this
case the genetic algorithm, can be effective tools for optimizing computational models. In order to validate the obtained results, we
present multiple variants of mMTORC1 activity that can be practically obtained through the administration of an mTORC1 inhibitor,
such as rapamycin [27].

Methodology

The endpoints of the Akt-mediated insulin signaling pathway are well characterized [28—-30]. Therefore, by comparing the
experimental and computational results, it can be assessed whether the model works properly. The values of kinetic constants and
concentrations of signaling molecules were obtained by searching the PubMed database. Simulations were performed separately
for 50 independent cells, which mimic human adipocytes. This type of cell was chosen because of the availability of literature data,
which was used in the development of the model. For each of the cells, the concentrations of all molecules participating in the
signaling pathway were randomly chosen from the given range, limited by 10% Gaussian noise. According to the queueing theory,
the current concentrations of individual molecules in each cell are separate ‘stores’-queues [18, 31]. The speed of the response
determines the probability of passing from one queue to the next. The simulation results are averaged over the entire cell
population. A network based on queues can be used to model reactions whose rates change dynamically and randomly. The
simulation was performed in C# 8.0. All the results were obtained using 1ms time increments; however, the simulation allows the
choice of any user-selected time increment. While changing the time increment, one should pay attention to the fact that the
probabilities of the reaction occurrence are <1. Detailed information on the equations, kinetic constants, and initial concentrations
can be found in the S1 File.

https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0279573 2/9
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The Genetic Algorithm [32, 33] was used to tune the model of interconnected queues realizing Michaelis-Menten equations. Each
‘chromosome’ consisted of linear coefficients for selected group of queues scaling their probability of reaction occurrence. The
population of GA consists of ten ‘chromosomes’. In each epoch, every ‘chromosome’ is evaluated and the two ‘chromosomes’ with
the best scores are chosen. The process of ‘chromosome’ evaluation consists of performing three simulations with a set of kinetic
constants, linear coefficients stored in each ‘chromosome’, and a value of available GAPDH. Each simulation used a different value
of available GAPDH taken from a set {0%, 20%, 50%, 100%}. One simulation was formed emulating 50 cells working in parallel to
each other. The evaluation step was added to measure, 1) how many cells reached the maximum value of GLUT4 in vesicles for
available GAPDH equal to 100%, 2) how many cells reached the minimum value of GLUT4 in vesicles for available GAPDH equal
to 0%, and 3) how distant is the number of cells that reached the maximum value of GLUT4 in vesicles for available GAPDH equal
to 50% from aforementioned results for GAPDH equal to 100% and 0%.

To validate the model, theoretical inhibition of mMTORC1 was used to test the effects of changes in reduction of its activity. One of
the inhibitors of mMTOR complexes’ activity is rapamycin. Previous studies show that rapamycin causes a number of side effects,
including increased risk of infection [34], increased incidence of cancer [35], weight disorders, hyperlipidemia, and diabetes-like
metabolic disorders [36]. For this reason, it seems necessary to develop drugs that selectively affect mTORC1 activity, while at the
same time not having such significant side effects, like astragaloside IV (As-1V) [37]. As-IV was proven to be effective mTORC1
inhibitor and reduced mTORCH1 signaling in mice. The data obtained from the presented model can be used in the study of the
kinetics of reactions in the insulin signaling pathway, which will help to select the appropriate place where the influence of
therapeutics could have the best effect.

Without insulin activating the cascade and mobilizing GLUT4 to move towards the cell membrane, there are approximately 18,200
GLUT4 molecules proximate to the cell membrane [38], ready to transport glucose inside the cell. This number increases to
approximately 195,000 as a result of insulin-stimulated activation [38, 39]. However, these are not total GLUT4 stocks. In fact, the
cell has a large reservoir that it can use in extreme cases. The said number 195,000 accounts for approximately 50% of total
GLUT4 [21].

To illustrate the changes caused by the influence of GAPDH molecules on mTORCH1 activation, two varying scenarios are
described below (Fig_ 2). These scenarios focus on different cellular conditions such as glucose levels and the intensity of
glycolysis.

Fig 2. Various scenarios of mTORC1 activity depending on GAPDH ‘occupancy’.
https://doi.org/10.1371/journal.pone.0279573.g002

Scenario |I-the concentration of glucose in the blood is elevated after eating and the insulin signaling pathway works correctly. As a
result, GLUT4 molecules are mobilized to migrate to the cell membrane, where they facilitate the flow of glucose from the blood to
inside the cell. The glucose level in the blood drops, while the cellular level of glucose rises. To avoid the situation where glucose
molecules leave the cell, glucose is phosphorylated and becomes G6P. There are two destinations for G6P molecules: 1) the
glycolytic pathway or 2) glycogenesis, the formation of glycogen.

When G6P enters glycolysis, the sequence of reactions takes place and glyceraldehyde 3-phosphate (G3P) molecules are formed.
G3P is converted into 1,3-bisphosphoglycerate (1,3BPG) by GAPDH.

GAPDH is particularly important because it is involved in regulation of mMTORCH1 activity. GAPDH concentration levels in the cell do
not change drastically rather they oscillate around the same values. However, what changes is their state—they can be either
‘occupied’ with processing G3P molecules, or if there are more enzyme molecules than substrate molecules, the excessive amount
of enzyme molecules is free. Those free GAPDH molecules connect with Rheb protein and activate mTORCH1. It remains unknown
how Rheb stimulates the activity of mMTORC1.

Scenario lI-the organism is in state of prolonged fasting causing a decrease in the supply of extracellular glucose and ceasing
insulin secretion. Without the release of insulin from the blood, the reaction remains inactivated and GLUT4 remains stationary and
unable to transport glucose. In this situation, the stored amounts of glycogen are hydrolyzed and the basic levels of G6P are
maintained. As previously described, glycolysis runs as normal. However, the amount of formed G3P molecules is lower than in
Scenario I. In fact, there is larger amount of GAPDH molecules than G3P molecules. Therefore, the free GAPDH molecules can
freely bind with Rheb protein, resulting in mTORC1 inactivation.

To conclude, increased extracellular supply of glucose activates insulin signaling. The glycolytic flux is increased and the GAPDH
molecules are occupied with processing G3P molecules. As a result, Rheb molecules are floating freely and can bind to and
activate mTORCH1.

However, the conditions presented in both scenarios are extreme and practically unrealistic in the cell, as the probability of such
extreme conditions as 0 or 100% ‘occupancy’ of GAPDH is low. In a cell, most often intermediate conditions prevail.
Results

Effect of GAPDH and mTORC1 on the amount of GLUT4 involved in glucose transport

https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0279573 3/9
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A working, stable queueing theory-based model of the insulin signaling pathway was obtained. The presented study was aimed at
illustrating the interrelationships between the levels of GLUT4, GAPDH, and mTORC1. These relationships have a significant
impact on how the cell responds to insulin and extracellular glucose supply. The results obtained with the use of the model are
consistent with the current state of knowledge [10, 40]. The amount of GLUT4 particles ready to take part in the glucose transport
process is significantly dependent on the amount of ‘occupied” GAPDH. When the system is not inhibited, less than 200,000
GLUT4 molecules are involved in the transport of glucose to the cell. However, depending on the level of activity that is influenced
by both GAPDH and indirectly by mTORC1, this number fluctuates. Fig_3 shows the relationship between the level of GLUT4 in the
vicinity of the cell membrane and the level of ‘occupied’ GAPDH. Depending on the condition of the cell, as well as mMTORC1
activity, the amount of GLUT4 mobilized can vary considerably (Figs 4 and 5). The greater amount of GAPDH involved in substrate
processing allows Rheb to link freely with mTORC1. mTORC1 activity and GLUT4 level are correlated with each other [41, 42]. The
same conclusions can be drawn by analyzing the obtained results on the charts.

Fig 3. The relationship between the amount of GLUT4 particles in the cell membrane area and the level of ‘occupied’ GAPDH.
https://doi.org/10.1371/journal.pone.0279573.9003

Fig 4. Relationship of GLUT4 in vesicles and ‘occupied’ GAPDH.
Colored lines indicate different levels of mMTORC1 activity.
https://doi.org/10.1371/journal.pone.0279573.9g004

Fig 5. Dependence of GLUT4 level in vesicles in relation to mTORC1 activity.
The colored lines indicate the different levels of ‘occupied” GAPDH.
https://doi.org/10.1371/journal.pone.0279573.g005

We also tested the effect of lowering mTORCH1 activity, e.g., through the use of drugs, on the amount of GLUT4 particles, while
assuming different levels of GAPDH ‘occupancy’ (Fig_4). Analogous studies were performed for different levels of GAPDH with
respect to mTORC1 activity (Fig_5). Both mTORC1 activity and the amount of ‘occupied” GAPDH significantly influences the
amount of GLUT4 and can contribute to lowering the amount of GLUT4 particles involved in glucose transport (Fig 5). The scenario
in which all the GAPDH particles present in the cell are busy processing its substrate so that the mTORC1 can be fully active,
keeps the amount of GLUT4 in vesicles at the maximum level (Eig_5). The presented results indicate that drugs that can
significantly decrease mTORC1 activity (at least 50% inhibition) are of great importance for the amount of GLUT4 particles directed
to the cell membrane for glucose transport inside the cell. Similar conclusions can be drawn from the results presented by Rajan et
al. [43] and Veilleux et al. [44] which confirms the validity of the method we presented.

Discussion

Identification of key nodes in insulin signaling
Practical application of the conclusions of the described scenarios for GAPDH and mTORCH allowed the identification of key nodes

for the appropriate cell response to insulin, and confirmed previous experimental results described in [45]. In [45] the authors
explained and proved the important role of S6 kinase (S6K). mTORC1 participates in its phosphorylation. S6K is crucial because it

https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0279573 4/9
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is the link between the mTORC1 loop and the rest of the proteins responsible for insulin signaling. Signaling between mTORC1 and
S6K causes a negative-feedback loop which lowers cellular sensitivity for insulin. The activation of the mTORC1/S6K loop leads to
increased degradation of insulin receptor substrate 1/3 (IRS1/3) and therefore influences the amount of GLUT4 in vesicles. This
entire process affects how many glucose molecules enter the cell from the bloodstream.

The experimental results, as well as those obtained in the presented model, indicate that the insulin response system is very
complex and depends on many elements that regulate it. It is characterized by high instability, small changes that can lead to a
greatly altered cell response, causing disease such as type 2 diabetes, where the cells become insensitive to insulin. As shown in
the above model, there are many elements that can cause glucose malabsorption.

Sonntag et al. [46] focused on determining which of the ‘nodes’ of the insulin signaling pathway influences AMP-activated protein
kinase (AMPK) activity. The equations described in the [46] are based on the mass action law. The obtained results state that
IRS1/3 is the ‘node’ influencing AMPK. The model proposed by Sonntag et al. focused on simplifying the insulin signaling pathway
and it does not take into account several ‘nodes’ that play a significant role in this process. Therefore, the combination of the data
and results presented by [46] was a valuable source in the preparation of the model based on the queueing theory. GA was used to
find an appropriate scaling of the values so that the model as a whole would work properly.

The presented model has several limitations. It does not take into account other signaling pathways or individual reactions that are
also connected to and influence signaling proteins. This is especially true for the Akt protein, which is the central node in the
presented signaling model. Moreover, a model based on literature data will only be as good as the available data. However, we do
not question the reliability of other research teams and their published results. Another of the limitations is that in queueing theory,
each simulation gives one realization of the stochastic process, while ODE gives an averaged solution. Therefore, a limitation is
that depending on the number of cells for which one runs simulations and then averages them, this is how accurate the result will
be. Therefore, the model presented here is for averaged results for 50 cells.

mTORC1 activity and related treatment strategies

The results of the described model could be used as a suggestion in the process of developing new drugs, including drugs that
increase insulin-sensitivity in peripheral tissues such as the muscle and adipose tissue (e.g., Metformin). Identifying key ‘nodes’
throughout the signaling pathway could guide researchers in helping cells regain their original insulin sensitivity. However, due to
the complexity of connections between all signaling molecules, this task is very difficult.

mTORCT1 plays an important role in the maintenance of an adequate level of glucose in the blood. When necessary, i.e., in a
nourished state, mMTORC1 activity stimulates pancreatic 3-cells to secret insulin, thus maintaining adequate glucose tolerance.
However, studies in mice [47, 48] show that mTORC1 overactivity may cause a faster deterioration in -cell function and
consequently complications with glucose homeostasis. Therefore, the use of mMTORC1 inhibitors to improve glucose tolerance has
been considered. Previous studies in mice have shown that S6K knockdown or inhibitors that reduce S6K phosphorylation make
cells more insulin sensitive [49, 50]. The results obtained with the use of the queueing theory model confirm earlier reports [45] that
mTOR/S6K inhibition could be a therapeutic target in type 2 diabetes.

One of the most common prototype mTOR inhibitors is rapamycin. However, the use of rapamycin has been counterproductive,
inducing insulin resistance and disrupting glucose homeostasis in the body [51]. Rapamycin is an effective inhibitor of mMTORC1.
Most researchers agree that rapamycin does not inhibit mMTORC2 at least in the acute stimulation [52]. Few researches suggest
that rapamycin inhibits mMTORC2 only in some cell types and only with chronic administration due to inhibiting to mTORC2
assembly [53, 54]. Knowing the function and the importance of this complex in signaling pathway, it is no wonder that long-term
mTOR inhibition interferes with the body’s response to insulin. Due to the fact that rapamycin affects both mTORC1 and mTORC?2,
it can be concluded that it is worth testing substances that act selectively on only one of these complexes.

Research by Tao et al. [22] provided useful information on the influence of inhibitors on mTORC kinetics and activity. mTORC1
activity can be completely inhibited by ATP competitive inhibitors, like BEZ235 or P1103, while non-competitive ATP inhibitors, like
rapamycin, inhibits mTORCH1 activity only partially by interacting with the FRB (FKBP-rapamycin-binding) domain. By affecting
kinetic properties of mTOR, they influence the process of glucose absorption in the cell. These types of results and information can
provide data that can be complemented by the presented model. In this way, it will be possible to characterize changes in the entire
signaling pathway induced by the use of mMTORCH1 inhibitors and evaluate the effect of this inhibition on the amount of GLUT4 in
vesicles.

Increased mTORC1 activity has been also reported in many types of cancer [8]. mTOR is one of the factors influencing the
development and growth of cells. lts excessive activity encourages cancer cells to further grow, divide and invade other healthy
tissues. For this reason, it was decided to test mMTORC1 inhibitors in cancer therapy [27], as they appeared to be an effective tool
for coercing cancer cells into apoptosis. Although many mTORC inhibitors have been tested, some of them have been approved for
therapy, however, their therapeutic capacity is relatively low. For this reason, they are most often used in combination with other
anticancer drugs. In addition, their side effects must be considered. Palm et al. [55] demonstrated on mouse model of pancreatic
cancer that rapamycin may even promote cell proliferation at poorly vascularized sites of the tumor. In view of all this information, it
remains vital to study mTOR more thoroughly because its participation in cancer metabolism is undeniable [56], which is why it
seems to be such an important research direction. The presented model can be used for this type of research, during the
theoretical phase, where the likely results of their use can be determined using the data on the influence of new drugs on mTOR
kinetics.

Conclusions

A queueing theory model of mMTORC1 and mTORC2 impact on Akt-mediated cell response to insulin was prepared. The presented
results show that queuing theory can effectively model the manipulation of mTORC1 kinase activity influences the amount of
GLUT4 used to transport glucose inside the cell, and therefore influences the concentration of glucose in the cell. The work shows
suggestions of alternative targets for treating type 2 diabetes. Due to the number of people with diabetes and the existing methods
of relieving symptoms, without treating the disease, any new therapeutic target may prove to be crucial. However, it should be
noted that due to the nature of the studies performed, our findings must be confirmed in clinical trials.

Supporting information

S1 File. Additional supporting information may be found in the online version of this article.
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Supporting Information file contains values of literature concentrations used in the model and reaction equations and kinetic
constants used in the model. The source code is freely available for download at https:/github.com/UTP-

WTIiE/IrsMtorcQueuesSimulation, implemented in C# supported in Linux or MS Windows.
https://doi.org/10.1371/journal.pone.0279573.s001
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Integrating glycolysis, citric acid
cycle, pentose phosphate pathway,

and fatty acid beta-oxidation
into a single computational model

Sylwester M. Kloska'*’, Krzysztof Patczyniski?, Tomasz Marciniak?, Tomasz Talaska?,
Beata J. Wysocki?, Paul Davis® & Tadeusz A. Wysocki**

The metabolic network of a living cell is highly intricate and involves complex interactions between
various pathways. In this study, we propose a computational model that integrates glycolysis, the
pentose phosphate pathway (PPP), the fatty acids beta-oxidation, and the tricarboxylic acid cycle
(TCA cycle) using queueing theory. The model utilizes literature data on metabolite concentrations
and enzyme kinetic constants to calculate the probabilities of individual reactions occurring on a
microscopic scale, which can be viewed as the reaction rates on a macroscopic scale. However, it
should be noted that the model has some limitations, including not accounting for all the reactions
in which the metabolites are involved. Therefore, a genetic algorithm (GA) was used to estimate the
impact of these external processes. Despite these limitations, our model achieved high accuracy
and stability, providing real-time observation of changes in metabolite concentrations. This type

of model can help in better understanding the mechanisms of biochemical reactions in cells, which
can ultimately contribute to the prevention and treatment of aging, cancer, metabolic diseases, and
neurodegenerative disorders.

Cellular metabolism modeling is an important but difficult task"?. The difficulty arises from the fact that com-
pounds, which act as substrates and products in the cell’s metabolic reactions, are like a system of interconnected
vessels. Any change in the concentration of a compound in a cell indirectly affects other, seemingly unrelated
compounds, and thus the reactions in which they participate. Many external as well as internal factors affect
the course of reactions taking place in the cell, possibly accelerating, inhibiting, or blocking them. Due to
the complexity of metabolism during computational modeling, it is necessary to adopt certain start and end
points. Therefore, the best target for modeling seems to be those thoroughly studied metabolic pathways that are
described in the scientific literature’. Nevertheless, it is necessary to determine certain simplifi ations that make
such modeling possible. These simplifications may include the flow of metabolites between the cytoplasm and
mitochondrion depending on the cell's momentary demand, or the flow between different metabolic reactions,
since the vast majority of metabolites are used in several different metabolic pathways.

Metabolic models can serve scientists in better planning of experiments. They allow predicting the effects of
specific conditions on cell metabolism. Thanks to the ongoing development of metabolomics and computational
biology, modeling can speed up the processes of diagnosing metabolic diseases and contribute to development
of effective treatment methods®. In addition, suitably adapted models can map what happens in a cell under
inhibition induced by a specifi molecule or gene knockdown. It has long been known that cancer cells repro-
gram their metabolism and alter activity in pathways that are major sources of energy”. However, issues related
to metabolism and cancer are still in the orbit of researchers’ interest®’. In cancer, it has been found that many
cancer cells have altered metabolism, often characterized by an increased reliance on glucose and a decreased
reliance on oxygen for energy production. Th s metabolic reprogramming allows cancer cells to proliferate
and survive in a hostile environment. Targeting the metabolic pathways of cancer cells is becoming a promis-
ing new avenue for cancer therapy. Recent research has shown that metabolism plays a key role in many fields
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that were previously not considered to be related to metabolism, such as aging®, and neurodegeneration®'’. In
aging and neurodegeneration, it is becoming increasingly clear that metabolic dysfunction plays a key role in
the development of these conditions. For example, research has shown that aging is associated with a decline
in the function of the mitochondria, the cell’s power plants, which can lead to metabolic dysfunction. Similarly,
many neurodegenerative diseases, such as Alzheimer’s disease, are associated with metabolic dysfunction in
the brain. Targeting these metabolic pathways may be a promising new approach for treating these conditions.
Overall, the emerging role of metabolism in these fields highlights the importance of understanding the com-
plex interactions between metabolism and disease. Therefore, metabolic modeling and analysis can be used in
cancer therapy, as it will contribute to testing the effects of specific molecules as early as at the planning stage of
experiments. Another of the advantages of using metabolic models is that they reduce the number of laboratory
animals used in research. Many times this type of research can lead to long-term damage to the health of these
animals or even their death!'-%,

The modeling method used in this work is based on queueing theory. Queueing theory is mainly used in
issues related to engineering and telecommunications. However, there is evidence that it can be successfully
used to model stochastic biological processes. Examples of applications of queueing theory to model biological
processes include studies of signal transduction cascade in the cell®, insulin-related disorders and diseases',
glycolysis model'S, tricarboxylic acid cycle (TCA cycle) model", and the pentose phosphate pathway model'®. Th
departure from deterministic models and the incorporation of fluctuations in metabolic simulations represent
a signifi ant advancement in our understanding of biological systems. Traditionally, deterministic models have
been extensively used to study metabolic processes, assuming precise and predictable behavior. However, it is
increasingly recognized that biological systems exhibit inherent stochasticity, where random fluctuations play a
fundamental role in shaping cellular behavior. By implementing a flavor of the Kinetic Monte Carlo method",
similar to the Gillespie algorithm?, in our simulations, we have taken a crucial step towards capturing the
effects of these fluctuations. Incorporating fluctuations in metabolic simulations is of utmost importance as it
allows us to bridge the gap between the deterministic models and the real-world dynamics of biological systems.
Fluctuations arise from various sources such as the discreteness of molecular species, spatial heterogeneity, and
the inherent randomness of molecular interactions. Ignoring these fluctuations can lead to an incomplete and
biased understanding of cellular processes.

By considering the inherent stochasticity in our model, we gain valuable insights into the behavior of meta-
bolic networks that deterministic models fail to capture. Fluctuations have been shown to influence key aspects
of cellular metabolism, including reaction rates, pathway efficiency, and robustness*'~?*. They can drive cellular
decision-making, affect cellular responses to perturbations, and contribute to the emergence of complex phe-
nomena at the system level.

Incorporating fluctuations in metabolic simulations also provides a more accurate representation of biological
reality. By acknowledging the stochastic nature of cellular processes, we can better understand and reproduce
experimental observations. Fluctuations play a role in generating the observed biological variability, and their
inclusion in simulations allows us to better match experimental data and validate the model’s predictions. Moreo-
ver, by simulating fluctuations, we can explore the effects of different sources of variability, such as noise in gene
expression or environmental fluctuations, on metabolic behavior. Th s information is crucial for understanding
how cells respond and adapt to changing conditions and for unraveling the underlying principles governing
cellular decision-making®*.

It is important to note that incorporating fluctuations in metabolic simulations is not without challenges.
Stochastic simulations can be computationally demanding, requiring specialized algorithms and effici t simula-
tion techniques. However, advancements in computational power and the development of efficient algorithms,
such as the Kinetic Monte Carlo method!®, have made it increasingly feasible to simulate stochastic models at
reasonable timescales. The departure from deterministic models and the incorporation of fluctuations in meta-
bolic simulations represent a significant advancement in computational biology. By embracing the inherent
stochasticity of biological systems, we gain deeper insights into the dynamics and behavior of metabolic networks,
which would otherwise be overlooked by deterministic models'®. Incorporating fluctuations allows us to better
match experimental observations, understand biological variability, and explore the impact of stochasticity on
cellular processes. These advancements pave the way for more accurate and comprehensive models of cellular
metabolism and contribute to our overall understanding of complex biological systems.

The purpose of the present study was to develop an integrated computational model of the cell’s energy
metabolism. Th s model consists of reactions included in important metabolic pathways and cycles, i.e. glycolysis,
the pentose-phosphate pathway (PPP), the TCA cycle, and beta-oxidation. These are the pathways that play an
important role in energy metabolism of the cell. Glycolysis is a simple metabolic pathway that regulates meta-
bolic functions of various cells?’, PPP is a pathway parallel to glycolysis, in which NADPH and 5-carbon sugars
are generated?. Beta-oxidation is a series of reactions that break down long carbon chain fatty acids in order to
generate acetyl-CoA and co-enzymes used in the electron transport chain, such as FADH; and NADH?. TCA
cycle is an important metabolic pathway which uses acetyl-CoA produced in catabolic reactions of carbohydrate,
fat, and protein metabolism, to generate energy*®. TCA cycle is a source of various important biochemical com-
pounds used in many other metabolic reactions in the cell. The presented model enables tracking of changes in
the concentrations of individual metabolites of the aforementioned pathways. The innovation of this study is
that the model has been based on queueing theory, compared to ODE-based models, which are commonly used
for this kind of research. Another innovation is its nature that integrates pathways related to the formation and
utilization of acetyl-CoA. In addition, it was showed that artific al intelligence algorithms can be successfully
used to tune coefficients of the enzyme equations.
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Results

The TCA metabolites’ concentration values reported in the literature were either single-number measurements
or ranges (Table 1). As a result, it was necessary to select not only the mean and standard deviation of the distri-
bution but also the measurement values from ranges that maximize maximum log-likelihood estimation. This
optimization problem was solved using GA.

The last column in the table presents the Z-score of modeled substrates’ concentration values regarding the
estimated mean and standard deviation of the corresponding Gaussian distribution. All values of substrates,
except for a-ketoglutarate, have a Z-score between - 2 and 2. As a result, they are within two sigma distance
from the estimated mean. Despite not being within the range of two sigmas for a-ketoglutarate, our data still
falls within the range of three sigmas.

During the experiment, glucose consumption in the cell was simulated. At the start of the model, the glucose
concentration was fi ed at 5 mM. Ths is a value in the range of normal blood glucose concentration®. In the
initial phase of the simulation, the course of glycolysis, PPP, and TCA cycle reactions were modeled. The product
of glycolysis, pyruvate, underwent reactions that converted pyruvate to oxaloacetate or acetyl-CoA, which are
metabolites of the TCA cycle. Over the course of the simulation, the glucose concentration decreased. As the
glucose concentration decreased, the reactions of the glycolysis pathway were extinguished. Th s was due to a
decrease in the probability of occurrence of glycolysis reactions and, consequently, a decrease in the speed of
these reactions. As a consequence of the decrease in glycolysis activity, the probability of occurrence of reactions
entering the fatty acid beta-oxidation pathway increased, which, after glucose utilization, became the main source
of acetyl-CoA used in the TCA cycle. The use of GA allowed combining the reaction of enzymatic kinetics of
several energetically important biochemical pathways. Due to the large differences in numerical values between
consecutive reactions, as well as influence of the reactions not included in the model on reaction rates, it was
necessary to tune the model. GA proved to be an effective tool in this process.

Model conc.
Reported concentration during
Metabolite [mmol/L] Estimated mean | Estimated SD | glycolysis Z-score

0.0288%
Acetyl-CoA 0.61% 0.3022 0.2561 0.071 -0.9028
0.072
0.5%!
0.00201%
Oxaloacetate 0.002-0.006°* 0.0036 0.0010 0.005 1.4
0.005°
0.584%
23(]
Citrate 0.114% 0.6576 0.7103 0.184 -0.8581
0.4%
0.19%
0.0321%
Isocitrate cis-aconitate 0.002-0.006* 0.02604 0.0060 0.017 - 1.5067
0.02%!
0.797%
0.44%
a-ketoglutarate 0.25% 0.5067 0.1973 0.031 -2.411
0.54%
0.004-0.013%

0.23%
0.0068%
Succinyl-CoA succinate 066" 0.2989 0.2710 0.720 1.5538

0.36-0.91%

0.485%
0.12%°

Fumarate 0.6672 0.7496 0.488 -0.2391
0.124%

1.94%

1.730
1.39%
Malate 1.1137 0.4642 0.495 -1.3328
0.495%

0.87*

Table 1. Statistical analysis of concentration values from literature. SD standard deviation.
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In order to check the validity of the results generated by the computational model, they were compared to
concentration values measured under experimental conditions. For this purpose, the metabolites concentration
values presented in scientific publications (Table 2) on the TCA cycle were used. The TCA cycle was chosen
as a reference point due to the fact that it is a well-studied metabolic cycle and represents the final stage of the
presented model. Table 2 presents the averaged results for 50 calculated cycles, mimicking 50 liver cells. The
simulations covered a time interval of almost three hours (10,000 seconds). Each second, 5 measurements were
taken, and their results were averaged and recorded. Changes in metabolite concentrations during the course
of the simulations are presented in Fig. 1. The course of changes in the concentration of individual metabolites
over time is stable. Compounds whose concentrations change the most over the course of the computational
simulation, such as glucose and pyruvate, were expected to behave this way, since the model does not take into
account glucose external replenishment over the course of the simulation.

The results presented in Table 2 indicate the high accuracy of the computed results with respect to the con-
centration values measured under laboratory conditions. The “SD over mean” column shown in Table 2 refers
to the 90th percentile SD instead of the maximum SD due to the occurrence of outliers in the time series (e.g.
sudden changes). In the case of oxaloacetate, the ”SD over mean” value is relatively high, due to the change in
the infl w of this compound in the TCA cycle. Oxaloacetate in the initial phase of the simulation is supplied
from two sources: (1) it is formed from pyruvate obtained in the glycolysis pathway and (2) it is formed from
the acetyl-CoA conversion reaction. In the case of a longer simulation, as in the presented example, the fi st
source related to glycolysis is extinguished, as the glucose concentration decreases, which is not kept constant
in the presented model. In this model, the concentration of oxaloacetate in the long-term simulation is kept
constant only by acetyl-CoA obtained by beta-oxidation of fatty acids. For the other TCA metabolites, the ”SD
over mean” value is relatively low, relative to the value of the calculated concentration of these metabolites at
specific time points. On this basis, it can be concluded that the model is stable, and the calculated concentration
is not subject to sudden, high changes.

The observed discrepancies in the metabolite ranges compared to laboratory data are a signifi ant aspect
to address in our research. In order to develop our model, we relied on data obtained from diverse literature
sources. It is important to acknowledge that the measurements reported in the literature exhibit considerable
variability across different studies and sources. This variability arises from factors such as variations in labora-
tory setups, measurement techniques, experimental conditions, and potential inter-individual differences. It
is crucial to recognize that the data we employed from the literature may not necessarily represent dynamic
or steady-state biological measurements. Rather, these measurements often represent snapshots of metabolite
concentrations taken under specifi experimental conditions that may not precisely align with the steady-state
conditions assumed in our model. Consequently, inherent discrepancies can arise between the measured values
and the simulated results due to these variations in experimental setups. These factors highlight the need to
carefully consider and address the limitations and sources of variability when interpreting and comparing our
model outputs with laboratory data.

The results of the sensitivity analysis are presented in Table 3. The impact of the variance of acetyl-CoA and
a-ketoglutarate starting concentrations on substrates values at the end of each simulation was measured. It was
decided to use these two metabolites as examples due to the fact that there are many various data on concentra-
tions of these metabolites. In order to present sensitivity scores from dozens of different substrates obtained for
various starting values of substances above, aggregation was used. Sensitivity scores from different substrates
were concatenated into distributions and described by the distribution’s minimum, 5th percentile, median, 95th
percentile, and maximum.

The change in activity of individual pathways, clearly depends on changes in glucose concentration. During
the simulation run, the model strives to achieve the concentration values presented in the literature, while taking
care to maintain the stability of the obtained results. We realize that the concentration of glucose in the cell under
real conditions is maintained at a relatively constant level, such as through glycogenolysis or gluconeogenesis.
However, due to the complexity and number of connections between biologically active molecules, the presented
model does not take into account the maintenance of glucose at a constant level. By designing the model in

Model conc. | Model conc. | Model conc.
Conc. (literature) | Model conc. during during at the end
Metabolite [mmol/L] at starting point | glycolysis B-oxidation | of simulation | SD over mean
Acetyl-CoA 0.07% 0.070 0.071 0.060 0.060 0.002
Oxaloacetate 0.002-0.006° 0.006 0.005 0.001 0.001 0.126
Citrate 0.114% 0.190 0.184 0.115 0.110 0.031
Isocitrate cis-aconitate 0.002-0.006> 0.020 0.017 0.010 0.009 0.091
a-ketoglutarate 0.004-0.013% 0.030 0.031 0.023 0.022 0.085
Succinyl-CoA succinate 0.36-0.91% 0.730 0.720 0.691 0.690 0.011
Fumarate 0.485% 0.485 0.488 0.490 0.490 0.012
Malate 0.495% 0.495 0.495 0.489 0.488 0.010

Table 2. Comparison of concentration data between literature and model (mmol/L) at different time points
of the simulation. Comparison of concentration data between literature and model (mmol/L) at different
time points of the simulation (20th second during glycolysis and 9000th second during beta-oxidation). SD
standard deviation.
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5th 95th
Metabolite Minimum percentile Median percentile Maximum
Acetyl-CoA 0.02 0.51 1.0 1.51 2.32
a-ketoglutarate 0.24 0.66 1.0 1.64 13.23

Table 3. Sensitivity analysis of impact generated by varying starting values of Acetyl-CoA and a-ketoglutarate
on end values of the substrates of each simulation. The sensitivity scores were concatenated into the sensitivity
distributions and described by their minimum, 5th percentile, median, 95th percentile, and maximum.

Figure 1. Visualization of the concentration change over the course of simulation in each of the modeled
pathways: (a) TCA cycle, (b) Glycolysis, (c) pentose phosphate pathway, (d) beta-oxidation. The X-axis displays
number of measurements. During 10,000 seconds of simulation, concentration was measured 50,000 times. The
Y-axis displays the concentration of a given metabolite.

this way, a change in the activity of the pathways is highlighted, changing the source of acetyl-CoA used in the
TCA cycle. The presented results indicate the stability of the system, which is dependent on the concentration
of glucose in the cell. It is also refl cted in the sensitivity analysis. For each measured substrate, 90 percent of
scores landed in close proximity to 1.0, thus implying the model’s robustness on changes in the starting values.

Discussion

Th s paper introduces a comprehensive model of interconnected metabolic pathways, utilizing queueing theory,
with the added benefit of being able to conduct real-time calculations that are not excessively complex. The
experiment can be run on a regular desktop computer, as it does not require signifi ant computing power. By
examining glucose as a case study, the study illustrated that following carbohydrate depletion, the cell shift

its metabolic activity towards alternative sources of cellular energy, such as beta-oxidation of fatty acids (and
potentially protein catabolism). These sources provide the necessary acetyl-CoA for energy conversion in the
TCA cycle.

In our analysis, it is important to acknowledge that while the majority of TCA metabolites exhibited Z-scores
within two standard deviations of the estimated mean, a-ketoglutarate deviated slightly from this trend. Th s
deviation may be attributed to biological variability or measurement uncertainties associated with a-ketoglutarate
in specific experimental conditions. Future research could delve deeper into understanding the factors contribut-
ing to this observation and explore potential biological implications. Additionally, our study demonstrates the
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effectiveness of the GA approach in optimizing the selection of data from ranges and underscores its utility in
handling complex datasets with non-uniform measurement representations. Th s methodology can be readily
applied to similar challenges in metabolomics and bioinformatics to improve the precision and reliability of
data analysis, facilitating more accurate interpretations of metabolic pathways and their regulatory mechanisms.

Metabolic modeling plays a crucial role in bridging the gap between theoretical understanding and practical
implementations in the field of biology. The ultimate aim of metabolic modeling is to provide insights that can
guide the development of effective therapeutic approaches for metabolic disorders. By simulating and analyzing
the intricate metabolic pathways within cells, we can unravel the underlying mechanisms and identify potential
targets for intervention.

In this context, the queueing methodology utilized in our study offers distinct advantages over traditional
methods such as ODEs and FBA. While ODEs assume continuous and deterministic behavior, the queueing
methodology embraces the discrete and stochastic nature of biochemical reactions, providing a more realistic
representation of cellular processes. By capturing the inherent variability and fluctuations in metabolic net-
works, the queueing methodology allows for a deeper understanding of the dynamic behavior and robustness
of biological systems.

One key advantage of the queueing methodology is its ability to account for queueing delays and waiting
times, which are essential factors in cellular processes. These delays refl ct the fin te capacity of cellular resources
and the time required for reactants to interact and traverse various metabolic steps. By considering queueing
phenomena, our methodology enables the investigation of how delays impact metabolic fluxes, reaction rates, and
overall system behavior. Additionally, the queueing methodology offers unique insights into emergent proper-
ties and system-level behaviors that are challenging to capture using other methods. The inherent stochasticity
and variability incorporated through the queueing approach allow for the exploration of rare events, transient
behaviors, and non-equilibrium phenomena. Th s capability is particularly relevant in studying metabolic dis-
eases, where small perturbations or rare events can have signifi ant consequences for cellular function and overall
health. Furthermore, the queueing methodology facilitates real-time tracking of metabolite concentrations,
enabling dynamic simulations that closely mirror the temporal aspects of cellular metabolism. Th s temporal
resolution provides a more comprehensive understanding of metabolic changes and their implications for cel-
lular function.

By highlighting these distinctive features of the queueing methodology, we emphasize its potential in gen-
erating insights that cannot be obtained through traditional approaches like ODEs and FBA. The utilization of
queueing theory enriches the toolbox of metabolic modeling, expanding the possibilities for practical applica-
tions in therapeutic development, personalized medicine, and precision interventions for metabolic disorders.

Metabolic changes are observed in various diseases, including metabolic disorders such as diabetes and
obesity, as well as in the aging process*. These conditions have garnered significant attention from researchers
due to the rising prevalence of metabolic disorders and their impact on health*"*>. While regulatory pathways
typically maintain metabolite concentrations within narrow bounds*’, individual metabolite levels can vary
among individuals and deviate from established norms. An example of altered metabolism is found in cancer*,
where a process known as metabolic reprogramming occurs. Cancer cells exhibit a shift in energy utilization,
bypassing the citric acid cycle in mitochondria and relying heavily on glycolysis, followed by lactate fermenta-
tion in the cytosol®.

In neurodegenerative diseases like Alzheimer’s and Parkinson’s disease, mounting evidence suggests that
mitochondrial dysfunction plays a pivotal role in disease development and progression’®. Studies have demon-
strated reduced activity of the citric acid cycle in the brains of affected individuals*®. One potential therapeutic
approach for neurodegenerative diseases involves targeting the mitochondria and the citric acid cycle to improve
their function. Th s can be achieved through various strategies, including increasing the levels of citric acid cycle
enzymes such as citrate synthase or utilizing drugs that target specific enzymes within the cycle. Conversely,
another approach involves reducing citric acid cycle activity by inhibiting enzymes, such as isocitrate dehy-
drogenase, which can help mitigate the production of reactive oxygen species (ROS) within mitochondria and
reduce associated cellular damage*’. Although these approaches are experimental, they hold promise for slow-
ing disease progression and potentially ameliorating symptoms of neurodegenerative diseases. It is important
to note that further research is needed to fully comprehend the therapeutic benefits of targeting the citric acid
cycle in these conditions.

To date, most scientific publications have focused on modeling macronutrient balance. These studies were
focused on different dietary states, so-called intermediate fasting or semi-starvation*, or the impact of an unbal-
anced diet on the development of metabolism-related diseases*. The information they contain is extremely
valuable and provides a better understanding of metabolic disorders. The purpose of our work, however, was
to focus on the changes in metabolism in relation to glucose concentration at the cellular level. By combining
these different types of studies, a more comprehensive understanding of metabolism and related processes such
as aging can be achieved. Computational modeling of metabolic pathways also holds the potential to expedite
the development of effective therapeutic approaches for alleviating metabolic disorders.

There are several limitations to the presented model. Although it is a complex model that includes 68 reac-
tions, it does not take into account numerous other reactions in which the metabolites are involved. The impact
of these unaccounted reactions was evaluated using GA (see "Materials and methods"). Another limitation is that
the accuracy of the model is dependent on the literature concentrations of metabolites and the kinetic parameters
utilized in the model. Therefore, the model is subject to errors that may have arisen during the determination of
concentrations and other parameters, such as Ky, K;, and V.4, under laboratory conditions. We acknowledged
this issue early on in the experiment and recognized that previously published data is something researchers must
rely on and trust for the honesty of published outcomes. Consequently, we decided to use literature concentration
values as initial values and compare simulation results to these values to evaluate the model’s accuracy. It should
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also be noted that, while the model results are consistent with literature values, we only observe the end results.
Th s approach has the potential to accumulate errors in the middle phase of the experiment, leading to incorrect
outcomes. However, the model’s stability, as illustrated in the results section, is in agreement with prior studies
on the different pathways incorporated in the model'®~'%, thus reducing the likelihood of the aforementioned
scenario. The presented outcomes demonstrate that the model is useful and appropriate for simulations of altera-
tions in metabolite concentrations with high precision. In the future, we plan to refine the model and continue
this research with the objective of creating an application that allows users to input their measured parameters
and receive simulation outcomes for the entered values.

Our model is intentionally designed to be generic, incorporating data from various sources, tissues, and
organisms due to the limitations in obtaining comprehensive and tissue-specific data from a single organism.
However, we recognize the importance of tissue or cell type-specific applications in addressing specific biological
questions. The modularity and flex bility of our model allow for the integration of tissue or cell type-specific data
in future studies, which can enhance the relevance and applicability of our model to specific biological systems.
By leveraging the power of queueing theory in conjunction with more precise and targeted data, we can achieve
improved accuracy and gain deeper insights into tissue-specifi metabolic dynamics. While our current study
focuses on the broader implications of metabolic modeling and the advantages of queueing theory, we appreciate
the reviewer’s comment as it highlights an important direction for future research, which can further enhance
the biological relevance and applicability of our model.

Methods

Quevueing theory

While ordinary differential equations (ODEs) have been widely used in computational modeling of biological
processes, there are several factors to consider that suggest they may not be the ideal method for biological
simulations. One important limitation is that ODEs are deterministic in nature, failing to accurately capture the
inherent stochasticity often observed in biological systems. These systems exhibit discrete and random molecular
interactions, which are better represented by stochastic simulation methods such as the Gillespie algorithm or
agent-based modeling. In addition, negative results can occur in the course of calculations, requiring the use
of non-negative ODE solvers®® such as in MATLAB. Furthermore, ODE models assume well-mixed conditions
and neglect the spatial organization and heterogeneity commonly found in biological systems. However, spatial
effects can signifi antly impact the dynamics of biochemical reactions. Alternative simulation methods, such
as partial differential equations (PDEs) or spatial stochastic simulations, take into account the spatial aspects
and may yield more accurate results for certain biological phenomena. In addition, ODE models heavily rely on
precise knowledge of model parameters, including reaction rate constants and initial conditions. Yet, in many
biological systems, these parameters are uncertain and can vary across individuals or experimental conditions.
The presence of parameter uncertainty introduces variability and can affect the accuracy of ODE simulations.
Alternative approaches like Bayesian inference or sensitivity analysis can help address parameter uncertainty
and provide more robust predictions. Another consideration is the computational effici cy of ODE simula-
tions. As mentioned earlier, ODEs can accumulate errors and become computationally demanding, especially
for large-scale models or long simulation times. Th s computational burden restricts the exploration of complex
biological systems or extensive parameter sweeps. To overcome these limitations, approximate or alternative
simulation methods such as network-free methods or reduced-order modeling can offer more computationally
effici talternatives while still capturing essential dynamics. Moreover, certain biological systems exhibit emer-
gent phenomena, which arise from collective interactions at the system level rather than being solely determined
by individual molecular components. ODE models, focusing on the behavior of individual components, may fail
to accurately capture these emergent properties. Other modeling techniques such as network models, agent-based
modeling, or machine learning approaches can better capture these emergent behaviors and complex system-
level dynamics. Considering these factors can provide researchers with a more comprehensive understanding
of the limitations of ODEs in biological simulations. Exploring alternative modeling approaches that better suit
the specific characteristics of the biological system under investigation will contribute to more accurate and
insightful simulations.

Another approach used in the computational biology studies is flux balance analysis (FBA). FBA is a compu-
tational method used to study and analyze the metabolic capabilities of biological systems, particularly metabolic
networks®"*2, By assuming a steady-state condition, where the rates of production and consumption of metabo-
lites within the network are balanced, FBA optimizes an objective function, typically biomass production, while
considering mass balance and reaction constraints.

FBA offers several advantages in computational biology studies. Firstly, it demonstrates predictive power by
computing the optimal flux distribution that maximizes the production of a specific metabolite or biomass. Th s
enables researchers to make inferences about the metabolic capabilities of an organism under different conditions.
Furthermore, FBA is suitable for high-throughput analysis, as it can handle large-scale metabolic networks. It
can explore the behavior of thousands of reactions simultaneously, providing a comprehensive understanding of
cellular metabolism. Th s makes it particularly useful for analyzing genome-scale metabolic models and conduct-
ing extensive studies. The constraint-based framework utilized by FBA simplifies the representation of complex
biochemical networks. By relying on stoichiometric constraints, thermodynamic constraints, and steady-state
assumptions, FBA becomes computationally effici t and mathematically tractable. Th s allows researchers to
model and analyze metabolic networks in a practical manner®’. However, FBA does have certain limitations. It
assumes a steady-state condition, disregarding the temporal dynamics of metabolic networks. Th s means it can-
not capture transient behavior or time-dependent responses of biochemical reactions, limiting its applicability
in certain biological processes.

Scientific Reports |

(2023) 13:14484 | https://doi.org/10.1038/s41598-023-41765-3 nature portfolio



www.nature.com/scientificreports/

Moreover, FBA relies on several simplifying assumptions that may not hold true in all biological contexts.
For instance, it assumes the absence of regulatory mechanisms and optimality of growth. These assumptions
can limit the ability of FBA to capture the full complexity of cellular processes and may lead to deviations from
real-world observations. Additionally, the accuracy of FBA predictions heavily relies on the completeness and
accuracy of the metabolic network model used. Our knowledge of metabolic networks is still incomplete, and
the absence of certain reactions or pathways in the model can affect the accuracy of FBA predictions.

In summary, FBA is a powerful computational tool for analyzing metabolic networks. It offers predictive
capabilities, high-throughput analysis, and integration with experimental data. However, researchers should
consider FBA’s assumptions about steady-state conditions, simplified representations of cellular processes, and
its inability to capture temporal dynamics. FBA fi ds extensive application in metabolic engineering, drug target
identification, and understanding disease metabolism in computational biology studies.

However, it is important to acknowledge that the methods mentioned above are not without limitations,
which prompted us to explore the application of a queueing theory-based approach. Biochemical reactions
occur in living organisms in an orderly fashion, and for this reason queueing theory seems well suited for use
in such simulation-computing studies. The optimized model has low computational complexity and it is pos-
sible to track changes in metabolite concentrations in real time. In addition, using queueing theory, the nature
of the simulation is closer to reality, because there is no possibility for negative results to occur, just as in a cell,
metabolites cannot reach negative concentrations. Thus, there is no need for artificially forcing non-negative
solutions as is the case with ODE:s.

The scheme of using queueing theory to model metabolite concentrations is shown in Fig. 2. The concentra-
tion of individual metabolites can be seen as a queue. Reactions affecting the increase in concentration of given
queue are its inputs, while the reactions that consume the metabolite are its outputs. Processes affecting the
concentration of a given metabolite that were not included in the enzyme kinetics equation were reduced to a
factor determined using GA.

Various metabolic pathways, which are incorporated in the presented model can be mimicked by a composi-
tion of interconnected queues based on the Michaelis-Menten equations. The flow of metabolite concentration
from one queue to another is sequential, so that a decrease in concentration in one queue will cause an increase
in the next queue. Thus, a network of interrelated queues can be equivalent to a set of differential equations®.

The utilization of queueing theory as the foundation for our metabolic simulation model aims to capture the
stochastic Markovian processes that represent variations in metabolite concentrations. To obtain the average
change in concentration, we average the results from multiple simulation runs. At the core of this stochastic
model are the Michaelis-Menten kinetic equations, which describe the relationship between substrate-product
pairs and reaction velocities.

By representing a network of interconnected queues and digitizing the concentrations Ci (¢), ..., Cy (t), we can
effectively simulate the system. Within this modeling framework, the arrival rates function as queues, while the
service rates correspond to the reaction rates V(i (Ch(nCiery o)) normalized with respect to the simulation time
step, At;, and the concentration increment, A(C;(2)), refl cting the fi ite change of C;(¢) within At;.

Figure 2. Example queue, which represents concentration Ci(t) of the metabolite. Arrival rates are presented
as inputs, while metabolite depleting rates are outputs. Due to the complexity of the metabolic network, some
simplifi ations were adopted (see more details in the “Enzyme kinetics” section). The influence of processes not
included in the model were calculated using a genetic algorithm (GA).
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It is important to note that we adopt a finite time increment, At;, leading to a finite concentration increment,
A(C;(t)). While this discretization introduces quantization error, adjusting the value of A(C;(¢)) to minimize
the error may entail increased computational time due to a reduced time step, At;, necessitating more simulation
steps to reach the desired duration. Thus, striking a balance is essential, and we calculate the normalization of
reaction rates to achieve arrival and service rates for the queues using the given formula (Eq. 1).

- ijcimeon | At
- ACH(D)

(1)

If the reaction rate vjj(c,(f)....Cy(1),1) i8 positive, then its corresponding normalized rate, p;, functions as an
arrival rate. Conversely, if v; j(c, (1)....Cx (¢),¢) i negative, the corresponding normalized rate, u;j, acts as a service
rate. The instantaneous length of each queue embodies a potential realization of a stochastic Markovian process,
capturing fluctuations in concentration for a specific metabolite. To obtain the average changes in concentration,
we can compute the average of simulation results from multiple simulation runs.

To ensure the accuracy of the simulation, it is crucial to carefully select the simulation time step, At;, and the
concentration increment, A(C;(t)), such that all u;; values are less than one. The arrival and service rates are
representative of probabilities for the arrival and service of A(C;()) within the given time interval. To guarantee
that a single A(C;(t)) is processed in each time interval, the following condition must hold (Eq. 2):

Mij K 1 )

forj=1,..,Kjandi =1,..,N

However, it is not necessary for both the simulation time step, At;, and the concentration increment, A(C;(t)),
to be uniform across all i = 1, ..., N. Instead, they can be chosen in a manner that minimizes simulation time
while ensuring satisfaction of condition described in Eq. (2). Although dynamic calculation of time increments
is feasible within each step, for the present model, we have opted for constant time increments for all reactions.
This decision arises from the fact that some reaction rates differ significantly in orders of magnitude, making it
impractical to utilize the shortest time increment that satisfies condition described in Eq. (2) for each reaction.
By employing cumulative reaction time that remains uniform for all reactions, we can uphold the conservation
of molar masses.

In recognition of the stochastic nature of chemical reactions, wherein reaction rates can vary under different
environmental conditions, it is possible to introduce randomness by adding Gaussian (or other) noise to the
kinetic constants used for computing values of vj j(c, (t)....Cy (¢),t)- The same approach can be implemented at time
instant, to, for the initial concentrations, C(1)(to), ..., Cany (fo). Th s adaptation allows for a more realistic represen-
tation of the inherent fluctuations in chemical reactions, considering their sensitivity to environmental factors.

The reaction velocity serves as a macroscopic representation of numerous microscopic reactions, determin-
ing the frequency of reaction occurrence and its connection to the probabilities of increasing or decreasing
specific substances. By utilizing these probabilities, we achieve a self-regulating and stochastic process that
accurately simulates the behavior of biochemical pathways. The Michaelis-Menten kinetic equations calculate
the probability of a reaction occurring based on substrate and product quantities, as well as kinetic constants
and the duration of the time interval. These equations provide insights into the arrival and service rates in Pois-
son processes, where the arrival rate represents the probability of substance production, and the service rate
represents the probability of substance consumption. The service time, which represents the interval between
consecutive output events, is modeled using an exponential distribution. These assumptions align with classical
queueing theory approaches, establishing a framework that integrates probabilities of increasing and decreasing
substrates. This enables us to simulate biochemical pathways in a stochastic and self-regulating manner. In our
model, the probability of a reaction occurring is determined by the Michaelis-Menten kinetic equations, where
the concentration of metabolite-substrate and the kinetic constants play crucial roles. Each Michaelis-Menten
equation is associated with a specific substrate and influences whether a reaction occurs at a given time point'S.
The reaction probability ranges from 0 to 1, and the reaction speed is considered a macroscopic representation
of numerous microscopic reactions, resulting in the conversion of metabolites. The forward and reverse reaction
velocities determine whether a metabolite increases or decreases. The probabilities of concentration gain and
loss for each metabolite are correlated with the accumulation or increase in concentration of other metabolites.
By adopting this approach, we have developed a self-regulating and stochastic model that integrates multiple
metabolic pathways. The outcomes of the Michaelis-Menten equations can be interpreted as the arrival fre-
quency and service rate in Poisson processes, with service times modeled using an exponential distribution (the
time gaps between two consecutive output events). These suppositions align with traditional queueing theory
methods. As a result, the count of arrivals in a specifi time period (¢ + ) follows a Poisson distribution with a
parameter u(t)7 (Eq. 3):

—ut)t k
P((N(t+7)—N@®) =k t]= # (3)
where
P[(N(t + ) — N(¢)) = k, t] - probability of k arrivals in the interval (¢, + ©
u(t)T - expected number of arrivals in a time interval duration of (¢, t + 7]
The queue processing time of metabolite increment (Eq. 4) is described by the exponential distribution of
the random variable T in the terms of the rate parameter j(¢).
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Consequently, the arrival process at the beginning of the next queue, which the output of the examined server
is linked to, follows a Poisson distribution. Th s is a complex stochastic process involving multiple variables,
which are all connected to each other. As per the Michaelis-Menten kinetic equations, the likelihood of each
packet arriving at a metabolite’s queue is linked to the quantity of product and inversely related to the quantity
of substrate, leading to a self-regulating system that adjusts to the discrepancies of metabolites and ensures bal-
ance between arrivals and departures in every queue. One of the advantages of basing the model on queueing
theory is the possibility for its further development and addition of more reactions/metabolic pathways without
interfering with the previously optimized reactions. Th s is particularly interesting because the model can be
developed with further metabolomics discoveries or combined with pathways not included in this study.

Enzyme kinetics
The data used in the model for the values of metabolite concentrations and kinetic constants: K; (Michaelis con-
stant), K; (inhibition constant), V4, (maximum velocity), were obtained from scientific publications. It should
be noted that these constants are not absolute values, but rely heavily on experimental conditions. In a seminal
paper it was shown that modeling of yeast glycolysis requires actual redetermination of kinetic parameters under
identical conditions for all enzymes®. However, the approach presented in this work aims to demonstrate a model
that can be improved with further development of metabolomics, based on new, more accurate data supported
by the application of GA. The collected data were used to describe metabolic reactions with Michaelis-Menten
equations (Eq. 5) of enzyme kinetics. The model consisted of 68 enzymatic reactions of the form:
SIOS M) _ vy PLOP ()
Ks, Ks, " Kp, Kp,
1+ Sl(t) Pl(f))(l + Sz(f) Pz(f))

v(t) = (5)

where

v(t) - reaction speed,

Vi - forward reaction speed,

V., - reverse reaction speed,

S1(), S2(t), ..., Sx (t) - substrate concentration in mmol/L,

P (t), Py(t), ..., P¢(t) - substrate concentration in mmol/L,

Ks,, Ks,, ..., Ks, - kinetic constant of substrate,

Kp,, Kp,, ..., Kp, - kinetic constant of product.

It is assumed that all concentration values are sampled from Gaussian distribution specific to the type of
examined concentration. The distributions were estimated using maximum log likelihood estimation®, given
by the following equations (Egs. 6 and 7):

n
1 Lk,
/L = arg max E log(——— ©H %) 6
& ey 8 \/27{(7 (©)
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g 21: 8 o’ ) @
Based on the kinetic equations, the probability of occurrence of each reaction was inferred, as described in the
Materials and methods section related to Queueing theory. If the probability indicated that a reaction occurred,
there was a decrease in the concentration of the metabolite that acted as a substrate in that reaction, while increas-
ing the concentration of the metabolite that acted as a product. Th s is how the various reactions of the metabolic
pathways included in the model gradually occurred, which were glycolysis, the pentose-phosphate pathway,
the TCA cycle, and beta-oxidation. In case of missing literature data on reverse reaction speed, we applied the
assumption of*” which describes a reverse reaction as 100x slower than the forward reaction. In few cases where
the literature review did not provide enzyme kinetic data, the concentrations of two adjacent metabolites were
summed and combined into a single metabolite (queue). In such a case, enzyme kinetics data on the second
metabolite of the pair were used"’. In the study presented here, such a situation occurred twice, when describ-
ing kinetic reactions involving isocitrate and cis-aconitate as well as succinyl-CoA and succinate, which are the
metabolites of TCA cycle. To model such a complex metabolic network, it was necessary to establish a specific,
rigid framework and scope of model coverage. The influence of cellular processes that are not directly included
in the kinetic equations, such as the flow of a metabolite between compartments of a cell, was finetuned using
a genetic algorithm (GA)".

Genetic algorithm

The equations were supplemented with coeflicients selected using a GA. The choice of the algorithm was made
arbitrarily, due to its effectiveness in previous similar studies that have been conducted!”!8. Th s procedure was
intended to allow combining the reactions of pathways whose computational values of individual reactions can
differ markedly. The GA plays a crucial role in our study by optimizing the parameter values within the ranges
reported in the literature. It is important to note that these parameter values can vary signifi antly between
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different studies and cell types. In order to achieve system stability and ensure consistency with experimental
values, the GA searches for parameter values that allow the model to approximate the observed behavior. By
employing the GA, we aim to fi d parameter values that not only make the system stable but also provide results
that are consistent or approximate to experimental values. The algorithm iteratively explores the parameter space,
evaluating different combinations of parameter values, and selecting those that best align with the experimental
data.

The loss function was calculated with the use of ‘chromosomes’ that consist of two parameters: (1) metabolite’s
concentration described in the literature and (2) a current optimization stage of the simulations. There are one
hundred chromosomes’ in the population, each of which is a potential solution for the table of kinetic constants.
Evaluation of the ‘chromosome’ involves using its ‘genes’ as the values of constants parametrizing Michaelis-
Menten equations. In this process, the simulation time series is generated.

The resulting time series is sampled at fixed time stamps in order to compare simulated results with real-life
experiments results registered in the literature. The loss function quantifying fitness of the ‘chromosomes’ is the
sum of squares of the distances of the sampled points from simulation time series to the literature results (Eq. 8).

Xl /5 2
. pp'e
& XX —> g (lX 1) (8)
1

where

g - subfunction that penalizes the difference between two vectors in relation to second vector,

X - vector of substrate concentrations described by a literature,

X - vector of substrate concentrations obtained by evaluation.

The loss function is designed to guide the GA to identify a ‘chromosome’ with a table of kinetic constants
that leads to stable concentrations of products and minimizes the distance between initial values and stable
points, which generates computational results that are closest to those obtained in laboratory measurements.
Evaluating one chromosome’ entails running a simulation using its set of genes as the table of kinetic constants.
The simulation function returns the values of substrate concentrations at each second. Th s table is used by
the equation to determine the chromosome’s’ score. The function calculates the average vector of the last 100
recordings and computes the absolute difference with the initial simulation concentrations. In the final step, the
average of the differences is calculated. The chromosome’ that minimizes this function is selected as the optimal
table of kinetic constant values. The evaluation of each chromosome’ is done by simulating the model for the
fi st hour. There are 100 chromosomes’ in the population at each step of optimization, and only the 10 sets of
constants that minimize the fitness function are selected for reproduction. The reproductive algorithm is a vari-
ation of the standard crossover with an additional mechanism to prevent finding a trivial solution to minimize
the loss function problem, which is to zero the probability of every reaction. The main disadvantage of the fitness
function described above is the existence of a trivial solution for its minimization problem. If the chromosome’
contains only zeros, then no reaction would occur, so the settling points of concentrations of products in the
model would have the same values as initial concentrations, thus fi ding a global minimum. To prevent the GA
from converging to this solution, the reproduction mechanism requires that each reaction at ¢t = 0 has a prob-
ability of being performed between 1% and 10%. Reaction and balancing flow rates have ranges from 1 to 10%
at the beginning of the simulation, which starts from substrate concentration values described in the literature.
Applying these constraints to the reaction rates prevents them from being zeroed at the start and also prevents
saturation of reactions. The reproduction algorithm has a 10% chance to perform a mutation with the mutation
amplitude equal to 1.0. The optimization performed with GA was based on experimental measurements. The
relative square error between subsequent values of the obtained vector and reference vector were used to calculate
the penalty subfunction. To enforce equal contributions of all substrates in the optimization process, division by
the value from the reference vector was performed.

Sensitivity analysis

The resulting simulations of the trained model were subjected to the variance-based sensitivity analysis. It is
used to analyze the sensitivity of a model’s output to changes in the input variables. It is based on the idea that
the variance of the output of a model can be used to measure the model’s sensitivity to changes in the input
variables (Eq. 9):

V(Ey|uj)

=V

| )
where

Ey - expected value of the signal Y,

V(Y) - variance of signal Y,

V(Ey|uj) - a variance of signal Y generated using input value j.

In this paper, Y represents a set of values of one substrate at the end of each simulation. Each value is a result
of a simulation conducted using specifi starting values denoted as j. The sensitivity analysis was conducted for
each substrate making the cell’s measurable state.

Data availability
All data generated or analysed during this study are included in this published article and its supplementary
information files. The datasets generated and/or analysed during the current study are available in the GitHub
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repository, https://github.com/UTP-WTIE/CellEnergyMetabolismModel, DOI:10.5281/zenodo.7585089, imple-
mented in C# supported in Linux or MS Windows.
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Abstract: Acute lymphoblastic leukemia is the most common cancer in children, and its diagnosis
mainly includes microscopic blood tests of the bone marrow. Therefore, there is a need for a correct
classification of white blood cells. The approach developed in this article is based on an optimized
and small IoT-friendly neural network architecture. The application of learning transfer in hybrid
artificial intelligence systems is offered. The hybrid system consisted of a MobileNet v2 encoder
pre-trained on the ImageNet dataset and machine learning algorithms performing the role of the head.
These were the XGBoost, Random Forest, and Decision Tree algorithms. In this work, the average
accuracy was over 90%, reaching 97.4%. This work proves that using hybrid artificial intelligence
systems for tasks with a low computational complexity of the processing units demonstrates a high
classification accuracy. The methods used in this study, confirmed by the promising results, can be
an effective tool in diagnosing other blood diseases, facilitating the work of a network of medical
institutions to carry out the correct treatment schedule.

Keywords: hybrid artificial intelligence system; MobileNet v2; IoT; low-resource dataset; lymphocyte
cells; leukemia; ALL-IDB database

1. Introduction

Acute lymphoblastic leukemia (ALL) comprises a group of lymphoid neoplasms that
morphologically and immunophenotypically resemble B- and T-lineage precursor cells.
ALL is the most common neoplasm in children, with a peak incidence between the ages of
2 and 5 years [1], whereas it is scarce in older patients (over 60 years of age) [2]. Diagnosis
includes mainly a microscopic examination of blood and bone marrow [3].

The diagnosis of leukemias, including acute myeloid leukemia, requires standardized
methods of classification. One of the most commonly used and oldest methods is the French-
American-British (FAB) morphological classification [4]. For lymphoblastic leukemia, based
on cytological features and the degree of heterogeneity in the distribution of leukemic
cells according to the FAB classification, the following types are distinguished: L1, L2,
and L3. The characteristics of type L1 are the predominance of small cells, homogeneous
nuclear chromatin, and a regular nucleus shape with possible cleavages present. The
nuclei are invisible or small and inconspicuous; the amount of cytoplasm is scanty; and the
cytoplasmic vacuolization is variable. Deep cytoplasmic basophilia is uncommon.

The L2 type is characterized by a large and heterogeneous cell size and variable
heterogeneous nuclear chromatin in each case. The shape of the nucleus is irregular, and
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the nucleolus is at least one and is often large. The amount of cytoplasm is variable but is
often moderately abundant. The cytoplasmic vacuolization is variable.

The characteristics of the L3 type are a large and uniform cell shape and a finely
spotted and uniform chromatin of the nucleus. The nucleus has a regular oval-round
shape. Nucleoli are prominent and one or more are vesicular. The amount of cytoplasm
is moderately abundant, and the basophilia of the cytoplasm is intense. The challenge in
the correct classification is that, as described above, blood cells differ from one another
in terms of cytological features and the degree of heterogeneity in their distribution. The
features that allow the differentiation of malignant cells and the type of the disease are,
among others: the amount of cytoplasm, cell vacuolization, and the shape and size of the
cell nucleus or nucleolus. The traditional method is to manually analyze the differences
and observe the cells under an electron microscope by an experienced physician. Correct
manual classification requires both experience and specialist knowledge. Therefore, there
may be some differences between the results obtained. Thanks to artificial intelligence
methods, it is possible to speed up the work of medics and increase the effectiveness and
repeatability of results.

Artificial intelligence is a widely discussed issue in the world of science and tech-
nology for solving engineering problems. However, it is essential to realize that recent
research in this area presents advanced applications of artificial intelligence in fields other
than medicine, including computer science for developing new methods and algorithms
and [5,6] in petroleum engineering [7] or even in civil engineering [8]. In this study, a
hybrid artificial intelligence solution was used in medicine, and, at the same time, it is a
promising method that can be used in IoT networks.

Some studies focus on image-segmentation methods to locate white blood cells on a mi-
croscopic image. In [9], input images were converted from RGB color space to haematoxylin-
eosin-DAB (HED) space. Then bilateral filter and canny edge segmentation were used to
extract individual lymphocytes. A watershed algorithm was finally used to determine the
seed of each region. This method showed an accuracy of over 90%, with low computational
complexity and execution time. In turn, the work [10] used the conversion of RGB to
CMYK and L * a * b and the clustering algorithm K-means; in post-processing, dilation and
erosion were used. The results obtained in the experiments had a Kappa index of 0.9306 in
the ALL-IDB 2, 0.8603 in the BloodSeg, and 0.9119 in the leukocytes database.

However, the main challenge in diagnosing the disease is the correct classification of
malignant lymphocytes. The study [11] proposed the architecture of deep neural networks
using the AlexNet model from CNN, and it used softmax to classify acute lymphoblastic
leukemia into its subtypes and normal state. The method used also included transfer
learning. The segmentation approach based on the simple threshold method was used
to prepare the data to distinguish the region of interest. For the developed method and
the test set of 330, the accuracy was 97.78%. In turn, the authors in [12], apart from
AlexNet, used ImageNet, and, for 33 images from the ALL-IDB database, the system
correctly identified 94.1% of lymphoblasts. Convolutional neural network ResNeXt50 with
squeeze-and-excitation modules was used in [13] to classify ALL. Initially, the network
was pre-trained on ImageNet. An accuracy of 89.7% was achieved.

On the other hand, the authors of the work [14] used the convolutional neural network
to classify types of leukemia, such as AML, CLL, CML, and ALL, and healthy patients.
In addition, data augmentation was used to diversify the data set. As a result, an 81%
efficiency was achieved with 231 test samples in classifying all leukemia subtypes. In
addition, cross-validation was used in all experiments.

The authors [15] proposed the Siamese network-based few-shot learning method to
classify leukocytes. The Siamese network described in the work contains two convolutional
neural subnets with the same structure to know the vector of input images and to share
weights. In addition, a two-way one-shot support set was used, which was used as addi-
tional information supporting the classification. The average accuracy of the classification
of basophil and eosinophil cells using the Siamese network was 89.66%.



Sensors 2021, 21, 8025

30f12

The work [16] describes the automatic classification of leukocytes. This method can
be divided into three main parts. Initially, white blood cells (WBC) are isolated from the
microscopic examination of blood using R-B conversion, threshold segmentation, and
binarization. These include eosinophils, basophils, neutrophils, monocytes, and lympho-
cytes. The PRICoLBP function was then used to reflect the granularity of eosinophils
and basophils, which increased their discriminatory power with other WBC types. Then,
the stage for which convolutional neural networks were used was the isolation of the
constants of three kinds of WBC: neutrophils, monocytes, and lymphocytes. CNN is a
special feedforward neural network that consists of several convolutional layers and pool-
ing layers. Finally, with the help of the Random Forest algorithm, the three remaining
WBCs were classified. The developed method allowed for an average detection accuracy
of 92.8%, while the lowest accuracy was demonstrated when recognizing lymphocytes.
In [17], the green component/channel of the RGB microscopic image (input image) was
extracted at the beginning. Then, the threshold segmentation, the opening operator, and the
border-cleaning techniques were applied to the obtained binary image. Next, the bounding
box technique was used to trim each WBC to a single image, while the cosine transform
extracted textures and features. Finally, kNN, SVM, and naive Bayes were used to segregate
normal and abnormal cells. The classification of the disease was 97.45%.

This study focused on researching the application of transfer learning by using publicly
available pre-trained neural networks as a significant part of hybrid artificial intelligence
systems to offset the shortage of domain-specific data and low computational capabilities.
In this work, the MobileNet v2 [18] network pre-trained on the ImageNet dataset was used
for encoding images into small feature vectors, making them processable for CPU-friendly
machine learning models like XGBoost [19] or Random Forest [20]. The MobileNet v2
architecture was employed because it was optimized for small processing units like mobile
CPUs or IoT. The results were compared with the bare MobileNet v2 network repurposed
for this task and the designed convolutional neural network as a baseline for comparison.
Due to the use of advanced artificial intelligence solutions, it was possible to correctly
classify and differentiate the disease and the correct state in the diagnosis of ALL. This
could effectively diagnose their blood diseases and facilitate a network of medical facilities
to undertake the proper treatment schedule. A novelty in this article was the use of hybrid
artificial intelligence. The neural network was pre-trained on a vast dataset and then
encoded data in a specific set. Then, machine learning models were trained on coded and
reduced data. This gave a great advantage for use in IoT networks while demonstrating
high classification accuracy.

This article is organized as follows. Section 2 closely describes the methods, the
architectures of the hybrid artificial intelligence system, and the previously carried-out
image processing. Then, Section 3 presents the results of the research. Then, the discussion
is given in Section 4. Finally, Section 5 concludes the article and provides a look at further
studies on this topic.

2. Materials and Methods

The methodology of the research described in this paper is depicted in Figure 1. In
the first step, the data from the ALL-IDB database were sampled. Then, depending on the
model of the experiment, sampled images were either preprocessed using augmentation or
left intact. Depending on the selected experiment options, the color modification was not
applied during the augmentation process to test the impact of timbre change on overfitting
prevention. In the next step, regardless of whether augmentation was used, the z-score
normalization was performed into images into the work characteristic of the MobileNet v2
network. At the end of this step, data preprocessing was finished, and the images were
ready to be interpreted by the artificial intelligence system.

The prepared data entered the system by being processed by a neural network, serving
as an encoder, to extract feature vectors from the input images. Then, data encoded in
feature vectors are passed to the classification module, which is explained further in the
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article as the “head” for classification. The “head” module is either a one-layer fully-
connected neural network or one of three machine learning models: XGBoost, Random
Forest, or Decision Tree. This process is described in detail in the section “Hybrid Artificial
Intelligence system.” Finally, in the last step, the results of the artificial intelligence system
are evaluated.

Figure 1. General overview diagram of the method.

2.1. ALL-IDB Database

The study used images of lymphocyte cells, healthy patients, and patients with acute
lymphocytic leukemia. The dataset was an ALL-IDB dataset, which was downloaded with
the owner’s consent [17,21-23]. The ALL-IDB dataset is a public dataset of microscopic
images of peripheral blood cells that have been developed for segmentation, evaluation,
and classification. The data contained in the database are considered reliable, as oncologists
annotate them. The ALL-IDB database has two distinct versions (ALL-IDB1 and ALL-
IDB2). In this study, experiments were performed on images from ALL-IDB2. ALL-IDB2 is
a set of excised regions of interest from blood-smear images taken from healthy patients
and leukemia patients, who belong to the ALL-IDB1 dataset. The ALL-IDB2 dataset is a
subset of 260 segmented images, with 50% containing normal leukocytes and the remaining
containing malignant cells (Figures 2 and 3).

Figure 2. An example of segmented lymphocytes belonging to the non-leukemia class.

Figure 3. An example of segmented lymphocytes belonging to the leukemia class.

2.2. Image Preprocessing

The following data-augmentation techniques were used to increase the size of the
training set:
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*  color jitter,

e  Gaussian blur,
¢ horizontal flip,
e vertical flip,

e  rotation.

Figure 4 shows the example of the effect of the augmentation techniques used.

Figure 4. Example of the effect of the augmentation techniques used. (A) No augmentation, (B) color
jitter, (C) Gaussian blur, (D) horizontal flip, (E) vertical flip, and (F) rotation.

Two variants of augmentation were used, and color jitter was used only in one of
them. After augmentation, all images from the database had been normalized. It consisted
of subtracting the means, which were 0.485, 0.456, and 0.406, and dividing by the standard
deviations, which were 0.229, 0.224, and 0.225.

2.3. Hybrid Artificial Intelligence System

This research designed artificial intelligence models from two modules: the encoder
and the head (Figure 5). The encoder transforms the input image into a fixed-size feature
vector, abstractly describing the input data. The head takes the feature vector computed by
the encoder and performs the classification; such a division of responsibilities allowed for
the modular structure of the artificial intelligence system. Two neural networks were used
as encoders and four different machine learning models as heads.

Figure 5. Hybrid artificial intelligence system architecture.
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2.3.1. Encoders

The first is the primary deep convolutional neural network with the standard, homo-
geneous architecture described in Table 1. This network is referred to as the CNN-Encoder
further in the article. It was designed without significant structural improvements like
residual connections [24] or inception-based [25] layers to serve as a baseline for comparison
during model evaluation.

Table 1. Architecture of the deep convolutional neural network.

Layer Channels In Channels Out Kernel Size Padding Stride
Conv2d 3 8 3x3 1x1 1x1
MaxPool2d 8 8 3x3 0x0 3x3
Conv2d 8 16 3x3 1x1 1x1
MaxPool2d 16 16 3x3 0x0 3x3
Conv2d 16 32 3x3 1x1 1x1
MaxPool2d 32 32 3x3 0x0 3x3
Conv2d 32 64 3x3 1x1 1x1
MaxPool2d 64 64 3x3 0x0 3x3
Conv2d 64 128 3x3 1x1 1x1
MaxPool2d 128 128 3x3 0x0 3x3
Conv2d 128 2 1x1 0x0 1x1

The output value was flattened into a 128-dimensional vector. After each convolutional
layer, the Leaky ReLU activation function was applied with a negative slope coefficient
« = 0.01. Each convolutional layer with kernel 3 x 3 had a padding value to offset stride
and to preserve activation maps’ dimensionality. The max pooling layers performed the
shrinkage of the above-mentioned activation maps. The last layer performed convolution
by applying kernel 1 x 1 to reduce the number of channels from 128 to 2, resulting in the
final encoded feature vector size being reduced by the factor of 64.

The second network used as an encoder was MobileNet V2. This network was selected
due to its trade-off between performance and efficiency on mobile CPUs. The MobileNet
architecture is more complex than the first one due to the usage of numerous structural
improvements like:

*  Depthwise separable convolutions—which improves the convolutional layers. In a
normal convolutional layer, the equation gives a convolutional layer kernel that has
size (w, h,d) where w (width) and & (height) are arbitrarily chosen hyperparameters
and d (depth) is equal to the depth of the input tensor. As a result, the amount of
weights required to be optimized to train the i-th convolutional layer equation is given
by the following equation:

19| = n; - w; - hy - d; 1)

where n; is the number of filters in a layer. This relationship between the input
tensor’s depth and the number of weights in one filter becomes cumbersome during
the stacking of deep convolutional layers. For example, the convolutional layer gets
an input tensor of depth 1024 and must preserve the size in the third dimension. These
restrictions imply that d; = 1024 and the number of filters is also 1024 - d; - w; - h; =
1,048,576 - w; - h;. Since w;, h; € NT—0, 1, 2, it means that the minimum amount of
weights required is equal to 9,437,184. This amount of weights is staggering, taking
into consideration that it is merely one convolutional layer. Depthwise separable
convolutions reduce this problem by splitting the convolutional layer into two parts:
the first one applies one filter of kernel w; - h; without depth to every channel instead
of having filters interpreting every channel, and the second layer uses a 11 convolution
on the output of the first layer, performing a depth-sensitive linear transformation. As
a result, the same task is completed, but the equation gives the cost of the weights:

O] = nj-w; - by +n;-di-1-1=n; - (w; - b; +dj) )
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Since n; = d; and usually w;, h; << d;, the maximum reduction obtained from using
this method is equal to

2
. ns +njwh; 1 . wih; 1 1
lim = 1+ lim = 14+0) =
nj—oo n%wihi w;h; ( nj—oo 1 ) w;h; ( ) w;h;

®)

As a result, this method is able to reduce the number of used weights by the factor of
w; - hi-

e Linear bottlenecks—a newly introduced layer performs a linear transformation of
the convolutional layers” activation map, resulting in tensor’s depth reduction with
minimal information loss and an increasing amount of information stored per channel.

e Inverted residuals—the residual connection between layers bottlenecks instead of
connecting normal convolutional layers. Since bottleneck layers are by design depth-
reduced transformations of convolutional layers, application of a residual connection
by bundling bottleneck layers results in a further computation reduction.

In this research, MobileNet v2 was used in two different versions: pretrained and
not pretrained. The pretrained network was optimized to solve tasks from the Ima-
geNet [26] contest consisting of image classification into a thousand different classes.
The not-pretrained network started training using weights initialized by the usage of the
Kamming He initialization algorithm.

2.3.2. Head

The head module takes as an input a feature vector computed by the encoder and
performs its classification. There were four modules chosen for this task:

. Fully connected neural network layer,
e XGBoost,

e  Random Forest,

e Decision Tree [27].

The first module is part of the neural networks, and it is able to propagate error
gradients further down the network. Because of that, this particular head can be trained
together with the encoder. However, the rest of the modules require a fully trained encoder
to encode images into small feature vectors.

The hybrid approach allows the network already pre-trained on different tasks (like
ImageNet) and uses it as a finished encoder to create a new dataset to translate the original
one into the feature space. Then, machine learning algorithms can be trained on the
newly created dataset of feature vectors, utilizing their different approach to create a
heterogeneous classification system.

2.4. Training

In this research, two different training techniques for neural-network-only systems and
hybrid machine learning models were used. In both of these methods, data augmentation
was used in one of three modes:

* noaugmentation was applied,

* augmentation was applied with all of the available techniques described in the “Image
preprocessing” section,

* augmentation was applied with all the techniques except the “Color jitter” method.

The training was performed using the following hardware configurations: dual-Intel
Xeon Silver 4210R, 192 GB RAM, and Nvidia Tesla A100 GPU. In this research, PyTorch,
Sklearn, Numpy, Pandas, and Jupyter Lab programming solutions were used to implement
the neural networks [28].
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2.4.1. Neural Network Training

This procedure was employed when a fully connected layer was used as a head of the
system. Because all elements in the system can propagate gradient error, both the encoder
and the head were trained simultaneously. The models were trained using this procedure:

¢  CNN-Encoder + fully connected layer,
*  not-pretrained MobileNet v2 + fully connected layer,
e  pretrained MobileNet v2 + dully connected layer.

Neural networks were trained using the Adam optimizer [29]. Every network was
optimized on a training dataset and evaluated on a validation dataset. They were trained
for 1000 epochs unless early stopping [30] was performed. If the best result on the validation
dataset was not improved in 100 epochs, training was stopped, and another network was
created. The learning rate at the beginning was equal to 0.001, and it was reduced by half if
the network did not improve its best result on the training dataset within 10 epochs from
the last improvement or learning rate reduction. If the learning rate reached 0.000001, then
no further reduction was applied. Depending on the augmentation settings selected, each
image might be subjected to random augmentation before being put on the input of the
neural network.

2.4.2. Hybrid System Training

The hybrid system consisted of a MobileNet v2 encoder pre-trained on the ImageNet
dataset and a machine learning algorithm performing the role of the head. These algo-
rithms were:

e XGBoost,
e  Random Forest,
e Decision Tree.

To train these head models, a new dataset of encoded images was created. Thus, there
were three datasets created. The first one was not subjected to augmentation. In this case,
every image in the original dataset was converted into a 1000-dimensional feature vector.

In both the second and the third cases, augmentation was used, resulting in every
image being 100 times randomly augmented and its vector added to the dataset. As a
result, datasets with an applied boost had a size 100 times greater than the non-augmented
one. The difference between the second and third cases was in whether color jitter was
used or not.

After datasets creation, each machine learning model was optimized on this set
according to its unique training algorithm.

2.5. Metrics

Neural networks were evaluated using the metrics described below [28]. For the
purpose of simplicity of equations, certain acronyms were created, as follows: TP—true
positive, TN—true negative, FP—false positive, and FN—false negative. The metrics used
for network evaluation were:

e Accuracy: Acc = (TP+TN)/(TP+ FP+ TN +FN),

e Precision = TP/(TP + FP),

e Recall =TP/(TP+ FN),

e F1 = 2x Precision x Recall / (Precision + Recall),

e AUC—area under the receiver operating characteristic (ROC). The ROC is a curve
determined by calculating the true-positive rate = TFP = TP/ (TP + FN) and the
false-positive rate = FPR = FP/(TN + FP). The false-positive rate describes the
x-axis and the true-positive rate the y-axis of a coordinate system. By changing the
threshold value responsible for classification of an example as belonging to either the
positive or negative class, pairs of TFP-FPR were generated, resulting in the creation
of the ROC curve. The AUC is a measurement of the area below the ROC curve.
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3. Results

Training, validation, and test sets were generated 15 times to evaluate networks to
minimize the influence of random dataset division. Each network was trained on a training
dataset. During the training, the network was assessed on the validation dataset to select
the best, least-overfitted weights set of the network, and to perform early stopping. When
such a set of weights was established, the final network’s evaluation was performed on the
test dataset. Results of the networks were grouped by both architecture selection, whether
pre-training was employed or not, application of augmentation, and presence of color
modification during the augmentation process. The results are presented in Table 2.

Table 2. Experiment results

Name

Acc Acc Avg | Std F1 F1 AvglStd AUC AUC Avg | Std

FC, Mobilenet v2, augmented with no color 100.0-82.0%  94.8% | 53  100.0-81.8 94.8 153  100.0-95.5 99.2 1 1.3

FC, Mobilenet v2, augmented
FC, Mobilenet v2, no augmentation

100.0-87.1%  93.8% | 3.8  100.0-86.8  93.7 1 3.9  100.0-93.7 99.0 | 1.6
100.0-76.9%  92.8% | 6.1  100.0-76.8 927 1 6.1  100.0-94.1 98.7 | 1.6

Random Forest, Mobilenet v2 augmented 97.4-84.6%  92.1% 140  974-845 920141 100.0-95.6 98.7 1 1.3
XGBoost, Mobilenet v2, augmented with no color 97.4-82.0% 91.1% | 5.1 97.4-81.2 909 1 5.2 100.0-93.2 97.8 122
XGBoost, Mobilenet v2, augmented 97.4-76.9% 91.1% | 5.5 97.4-76.8 91.0 I 5.5 100.0-89.7 98.0 128
Random Forest, Mobilenet v2, augmented with no color =~ 94.8-82.0% 89.9% | 4.3 94.8-81.6 89.8 | 4.4 99.7-92.8 9791 1.9
Decision Tree, Mobilenet v2, augmented 89.7-64.1% 80.0% | 7.7 89.5-63.8 79.7 178 89.5-63.9 80.1 | 8.0
Decision Tree, Mobilenet v2, augmented with no color 89.7-66.6% 79.3% | 6.6 89.6-65.8 79.0 1 6.8 90.3-67.7 798 1 6.6
Random Forest, Mobilenet v2, no augmentation 87.1-64.1% 76.9% | 6.9 87.1-63.8 76.7 1 7.0 94.8-75.6 852 1 54
XGBoost, Mobilenet v2, no augmentation 89.7-56.4% 75.3% | 11.6 89.7-55.9 75.1 | 11.7 95.7-65.7 83.0 194
Decision Tree, Mobilenet v2, no augmentation 84.6-46.1% 62.3% | 10.7  84.5-44.8 62.0 | 10.8 85.0-45.4 62.8 1 10.8

4. Discussion

The three best results were obtained from the pre-trained MobileNet v2 repurposed to
blast cell detection through learning with a fully connected layer head attached. However,
MobileNet v2, not pre-trained with a fully connected layer head, scored much lower
despite having the same architecture. It suggests that transfer learning can be used as a
regularization technique, preventing overfitting and improving overall performance. In
addition, ImageNet contained images depicting objects and animals related to everyday
daily life instead of pictures of microbiological phenomena, yet such pre-training proved
beneficial. It further suggests that a pre-training network on large datasets from seemingly
unrelated domains may improve the results on small, specialized tasks like blast-cell
classification in this particular research.

Hybrid systems with MobileNet v2 as an encoder scored the best after the repurposed,
pre-trained MobileNet v2 network. Their performance was better than the CNN-Encoder
network and the not-pre-trained MobileNet. It suggests that in case of limited access to high-
end processing units like GPUs, the strategy described below may have satisfactory results:

U take the available neural network pre-trained on a massive dataset,
*  use this network to encode data in the small, domain-specific dataset,
® train a machine learning model on reduced, encoded data.

This strategy may be performed on the CPU. The computational bottleneck in this
operation is using a deep neural network on the CPU to encode the dataset. However,
this operation must be conducted only once. Its result is sufficient for machine learning
model training and is much lighter than the original dataset, making it easier to store. In
this research, both machine learning models like XGBoost and the MobileNet v2 network
as an encoder were evaluated due to their proficiency in training on the CPU. Such an
approach may prove beneficial for systems with reduced computational capabilities like
mobile devices or the IoT.

The XGBoost and Random Forest algorithms proved to be capable of extracting ab-
stract information from encoded feature vectors. However, the Decision Tree algorithm
scored substantially worse and did not achieve the desired results. Moreover, this algo-
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rithm’s simplistic structure was not complex enough to extract the high-level information
required for performing classification on a sparse dataset like the one examined in this work.

The pre-trained MobileNet v2 scored better results than CNN-Encoder, which in turn
scored better than the not-pre-trained MobileNet v2. These findings suggest that MobileNet
v2 was not pre-trained overfitted to the training set due to its more profound and more
complicated structure compared with the baseline CNN-Encoder. However, pre-training
allowed MobileNet v2 to score better than CNN-Encoder. Thus, it suggests that designing
networks seemingly more profound than required and pre-training them may provide
better results than applying smaller architectures despite the concern of overfitting an
overparameterized model.

The augmentation mode was split into augmentation with the application of color
jitter and without it. Because of an a priori assumption, color was an essential factor in
cell classification as it is an indicator of biological features. This assumption proved to be
correct because top architectures differentiating between themselves only by applying color
jitter scored better without this augmentation technique. This proves that augmentation
techniques must be challenged to determine whether they are truly beneficial or not for
this particular dataset’s purposes.

The pre-trained MobileNet v2 network proved its effectiveness in the researched
problem despite the training process being conducted on data from different domains. It
suggests that the domains of knowledge are not as separated as it seems. However, it is
doubtful that understanding the MobileNet v2 network gathered during training on the
ImageNet dataset is helpful in this example. It is presumed that only a specific part of this
network is useful in this topic. The procedure for such knowledge extraction would be
beneficial as it reduces the computation and size of stored weights sets. The authors plan
on further investigation of this topic.

5. Conclusions

The proposed strategy of designing hybrid artificial intelligence systems for low-
resource, low-computational-complexity processing units’ tasks by introducing a pre-
trained neural network for data encoding proved beneficial in this particular task. The
examined systems using MobileNet v2 as an encoder and XGBoost and Random Forest as
classification heads were able to score, on average, an above 90% accuracy, going as high as
97.4%. The system developed in this work can be trained and run on a low-power CPU like
a mobile CPU or one dedicated to the IoT. However, the Decision Tree algorithm turned
out to be not complex enough to perform meaningful classification. The best results were
obtained by repurposing the already trained deep neural network instead of training the
same one from scratch or creating the smaller one to reduce overfitting. The regularization
benefit of transfer learning was significant during the examination of this dataset.
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Nomenclature

Convld Layer in deep neural networks that performs a convolution on a
one-dimensional signal.

MaxPoolld Layer in deep neural networks that performs a pooling operation

by selecting the maximum value from the moving window.

Fully connected Layer in deep neural networks that consists of neurons, each of
which process the whole input data.

Leaky ReLU Activation function used in deep neural networks.

Padding Parameter used in convolutional layers specifying the amount of
zeroed samples added to the start and the end of the processed
signal. For example: a padding of 1 means that there is one sample
of value zero artificially added on the beginning and at the end
of the signal. This operation is conducted in order to mitigate
activation-map shrinkage due to the application of convolution.

Stride Parameter used in convolutional layers specifying the shift dis-
tance between subsequent windows of convolutions. For example:
a stride of 1 means that the next convolution starts right after the
the beginning of the previous one, so the windows will overlap
(provided that the kernel size is greater than 1).

ALL Acute lymphoblastic (or lymphocytic) leukemia.
AML Acute myeloid (or myelogenous) leukemia.
CML Chronic myeloid (or myelogenous) leukemia.
CLL Chronic lymphocytic leukemia

WBC White blood cells.
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Abstract: The study of leukemia classification using deep learning techniques has been conducted
by multiple research teams worldwide. Although deep convolutional neural networks achieved
high quality of sick vs. healthy patient discrimination, their inherent lack of human interpretability
of the decision-making process hinders the adoption of deep learning techniques in medicine. Re-
search involving deep learning proved that distinguishing between healthy and sick patients using
microscopic images of lymphocytes is possible. However, it could not provide information on the
intermediate steps in the diagnosis process. As a result, despite numerous examinations, it is still
unclear whether the lymphocyte is the only object in the microscopic picture containing leukemia-
related information or if the leukocyte’s surroundings also contain the desired information. In this
work, entropy measures and machine learning models were applied to study the informativeness
of both whole images and lymphocytes’ surroundings alone for Leukemia classification. This work
aims to provide human-interpretable features marking the probability of sickness occurrence. The
research stated that the hue distribution of images with lymphocytes obfuscated alone is informative
enough to facilitate 93.0% accuracy in healthy vs. sick classification. The research was conducted on
the ALL-IDB2 dataset.

Keywords: acute lymphoblastic leukemia classification; image background informativeness; Shannon
entropy; cross-entropy; XGBoost

1. Introduction

Acute lymphoblastic lekemia (ALL) diagnosis is closely associated with morphological
changes in white blood cells (WBC, or leukocytes). ALL, known in the group of blood
diseases, is characterized by the overproduction and continuous proliferation of malignant
and immature white blood cells (referred to as lymphoblasts or blasts). Although the
number of leukocytes can often be considered an essential indicator of pathological changes
in the morphological picture of the blood, it is not always sufficient.

The detection of ALL and its subtypes is often accomplished by examining blood
or bone marrow smears. According to the French-American-British (FAB) classification
standard, ALL is classified into the L1, L2, and L3 subtypes. Assignment to the correct
subtype is carried out according to observation of the nucleus’s morphology, including
the affected cell’s pattern and variation in its shape. This procedure is generally accepted
and known from numerous works of authors researching the detection and classification
of leukocytes.

In clinical practice, microscopic examination of blood smears to verify ALL is based
primarily on counting different types of white blood cells. Equally important is the analysis
of the nuclear features of leukocytes, which are often distinguished by their pastel blue
coloration. Nevertheless, their further evaluation becomes complicated, as according to the
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FAB, features such as the size, shape variation, and texture should be considered. After all,
leukocytes can be distinguished by their size, color characteristics, the ratio of the nuclei to
the cytoplasm contained in them, etc.

Due to the morphological diversity of white blood cells, the classification into ALL
subtypes may not always be realized correctly. The reason for this can perhaps be found
in the complexity of the backgrounds of microscopic images. One of the essential aspects
is played by the surroundings of white blood cells, which occur in the setting of other
morphotic components of the blood such as red blood cells or platelets. However, accord-
ing to FAB classification, the background does not add significant information from the
perspective of classification, although it can significantly hinder the correct classification of
ALL. Our work measures background informativeness to determine the influence of the
lymphocytes” surroundings on correct Leukemia classification.

In their article [1], Andrade et al. performed an extensive evaluation of the leukocyte
segmentation techniques by artificial intelligence systems developed by well-established
research teams. The authors performed experiments on five databases: ALL-IDB2 [2], Blood-
Seg [3], Leukocytes [4], JTSC Database, and CellaVision [5]. The leukocyte segmentation
methods examined by the authors use Otsu threshold [6-9] (Madhloom et al., Arslan et al.,
Nazlibilek et al., and Prinyakupt et al.), K-means [10-17] (Nasir et al., Mohapatra et al,,
Madhukar et al., Amin et al., Sarrafzadeh et al., Vincent et al., Vogado et al., and Ku-
mar et al.), region growing [7,10,18] (Nasir et al., Mohammed et al., and Arslan et al.), edge
detector [18] (Mohammed et al.), Zack’s algorithm [19] (Abdeldaim et al.), and arithmetical
image processing operations [3,6,9,14] (Madhloom et al., Mohamed et al., Prinyakupt et al.,
and Sarrafzadeh et al.). The methods were examined on the images encoded using RGB [9]
(Prinyakupt et al.), grayscale [6,18] (Madhloom et al. and Mohammed et al.), HSI [10]
(Nasir et al.), L*a*b* [11,12,14,15] (Mohapatra et al., Madhukar et al., Sarrafzadeh et al., and
Vincent et al.), HSV [13,17] (Amin et al. and Kumar et al.), CMYK [19] (Abdeldaim et al.),
and CMYK + L*a*b* color schemes [16] (Vogado et al.). The authors achieved satisfactory
results for all of the datasets, in some cases reaching 97% accuracy. However, none of the
methods examined proved to be the best on all datasets. It is also important to note that the
method with the best results in this experiment achieved only a 58.44% leukocyte nuclei
detection rate. In this article, a leukocyte was considered detected by computing the true
positive rate metric TPR; with a threshold t = 0.9.

In [1], Andrade et al. proved that leukocyte nuclei segmentation is a non-trivial task,
and none of the well-established methods proved efficient in leukocyte detection. The
authors stated in the article that leukocyte nuclei segmentation is performed to classify
the presence of leukemia in the cells. The survey of image processing techniques and their
results motivated us to perform research focusing on attempting to examine the amount of
information contained in non-leukocytes for leukemia classification without performing
image segmentation. Furthermore, the plethora of black box-type artificial intelligence
systems applied with various evaluation results signified the importance of establishing
the features’ quality.

The subject of leukemia classification was researched thoroughly using deep learning
methods. The authors of [20-24] applied various types of convolutional neural networks
(CNNSs) [25]. In [20], Rehman et al. applied the AlexNet [26] architecture of CNN networks
for leukemia classification, achieving 97.78% accuracy. Similar research was conducted by
the authors of [21] (Prellberg et al.) using the ResNeXt50 [27] architecture of CNN networks
pretrained on the ImageNet dataset [28]. The researchers achieved 89.7% accuracy. The
non-binary classification of leukemia was conducted by Ahmed et al. [22]. The experiments
were run to establish the ability of CNNs to discriminate in one vs. many mode against
leukemia types such as acute myeloid leukemia (AML), chronic lymphocytic leukemia
(CLL), chronic myeloid leukemia (CLM), and acute lymphoblastic leukemia (ALL). They
achieved classification with 81% accuracy. The authors of [23] (Guo et al.) used Siamese
networks [29] to achieve few-shot learning [30] with 89.96% accuracy. Similar research
was conducted by Abhishek et al. [24]. In this work, the authors used transfer learning to
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compare the results of deep convolutional neural networks with support vector machines
(SVMs) against SVM interpreting features extracted by local binary patterns (LBPs) [31]
and the histogram of oriented gradients (HOG) [32]. The deep learning approach obtained
98% accuracy, SVM + LBP resulted in 83% accuracy, and SVM + HOG resulted in 50%
accuracy. In their work, Rodrigues et al. [33] also applied deep learning for leukemia
classification. What differs them from other works is the optimization of trained neural
networks using a genetic algorithm. This procedure improved the results to 98.46%.

The results of leukemia classification using deep learning in [20-23] (Rehman et al.,
Prellberg et al., Ahmed et al., Guo et al., Abhishek et al., and Rodrigues et al.) provided
substantial accuracy for healthy vs. sick discrimination. However, due to the black box
nature of deep learning methods, it is unclear what pattern was extracted by neural
networks to achieve such efficiency. The knowledge distillation [34] techniques are currently
not advanced enough to determine the neural network’s reasoning, leading to classification
in a manner humans can understand. Because of this issue, the adoption of deep learning
and machine learning in medicine is slow due to the inability to verify the quality of the
extracted features. Our work examines the ALL-IDB dataset samples to determine the
features understandable by humans, allowing reliable classification and, at the same time,
determining the usefulness of the leukocyte’s surroundings in leukemia classification.

1.1. Summary of Surveyed Research Works

The surveyed works are summarized in Table 1 to present various method and image
encoding technique combinations applied in a readable format.

Table 1. A summary of investigated research works.

Ref. Image Encoding Methods
[3] Grayscale Arithmetical operations
[6] Grayscale Otsu threshold, arithmetical operations
[7] RGB Otsu threshold, region growing
[8] Grayscale Otsu threshold
[9] RGB Otsu threshold, arithmetical operations
[10] HSI K-means, region growing
[11] L*a*b* K-means
[12] L*a*b* K-means
[13] HSV K-means
[14] L*a*b* K-means, arithmetical operations
[15] L*a*b* K-means
[16] CMYK + L*a*b* K-means
[17] HSV K-means
[18] Grayscale Region growing, edge detectors
[19] CMYK Zack’s algorithm
[20] RGB AlexNet
[21] RGB ResNeXt50
[22] RGB CNN
[23] RGB Siamese networks
[24] RGB CNN
[33] RGB ResNet50 v2

1.2. The Aim of This Work

This work is a continuation of the research described in [35] (Patczyniski et al.). This
article aims to establish the informativeness of a lymphocyte’s surroundings for leukemia
classification. The classification is conducted on the features extracted from images with
lymphocytes obfuscated using black rectangles. The classification results without infor-
mation regarding lymphocytes are compared against the quality of discrimination in the
unmodified images. The features extracted from the image are deterministic, human-
interpretable qualities. The discrimination is performed using both simple, divergence-
based clusterization (mean squared error and cross-entropy [36]) and by applying machine
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learning algorithms such as logistic regression [37] and the XGBoost algorithm [38]. The
images used in this research are encoded using RGB and HSV methods.

This work aims to quantify the amount of information stored in human-interpretable
features computed from an image with the lymphocytes obfuscated. This work aims not to
achieve the best classification results but to determine how well the classification can be
performed using a limited amount of information while remaining interpretable by humans.
In our previous article, deep neural networks were applied to the raw images to perform
the classification. Although the results were satisfactory, the inherent black box nature of
deep neural networks prevented us from acquiring human-interpretable knowledge on the
nature of this particular classification problem. This work aims to provide such information.

1.3. Summary of Our Contributions
Our main contributions can be summarized as follows:

1.  Weexamined the influence of lymphocyte obfuscation on acute lymphoblastic leukemia
classification to evaluate its surroundings’ informativeness. The hue distribution of
lymphocytes’ surroundings processed by the XGBoost algorithm resulted in classifica-
tion with 93% accuracy.

2. We evaluated the informativeness of channels’ value distributions of both the RGB
and HSV color encodings. We determined that the channel encoding color green
contained the most information, with an XGBoost classification accuracy of 96%. The
same evaluation of red and blue color channels resulted in classification accuracies
of 87% and 83%, respectively. The hue, saturation, and value channels obtained
classification results of 94%, 94%, and 84%, respectively.

3. The classification results of the XGBoost algorithm interpreting the distributions of
individual channel values resulted in a classification quality similar to the effects of
deep learning application on raw images performed by other researchers. As a result,
we reduced the amount of input information by three orders of magnitude while
achieving comparable results.

4. We evaluated the informativeness of the entropy measurements of each channel’s
values distribution using the Shannon entropy. The Shannon entropy computed for
the hue distribution of images with lymphocytes obfuscated resulted in a classification
accuracy of 81% and 68% accuracy when using images without the lymphocytes being
obfuscated. The results suggest that lymphocytes” surroundings contain essential
information for acute lymphoblastic leukemia classification.

1.4. Paper Organization

This work is divided into sections. Section 2 describes the materials and methods
used in this research. This section describes the image preprocessing techniques, encoding,
feature vectorization, experiments conducted, and metrics. Section 3 presents the results
of the experiments described in Section 2. Section 4 provides interpretation of the results
presented in Section 3, and Section 5 concludes the paper.

2. Materials and Methods

This section describes the materials and methods used in this research. It describes
the data preprocessing, vectorization, and algorithms for generating the experimental
results. The experimental procedure involved computing the Shannon entropy, measuring
the cross-entropy score between the obtained value distributions, and fitting the machine
learning models.

2.1. ALL-IDB Database

The research was conducted on the ALL-IDB database, containing microscopic images
of lymphocyte cells documented from healthy people and patients with acute lymphoblastic
leukemia. This database is made publicly available by Universitia degli Studi di Milano,
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and it contains annotation of which samples represent cases of leukemia and which were
obtained from healthy patients. Oncologists performed the annotation.

The database contains 260 microscopic images. The dataset is balanced between
classes, having 130 images of blood smears taken from healthy patients and the same
amount from sick ones. The home website of this dataset is accessible at this link: http:
/ /homes.di.unimi.it/scotti/all/ (accessed on 15 October 2021).

2.2. Image Preprocessing

In this section, the techniques of image processing applied during the experiments
are presented. The amount of information contained within the background of the image
can be examined by removing the lymphocytes from the graphics. Removing lymphocyte
information was performed by covering them with black rectangle-shaped bounding boxes.
This type of obfuscation was chosen to remove all information from the lymphocytes and
information regarding the cells” shapes, which may have interfered with the experiment’s
results. The resulting shrinkage of the background from such an obfuscation technique was
not considered a concern. The results of this operation are presented on the Figure 1. The
experiments were conducted using images both unmodified and obfuscated to compare
the information stored in background of the image with all of the information contained.

Figure 1. A black rectangle covers an example of lymphocytes in the images in the second column.
The first row presents versions of the image of a healthy patient, and the second row depicts versions
of the photo taken for a patient sick with leukemia.

The images were also subjected to data augmentation to determine the influence of
commonly used image preprocessing techniques on the informativeness of the background.
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The data augmentation was performed before lymphocyte obfuscation. The modification
methods examined in this research were the following;:

e  Gaussian blur;
e  Median blur;
e  Gaussian noise.

Gaussian blur (also known as Gaussian smoothing) is a commonly used data augmen-
tation technique in deep learning for increasing the number of images in the training set. It
serves as a low-pass filter, reducing higher frequencies from the image and thus achieving
the perceived effect of smoothness. The filter works by convolving the image with a matrix
representation of a two-dimensional Gaussian function. Equation (1) presents the method
for obtaining the filter matrix:

1 _ x2+y2

e 2 (1)

G(x,y) =
(x,y) 2702
where x and y represent the divergence from the center of the matrix. The bigger the matrix
(kernel), the more precise the convolution is. The kernel lengths used in this research were
3,9,21, and 51. The results of applying this operation are presented in Figure 2.

Figure 2. Presentation of the Gaussian blurring application on the images. The blurring procedure
did not affect the first image in the row, and the rest were convolved with kernel of sizes 3, 9, 21, and
51 pixels, respectively.

Median blur has a similar purpose to Gaussian blur. This filter windows the image
and returns the median value from each window. This operation reduces noise and creates
a low-pass filter. The sizes used for the windows in this research were 3, 9, 21, and 51. The
results of applying this operation are presented in Figure 3.

Figure 3. Presentation of the median blurring application on the images. The blurring procedure did
not affect the first image in the row, and the rest were convolved with kernel of sizes 3, 9, 21, and
51 pixels, respectively. The images were 257 x 257 pixels in size.

The last data augmentation technique used was adding Gaussian noise. Compared
with the previous two techniques, this method increases the amount of noise instead of
decreasing it. It is also commonly used in deep learning to reduce deep neural networks’
overreliance on temporal patterns in favor of a more holistic approach. Each pixel in the
output file was computed using Equation (2):

x'=]x-(1+n)],n~N(,0) )

Here, x is the current value of the filtered image, and ¢ is the standard deviation of
the distribution. The values of variance used in this research were 0.001, 0.01, and 0.1. The
results of applying this technique are presented in Figure 4. The processing data pipeline
involving data augmentation and lymphocyte obfuscation is presented in Figure 5.
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Figure 4. Presentation of the Gaussian noise application on the images. The noise procedure did not
affect the first image in the row, and the rest were subjected to the multiplicative noise sampled from
the Gaussian distribution, parametrized by the mean equal to zero and variance containing values of
0.001, 0.01, and 0.1, respectively.

Figure 5. Graphical representation of image processing procedure.

2.3. Image Vectorization

In this section, the preprocessed images are converted into vectors of features ready to
be interpreted by the statistical and machine learning models. In this research, background
informativeness was measured in regard to one image channel at a time. As a result, each
experiment conducted started with selection of the aforementioned channel. The available
channels were red (R), green (G), blue (B), hue (H), saturation (S), and value (V).

The first three channels (red, green, and blue) are natural components of RGB-encoded
images. However, the hue, saturation, and value metrics are the result of HSV image encod-
ing. HSV is a common type of color expression in an image more akin to the recognition
process performed by the human eye.

The hue channel contains information on what color is present in the image. It
represents a 360° coordinate of rotation around the circle of colors. Typical representation
of the hue coordinates associate the color red with a value of 0°, yellow with 60°, green with
120°, aqua with 180°, blue with 240°, and purple with 300°. It is important to note that the
hue represents a rotation angle, so the difference between two hue values is represented by
the measurement of the shortest arc connecting two points on the hue circle. For example,
the colors red (0°) and purple (300°) are 60° degrees apart instead of 300°. In this research,
the OpenCV library was used for image processing, which encoded the hue channels
with values from 0 to 180. This behavior was kept for both conducting experiments and
presenting the results.

The saturation contains information regarding the color’s intensity. A saturation value
of 0 results in the color gray, and the maximum value of 255 provides the most intense
version of the color. On the other hand, the value channel contains information on the
brightness of the color. The numeric value of 0 results in the color black, and the maximum
value of 255 generates the brightest version of the color.

Equations (3)—(6) describe the process of image conversion from RGB encoding to
HSV encoding:

M = max{R,G,B},m = min{R, G, B}, (3)
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V = M/255 4)
1—
_Jm M>0
o M=0 ©)
cos~I( R—3G—3B ) G>B
H= VR2+B2+G2-RB-RG—GB = 6)
o i o—1 R—3G—3B
360" — cos VR2+B24+G2—RB—RG—GB B>G

In the next step, the selected channel is vectorized by grouping its individual values
into 30 equally spaced numeric bins and computing their distribution in the whole im-
age. Such encoding provides information on what value occurs most frequently in the
image. Pixels encoding black rectangles for obfuscation purposes were not included in the
computations of color density distribution. An example of such calculations is presented
in Figure 6.

Figure 6. A presentation of images taken from healthy and sick patients (first column) and their
corresponding hue distributions. HSV encoding was applied to both of the images.

2.4. Distribution Difference Measurement

In this section, images vectorized into a single channel’s values density distributions
are compared to measure the amount of information stored in every channel’s histogram.
Distributions from both the obfuscated and unmodified images are examined to establish
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the amount of information stored in the color distributions of both the entire images and
the backgrounds only. The quality of image classification measures the information stored
in color distributions regarding the representation of healthy and sick individuals.

In the first step of the experiment, the set of vectorized images and the corresponding
set of labels are randomly split into training and test sets. Then, the distribution vectors
from the training set were split into subsets representing each class. Next, the averaged
distributions were computed from the subsets, and each computed average distribution rep-
resented the class from which the samples were computed. In another step, the divergence
metric was chosen to measure how different the samples were from each representative
distribution. The divergence metrics chosen in this research were the cross-entropy and
mean squared error, and they are explained in detail in Sections 2.4.1 and 2.4.2. The diver-
gence metric was used to compute the divergence of each sample from the training set to
each representative distribution, and their values were stored in the respective sets. Next,
from each class divergence set, the mean and standard deviation were computed. Then,
the statistical model training was finished and ready for performing test evaluation.

During the evaluation, the samples from the test set were subjected to divergence
computation for the averaged distributions representing each class. The similarities to each
distribution were normalized by subtracting the corresponding mean and dividing by the
standard deviation. The normalized similarities of each sample to each distribution were
compared. The sample was associated with the class whose representative distribution
had the smallest normalized divergence. The evaluation of classification quality measures
the amount of information contained in the value distribution. The process is graphically
presented in Figure 7 and described in detail in the pseudo-code in Section 2.4.3.

2.4.1. Cross-Entropy

Cross-entropy is a technique from information theory for computing the divergence
between two probability distributions. Equation (7) describes the process of metric calcula-
tion. The value density distribution can be interpreted as the probability that an individual
pixel has a certain value. Such an interpretation allows the usage of cross-entropy in value
density distribution classification:

P

H(P,Q) = —)_ Pilog Q;, [P| = |Q] @)
i=0
where P and Q are the density distributions subjected to the comparison.

2.4.2. Mean Sqaured Error

The mean squared error (MSE) is a commonly used technique for comparing two
vectors. It is described by Equation (8). Due to powering the differences, the MSE is prone
to disregarding multiple closely matched dimensions of two vectors in favor of penalizing
a few outlying ones. This feature is useful in vector comparison because it forces the
algorithms to even out their match functions instead of attuning easily matchable parts of
the vector and disregarding the difficult ones:

P

MSE(P,Q) = Y _(Pi— Q)% |P| = |Q| (8)

i=0
where P and Q are the vectors subjected to the comparison.

2.4.3. Algorithm

The graphical representation of the experiment process is depicted in Figure 7. The
pseudo-code describing this process in detail is presented below Algorithm 1:
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Algorithm 1: The mathematical formulation of experimental procedure examin-
ing distribution difference measurements.

1.  Input the set of samples X;

2. Input the set of sample labels Y;

3. Input divergence function f;

4.  Randomly shuffle the set of indices I = {i|li e N* ni e (0;|X|+1)};
5. s=[3X]);

6. Livain = I[: S};

7. Itgst = I[S I],‘

8. Xtrain = {Xi‘i € Itmin}}

9. Yirain = {Yi‘i € Itrain};

10, Xiest = {Xz|Z S Itest}/'

11, Yiest = {Yili € Ltest };

12. Xo = [{Xtrain [l] ‘i € (0, |Xtrain| + 1) N Ytrazn [l] }]

13. Xy = [{Xtmin [Z] ‘l € (0, |Xtmin| + 1) N thzn [Z] }]

14, Mo = [{x5 Zjex, Xoli.illi € N* i € [Xo[0]}];

15 My = [{g Sjex, Xali,illi € N* ni € [X1[0][}];

16. Do = {fn<Xtmin{i]/M0)|i ENTNie (0; |Xtmin| + 1}}

17. Dy = {fn<Xtmin [Z],M1)|Z eNTNic (0, |Xtmin| + 1},

18.  my, sg, my,s1 = mean(Dy),std(Dy), mean(D1),std(D1);

19. Dto = {E(fn(Xiest|il, Mo) — mo)|i € N* Ni € (0, |Xsest| +1)};
20. Dt = {s (fn(XtestH Ml) TYZ1)|iEN+ﬂiE ( |Xtest|+1)};
21. P = [{D#][i] < Dili]li € Nt ni € (0;|Dto| +1)}];

22. Compare the prediction vector P with the label vector Y.

2.5. Shannon Entropy

The Shannon entropy is a mathematical tool from the field of information theory
that allows measuring the amount of uncertainty the probability distribution contains.
The more evenly spaced the probability among the distribution states, the higher the
value of the Shannon entropy. The computation of the Shannon entropy is performed
using Equation (9):

P|
H(P)=—) PilogP; )
i=0
where P is the vectorized density distribution subjected to the Shannon entropy computation.

In this research, the Shannon entropy was used to quantify the uncertainty associated
with each channel’s value distribution and evaluate whether there was a significant differ-
ence between the Shannon entropy of the samples from the healthy class and the entropy of
the sick class of samples. The significance of the difference in entropy measurements was
established by using the Shannon entropy as a single-value determinant in the classification
of whether a patient was healthy or sick. The classification was performed by fitting the
logistic regression model on randomly split training data and evaluating it on the test data.

2.6. Machine Learning Algorithms

The last experiment aimed to apply machine learning algorithms directly to the
channel’s value distribution to attempt to perform the classification. The algorithms
used for this task were XGBoost and logistic regression. The former is one of the most
robust, state-of-the-art machine learning algorithms capable of extracting complex, multi-
dimensional patterns. The latter is one of the simplest classification algorithms, providing
a basis for comparison.
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Figure 7. A graphical representation of the classification process involving images’ color distribution
comparison, using cross-entropy and mean squared error (MSE) as divergence metrics.

2.7. Metrics

The metrics used for classification quality measurement were accuracy, precision, recall ,
and F; score. The metrics are described by Equations (10)—(13). The following abbreviations
are used to simplify these equations:

. TP = true positive;
¢ TN = true negative;
e  FP =false positive;
e  FN =false negative.

Accuracy = Tp— gj I ;rg TFN (10)
Precision = %_fpp (11)
Recall = TPY:!—% (12)

R= orpy INT TP (13)

The accuracy is a global evaluation metric, and it assesses the model compared to
all the data. On the other hand, the precision, recall, and F; score are local metrics that
evaluate performance regarding the classification of one class vs. all of them.
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3. Results

The results of the experiments described in Sections 2.4-2.6 are presented in Tables 2-8.
Each experiment was repeated 30 times with randomly selected training and test sets. The
tables present the averaged metric values from 30 trials. Section 3.1 presents the values
acquired from running experiments on images with and without obfuscation without
adding data augmentation. Section 3.3 examines the influence of data augmentation. The
experiments were run on the images with and without obfuscation, and data augmentation
was applied. The results were presented for the channel, and the experimental results
presented in Section 3.1 contained the most information.

3.1. Background Information Measurement

This subsection presents the information measurements in the image’s background in
the form of the classification quality and compares it against the information in the whole
image. Table 2 contains an evaluation of the distribution difference measurement described
in Section 2.4. Table 3 presents the results from evaluating the Shannon entropy of the value
distribution as a sole healthy or sick determinant. The experiment procedure is described in
Section 2.5. Table 4 contains information on the machine learning algorithm’s performance
for the value distribution.

Each table contains the column “Lymphocytes Obfuscated”. The rows with the value
“True” in this column contain results from experiments with parts of the image repre-
senting lymphocytes covered by a black rectangle. As a result, these rows depict the
informativeness of the image background. The ones with “False” in the first column con-
tain results from experiments that used whole images and provide the informativeness
measurements of all images. These serve as a basis of comparison for the experiments with
obfuscated lymphocytes.

Each table contains the column “Channel” as well. This column presents the infor-
mation regarding channel selection for the experiment. Each experiment evaluated the
informativeness of only one channel at a time to establish whether the background in any
channel contained unwanted information.

Table 2. The classification results by the images’ color distribution comparison to the averaged
distributions representing their respective classes. The cross-entropy and mean squared error (MSE)
metrics were applied. The images were unmodified and had their lymphocytes covered (first column).
No image augmentation was applied in this experiment.

Cross Cross
ng}ﬁgg:ggs Channel En tIS)mSSAcc Entropy F Entropy F MSE Acc. (}l\lli i]lstlfl) %ﬁfkfl
PY A€ (Healthy) (Sick) y
False B 0.50 0.56 0.41 0.68 0.68 0.68
True B 0.55 0.59 0.49 0.69 0.68 0.70
False G 0.81 0.81 0.81 0.62 0.63 0.61
True G 0.47 0.53 0.38 0.60 0.62 0.58
False R 0.53 0.51 0.54 0.46 0.49 0.43
True R 0.37 0.49 0.18 0.45 0.48 0.42
False Hue 0.85 0.86 0.83 0.77 0.79 0.73
True Hue 0.83 0.85 0.81 0.82 0.84 0.80
False Saturation 0.79 0.80 0.77 0.79 0.83 0.72
True Saturation 0.73 0.72 0.74 0.79 0.83 0.73
False Value 0.45 0.51 0.36 0.50 0.51 0.48
True Value 0.38 0.45 0.28 0.52 0.53 0.49




Entropy 2022, 24, 1560

13 of 19

Table 3. The classification results by the images’ color distributions” Shannon entropy measure-
ments. The images were unmodified and had their lymphocytes covered (first column). No image
augmentation was applied in this experiment.

Avg. Shannon Std. Shannon Avg. Shannon  Std. Shannon

L();ll:flil l:c):fetgs Channel Entropy Entropy Entropy Entropy Acc (HeFall thy) ( Sfclk)
(Healthy) (Healthy) (Sick) (Sick) y
False B 0.43 0.01 0.45 0.02 0.51 0.31 0.51
True B 0.43 0.02 0.44 0.02 0.51 0.30 0.51
False G 0.48 0.02 0.50 0.02 0.55 0.37 0.55
True G 0.43 0.03 0.46 0.03 0.54 0.39 0.54
False R 0.44 0.02 0.47 0.02 0.54 0.38 0.54
True R 0.39 0.03 0.42 0.04 0.54 0.39 0.54
False Hue 0.63 0.03 0.71 0.07 0.68 0.70 0.65
True Hue 0.57 0.03 0.69 0.10 0.81 0.84 0.78
False Saturation 0.49 0.03 0.51 0.02 0.55 0.38 0.55
True Saturation 0.44 0.03 0.47 0.04 0.51 0.36 0.51
False Value 0.43 0.02 0.44 0.02 0.51 0.30 0.51
True Value 0.39 0.03 0.41 0.03 0.52 0.34 0.53
Table 4. The classification results by images’ color distribution interpretation by machine learning
algorithms. The XGBoost and logistic regression models were used in this experiment. The images
were unmodified and had their lymphocytes covered (first column). No image augmentation was
applied in this experiment.
Logistic Logistic Logistic
Lg’)‘};‘fl; };::);Zlet:ls Channel XGBoost Acc )ig]::ﬁ;t 1):1 XG(];?COkS)t h Regression Regression Regression
y Acc. F, (Healthy) Fy (Sick)
False B 0.83 0.83 0.83 0.53 0.32 0.53
True B 0.82 0.82 0.82 0.55 0.37 0.55
False G 0.96 0.96 0.96 0.50 0.28 0.51
True G 0.86 0.87 0.85 0.50 0.28 0.51
False R 0.87 0.87 0.86 0.47 0.23 0.49
True R 0.80 0.80 0.79 0.48 0.28 0.49
False Hue 0.94 0.95 0.94 0.57 0.41 0.57
True Hue 0.93 0.94 0.93 0.60 0.46 0.59
False Saturation 0.94 0.94 0.94 0.54 0.32 0.54
True Saturation 0.88 0.89 0.88 0.55 0.36 0.55
False Value 0.84 0.84 0.84 0.48 0.25 0.49
True Value 0.80 0.81 0.80 0.50 0.30 0.50

Figure 8 represents the averaged value distribution obtained from each channel for
each of four states: images of healthy patients without lymphocytes obfuscated, images of
healthy patients with lymphocytes obfuscated, images of sick patients without lymphocytes
obfuscated, and images of sick patients with lymphocytes obfuscated. These four states are
represented in their respective columns. The rows of the chart grid represent each of the six
channels: red, green, blue, hue, saturation, and value.

3.2. Comparison with the Literature

A comparison of the most promising models obtained in this research with other
works is presented in Table 5. The results were compared against the outcomes of our
previous work and work of Rodrigues et al. [33,35], which according to our literature
review obtained the best results on the ALL-IDB2 dataset.
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Figure 8. Presentation of averaged distributions of each channel’s values for each combination
of images. The columns represent distributions taken from images of healthy patients without
lymphocytes covered, images of healthy patients with lymphocytes covered, images of sick patients
without lymphocytes covered, and images of sick patients with lymphocytes covered. Each row
represents one channel. The presented channels are red (R), green (G), blue (B), hue (H), saturation
(S), and value (V).

Table 5. Comparison of the best models with and without lymphocytes obfuscated against other
works. Shortcut “dist” stands for “distribution”.

Article Input Data  Input Size  Obfuscation Parameters  Accuracy Precision Recall B
This work  Green dist. 51 False 64K 0.960 0.960 0.960 0.959
This work Hue dist. 36 True 6.4K 0.935 0.935 0.935 0.934

[35] RGB image 150 K False 34M 0.948 0.950 0.951 0.948
[33] RGB image 150 K False 25M 0.985 0.986 0.985 0.984

3.3. Influence of Data Augmentation

Tables 2—4 prove that the channel containing the most informative image background
was the hue channel, with the classification accuracy obtained from merely a background
hue value distribution ranging from 82% to 93%. As a result, this channel was subjected
to further investigation to determine the data augmentation application’s influence on
obfuscated and unmodified images.
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Table 6 contains the results of applying Gaussian blur with kernel sizes of 3, 9, 21, and
51. Table 7 presents the results of median blur application with kernel sizes of 3, 9, 21, and
51. Table 8 presents influence of Gaussian noise application on the images with variances
of 0.0001, 0.01, and 0.1. The experiments were conducted with and without lymphocyte
obfuscation. Each experiment was repeated 30 times, and its values were averaged.

Table 6. Results of Gaussian blur application on the quality of classification.

Lymphocytes Obfuscated

Kernel XGBoost Acc. Logistic Regression Acc.  Cross-Entropy Acck  MSE Acc.  Shannon Acc.

False
False
False
False
False
True
True
True
True
True

51 0.93 0.60 0.79 0.74 0.64
21 0.93 0.58 0.79 0.77 0.69
0 0.94 0.57 0.85 0.77 0.68
9 0.95 0.58 0.83 0.78 0.69
3 0.95 0.57 0.83 0.77 0.69
51 0.91 0.65 0.82 0.83 0.79
21 0.93 0.63 0.78 0.82 0.82
9 0.93 0.62 0.83 0.81 0.82
3 0.93 0.61 0.82 0.82 0.81
0 0.93 0.60 0.83 0.82 0.81

Table 7. Results of median blur application on the quality of classification.

Lymphocytes Obfuscated

Kernel XGBoost Acc. Logistic Regression Acc.  Cross-Entropy Acc.k MSE Acc.  Shannon Acc.

False
False
False
False
False
True
True
True
True
True

51 0.94 0.59 0.73 0.77 0.67
0 0.94 0.57 0.85 0.77 0.68
9 0.95 0.58 0.81 0.79 0.69
21 0.95 0.59 0.81 0.79 0.69
3 0.95 0.57 0.83 0.77 0.69
51 091 0.63 0.72 0.80 0.80
3 0.93 0.61 0.82 0.82 0.81
9 0.93 0.63 0.81 0.81 0.82
0 0.93 0.60 0.83 0.82 0.81
21 0.94 0.65 0.78 0.81 0.81

Table 8. Results of multiplicative Gaussian noise application on the quality of classification.

Lymphocytes Obfuscated

Kernel XGBoost Acc. Logistic Regression Acc.  Cross-Entropy Acck MSE Acc.  Shannon Acc.

False
False
False
False
True
True
True
True

0 0.94 0.57 0.84 0.76 0.68
0.0001 0.95 0.57 0.84 0.76 0.68
0.01 0.95 0.56 0.84 0.76 0.68
0.1 0.95 0.56 0.82 0.76 0.68
0.01 0.93 0.59 0.82 0.82 0.80
0.0001 0.93 0.60 0.83 0.82 0.81
0 0.93 0.60 0.82 0.82 0.81
0.1 0.95 0.59 0.82 0.82 0.81

4. Discussion

The experimental results presented in Tables 2—4 determined that the hue channel
contained the highest amount of image background information. All methods (except for
logistic regression) achieved averaged test accuracies above 80%, with the XGBoost model
having 93% accuracy. Such scores were obtained merely for the hue distribution of the
image background, with the informativeness unconfirmed by academic knowledge.

The methods for background information measurement described in Sections 2.4-2.6
proved to be efficient in determining whether the background contained classification-
sensitive information. These methods can be used as training dataset evaluation techniques.
Suppose that a supposedly neutral classification-wise background contains the required
information. In this case, artificial intelligence models such as deep convolutional neural
networks may learn to recognize some unwanted, dataset-related temporal pattern in the
background instead of true generalization to real-world scenarios. This method can help in
the evaluation of datasets containing high-quality data.

The logistic regression model trained on raw distributions achieved the worst accu-
racy, and the XGBoost model achieved the best accuracy. This suggests that, although the
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information contained in the distribution of the values is substantial, it is not yet obvi-
ous. Such background information may not be caught during exploratory data analysis
and interfere with machine learning algorithms’ training quality. For these reasons, the
background informativeness evaluation may prove beneficial in fool-proofing artificial
intelligence systems.

Data augmentation techniques reduced the background informativeness extracted
by the application of cross-entropy. It had little effect on the Shannon entropy-based
classification and did not affect the XGBoost or MSE classification quality. This suggests
that information in the background of ALL-IDB images may be more complex than just
random class-specific noise. The authors plan to investigate this phenomenon further.

The research indicates that information is contained in the hue distribution of ALL-
IDB image backgrounds. The XGBoost model achieved 93% accuracy on merely the hue
distribution in the background. Such high classification quality has been achieved by just
studying the background, which is supposed to be classification-neutral. According to
our literature review, the primary indication of acute lymphoblastic leukemia is an exam-
ination of the lymphocytes. Academics do not unanimously recognize the lymphocytes’
surroundings’ informativeness. However, this research proves that this is not the case in
this dataset. It is possible that the suspected “classification-neutral background” contains
information allowing for healthy and sick discrimination. The authors plan to investigate
this phenomenon further.

In our previous work [35], the best combination of artificial neural networks for raw
image encoding, classification heads, and image augmentation resulted in an average
classification quality of 94.8%. The neural network used for this task was MobileNet v2, the
state-of-the-art neural network for numerous image-processing tasks containing 3.4 million
parameters. In this work, the XGBoost algorithm alone, which interpreted the green color
value distribution, achieved a classification accuracy of 96.0%. A similar result was obtained
by the XGBoost algorithm interpreting the hue distributions of images with lymphocytes
obfuscated, achieving a classification quality of 93.0%. Much simpler machine learning
models operating on limited data obtained results comparable to the state-of-the-art deep
learning method. This suggests that the neural networks experienced overfitting during
training despite the application of data augmentation techniques. This also suggests that
the task of leukemia classification may be performed using much more straightforward and
cost-effective methods that also benefit from human interpretability. The authors plan to
investigate this phenomenon further. According to our literature review, at the moment of
writing this article, the best result was obtained by Rodrigues et al. [33], with an accuracy
of 98.5%. This result is 2.5% percentage points higher than our best model. However, we
obtained our results using around 3000 times fewer input data and almost 4000 times fewer
parameters. As a result, our best model obtained comparable results, requiring much less
computational power while remaining interpretable by humans.

The results indicate that hue distribution of a lymphocyte’s surroundings contains
information supporting leukemia classification. However, a distribution is, by definition,
an aggregation of the information stripped from temporal patterns akin to hidden Markov
chains. It is possible that more detailed information interpretable by humans can be
found during image examination in the hue channel. The authors plan to investigate this
claim further.

5. Conclusions

The proposed background informativeness measurement proved its efficiency in
dataset quality evaluation. This method based on the Shannon entropy, cross-entropy, and
machine learning algorithms provides a comprehensive estimation of value distribution
patterns in the background that may cause artificial intelligence models to overfit them
instead of finding generalized solutions applicable to real-world problems.

The conducted research on background informativeness on the ALL-IDB dataset found
a substantial amount of information in the hue distribution of the image background. The
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hue distributions of healthy people and patients who had acute lymphoblastic leukemia
differed vastly from each other and by their Shannon entropy measurements. In this
research, the lymphocytes were obfuscated with a black rectangle, so this information was
contained within the supposedly classification-neutral background. The authors plan to
investigate this phenomenon further.

The highest quality of classification was achieved while examining the green channel
distribution using the XGBoost model. On average, it achieved 96.0% accuracy. This is a
result comparable with deep neural networks while requiring much less computational
power and providing a more human-interpretable decision process.

The background hue distribution differences between the images of healthy and sick
patients require further investigation. It is unknown whether the differentiable factor is
spread uniformly over the whole picture or is concentrated around semantically separable
entities. Medical professionals must examine the nature of these changes to understand the
features’ origins and extrapolate the applicability of this knowledge. The authors plan to
investigate this phenomenon further.
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Abstract: The analysis and processing of ECG signals are a key approach in the diagnosis of cardio-
vascular diseases. The main field of work in this area is classification, which is increasingly supported
by machine learning-based algorithms. In this work, a deep neural network was developed for the
automatic classification of primary ECG signals. The research was carried out on the data contained
in a PTB-XL database. Three neural network architectures were proposed: the first based on the
convolutional network, the second on SincNet, and the third on the convolutional network, but
with additional entropy-based features. The dataset was divided into training, validation, and test
sets in proportions of 70%, 15%, and 15%, respectively. The studies were conducted for 2, 5, and
20 classes of disease entities. The convolutional network with entropy features obtained the best
classification result. The convolutional network without entropy-based features obtained a slightly
less successful result, but had the highest computational efficiency, due to the significantly lower
number of neurons.

Keywords: ECG signal; classification; PTB-XL; deep learning

1. Introduction

According to publicly available reports, cardiovascular disease remains the leading
cause of mortality worldwide [1]. One of the main causes of cardiovascular diseases
is cardiac arrhythmia, in which the heartbeat deviates from typical beating patterns [2].
However, there are many types of irregular heartbeat. Accurate classification of heart
disease types can aid in diagnosis and treatment [3].

An electrocardiogram (ECG) is a widely used, reliable, noninvasive approach to
diagnosing cardiovascular disease. The standard ECG consists of 12 leads [4]. Traditionally,
ECG results are manually interpreted by cardiologists based on a set of diagnosis criteria
and experience. However, manual interpretation is time consuming and requires skill.
Incorrectly interpreted ECG results may give rise to incorrect clinical decisions and lead to
a threat to human life and health. With the rapid development of ECG and, at the same
time, an insufficient number of cardiologists, the accurate and automatic diagnosis of ECG
signals has become an interesting research topic for many scientists.

Over the past decade, numerous attempts have been made to identify a 12-lead
clinical ECG, largely on the basis of the availability of large, public, open-source ECG data
collections. Previous literature on ECG databases has shown a methodological division:
signal processing and machine learning [5,6]. On the one hand, digital signal processing
methods mainly include low- or high-pass filters, fast Fourier transform, and wavelet
transform [7]. In this area, many algorithms are based on three processes: feature extraction,
feature selection, and classification [8]. On the other hand, an alternative method is the
application of machine learning methods. Such an application would primarily focus on
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the automatic recognition of patterns that classify various disease entities, a method that is
gaining greater importance in medical practice.

Algorithms known as deep neural networks have become particularly important
in the last five years. Deep learning models have proven to be useful in increasing the
effectiveness of diagnoses of cardiovascular diseases using ECG signals. By using the
cascade of heterogeneous layers of neural networks to gradually extract increasingly high-
level features, they lead to ever-improving neural networks built on their basis. Deep
neural networks are reaching their zenith in various areas where artificial intelligence
algorithms are applied.

In recent years, machine learning models have given rise to huge innovations in
many areas, including image processing, natural language processing, computer games,
and medical applications [9]. To date, however, the lack of adequate databases, well-
defined assessment procedures, and unambiguous labels identifying signals has limited
the possibilities for creating an automatic interpretation algorithm for the ECG signal.
Known databases provided by PhysioNet, such as the MIT-BIH Arrhythmia Database and
the PTB Diagnostic ECG Database, were deemed insufficient [10,11]. Data from single,
small, or relatively homogeneous datasets, further limited by a small number of patients
and rhythm episodes, prevented the creation of algorithms in machine learning models.

The work of the PhysioNet/Computing in Cardiology Challenge 2020 project to de-
velop an automated ECG classifier provided an opportunity to address this problem by
adding data from a wide variety of sources. Among these, there are numerous works,
including the development of a comprehensive deep neural network model for the clas-
sification of up to 27 clinical diagnoses from the electrocardiogram. The authors of one
of these achieved results, using the ResNet model, at the level of AUC = 0.967 and ACC
= 0.43 in their study [12]. A similar approach was proposed [13], using the SE_ResNet
model to improve the efficiency of the classification of various ECG abnormalities. Others,
focusing on the comparative analysis of the recently published PTB-XL dataset, assessed
the possibility of using convolutional neural networks, in particular those based on the
ResNet and Inception architectures [14]. A different approach in the classification of cardio-
vascular diseases was demonstrated by the authors of a work [15] related to the detection
of QRS complexes and T & P waves, together with the detection of their boundaries. The
ECG classification algorithm was based on 19 classes. Features were extracted from the
averaged QRS and from the intervals between the detected points.

The 12-lead ECG deep learning model found its reference mainly to ECG diagnosis
in the automatic classification of cardiac arrhythmias. A deep learning model trained on
a large ECG dataset was used with a deep neural network [16] based on 1D CNN for
automatic multilabel arrhythmia classification with a score of ACC = 0.94 — 0.97. The
authors of this study also conducted experiments on single-lead ECG with an analysis of
the operation of every single lead. The subject of arrhythmia classification is also of interest
to other authors [17], where, with the use of long-short term memory (LSTM), a model
with an LSTM score of 0.6 was proposed. The choice of ECG for arrhythmia detection
was undertaken by the authors of the paper [18], where they designed a computer-aided
diagnosis system for the automatic diagnosis of four types of serious arrhythmias. In this
approach, the ECG was analyzed using thirteen nonlinear features, known as entropy. The
features extracted in this way were classified using ANOVA and subjected to automated
classification using the K-nearest neighbor and decision tree classifiers. The obtained results
were for KNN — ACC =93.3% and DT — ACC = 96.3%. Various deep learning models for
the examination of the ECG signal have also been proposed for atrial fibrillation, obtaining
the result of ACC = 0.992 [19]. It is worth noting that the presented model successfully
detected atrial fibrillation, and the tests were carried out with the use of various ECG
signals. Attempts to investigate cardiac arrhythmias and cardiovascular diseases were also
carried out in a new convolutional neural network [9] with a nonlocal convolutional block
attention module (NCBAM), which focused on representative features along space, time,
and channels. For the classification problem of ECG arrhythmia detection, the authors
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obtained AUC = 0.93. The approach to convolutional neural networks, the possibilities
and usability of tools, and the analysis of biomedical signals were also proposed by the
authors of other papers [20]. The research included the implementation of a multilabel
classification algorithm with the use of machine learning methods based on a CNN. The
work described the details of the algorithm necessary for reconstruction and presented
limitations and suggestions for improvement. A different approach to the ECG signal was
presented by the authors of [21], where the focus was instead placed on processing the ECG
signal, data sampling, feature extraction, and classification. They used a deep learning
class model with gated recursive complex (GRU) and extreme learning machine (ELM) to
recognize the ECG signal.

The aim of the study was to check the effectiveness of multiclass classification of ECG
signals with the use of various neural network architectures. An additional aim was to
test the effectiveness of very light nets for classification. A novelty in the article is the
combination of a neural network with entropy-based features.

2. Materials and Methods
2.1. PTB-XL Dataset

In this article, data from the PTB-XL ECG database were used [11]. The PTB-XL
database is a clinical ECG dataset of unprecedented size, with changes applied to evaluate
machine learning algorithms. The PTB-XL ECG dataset contains 21,837 clinical 12-lead
ECGs from 18,885 patients of 10 s in length, sampled at 500 Hz and 100 Hz with 16 bit
resolution. Figure 1 shows examples of rhythms, consistent with the data contained in
Table 1, which were used in the work. Among them there are examples of the following
ECG signals: NORM—normal ECG, CD—myocardial infarction, STTC—ST/T change,
MI—conduction disturbance, HYP—hypertrophy.

Table 1. The numbers of individual classes.

Number of Records Class Description
7185 NORM Normal ECG
3232 CD Myocardial Infarction
3064 STTC ST/T Change
2936 MI Conduction Disturbance
815 HYP Hypertrophy

The PTB-XL database is gender balanced. The data included were derived from 52%
males and 48% females, ranging in age from 2 to 95 years (median 62). The data were
enriched with additional information about the patient (age, sex, height, weight). Each ECG
by the authors of the dataset was classified into one or more of 23 diagnostic subclasses in
5 diagnostic classes, or into classes that are not diagnostic classes. Each class was assigned
a probability. Classes are marked according to the standard with the codes SCP_ECG.

The research methodology included classification studies carried out in 3 categories of
binary classifications, where the classes were NORM (healthy patient) and all other classes
(sick patient), where 5 diagnostic classes were used and where 20 diagnostic subclasses
were used.

The research methodology was as follows (Figure 2): Data from the PTB-XL database
were filtered and then divided into training, validation, and test groups. These data were
then normalized and used as inputs for the neural networks that were examined. The
network performed a classification. The signal class was obtained as an output, and this
was then subjected to evaluation.
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Figure 1. Examples of rhythm ECG signals.

Figure 2. General overview diagram of the method.

During the filtering stage, a set of 21,837 ECG records from the PTB-XL database was
included in the simulation. ECGs not classified into diagnostic classes were filtered from
the dataset. Subsequently, the ECGs in which the probability of classification was less than
100% were filtered out. In the next stage, ECGs were filtered out of those subclasses whose
presence in the dataset was less than 20. A sampling frequency of 100 Hz was selected for
the study, with 10 s as the length.

The dataset was divided into training, validation, and test sets in proportions of 70%,
15%, and 15%, respectively. The training set was used to train the network; the validation
set was used to select the model; the test set was used to test the network’s effectiveness.

As a result of the above activities, a total of 17,232 ECG records were used for the
experimental analysis (Figure 3).
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Figure 3. Diagnostic classes used in the study.

A detailed summary of the size of the individual classes used in the study and resulting
from the above-described activities on the basis of PTB-XL is presented in Tables 1 and 2.
The tables show the number of individual records used in the study, assigned to the
appropriate diagnostic classes and subclasses defining cardiovascular diseases sorted by
number of records.

Table 2. Numbers of individual subclasses.

Number of Records Subclass Class Description
7185 NORM NORM Normal ECG
Non-diagnostic T abnormalities, suggests digitalis effect,
1713 STTC STTC long QT interval, ST-T changes compatible with ventricular
aneurysm, compatible with electrolyte abnormalities
Anterior myocardial infarction, anterolateral myocardial
1636 AMI MI infarction, in anteroseptal leads, in anterolateral leads, in
lateral leads
Inferior myocardial infarction, inferolateral myocardial
1272 IMI MI %nfarction, ir}feroposterollatgral my.ocar.di;.al inf.arction, .
inferoposterior myocardial infarction, in inferior leads, in
inferolateral leads
881 LAFB/LPFB CD Left anterior fascicular block, left posterior fascicular block
798 IRBBB CD Incomplete right bundle branch block
733 LVH HYP Left ventricular hypertrophy
527 CLBBB CD (Complete) left bundle branch block
478 NST_ STTC Nonspecific ST changes
429 ISCA STTC .In anterf)lateral leads, in anteroseptal leads, in lateral leads,
in anterior leads
385 CRBBB CD (Complete) right bundle branch block
326 IVCD CD Nonspecific intraventricular conduction disturbance
297 IsC_ STTC Ischemic ST-T changes
First-degree AV block, second-degree AV block,
204 -AVB b third-degree AV block
147 ISCI STTC In inferior leads, in inferolateral leads
67 WPW CD Wolff-Parkinson-White syndrome
49 LAO/LAE HYP Left atrial overload/enlargement
44 ILBBB CD Incomplete left bundle branch block
33 RAO/RAE HYP Right atrial overload /enlargement
28 LMI MI Lateral myocardial infarction
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2.2. Designed Network Architectures

This research compared three neural networks (convolutional network, SincNet, con-
volutional network with entropy features) in terms of the correct classification of the ECG
signal. The research consisted of the implementation and testing of the proposed models
of the neural networks. Cross-entropy loss as a loss function was applied to all networks.

The artificial neural networks proposed in this article were based on layers performing
one-dimensional convolutions. This is a state-of-the-art solution in signal processing using
deep learning due to its ability to extract features based on changes in consecutive samples,
while simultaneously being faster and easier to train than recurrent layers such as LSTMs.
The convolutional networks described in this article also contain residual connections
between convolutional layers as described in [22]. These shortcut connections eliminate
the so-called vanishing gradient problem and increase the capacity of models for better
representation learning.

The networks were trained using the Adam optimizer as described in [23]. The
optimizer trained the neural network using mini-batches of 128 examples in one pass.
The learning rate was set at 0.001 at the beginning of the training and was later adjusted
to 0.0001 to perform final corrections before ending the training. To prevent overfitting,
early stopping was employed as described in [24]. The training of the neural network
was stopped as soon as the network was unable to obtain better results on the validation
dataset. This was to prevent overfitting. Following testing, the neural network was trained
on the test dataset.

The tests were carried out using hardware configurations on a dual-Intel Xeon Silver
4210R, 192 GB RAM, and Nvidia Tesla A100 GPU. In this research, PyTorch and Jupyter
Lab programming solutions were used for the implementation of the neural networks.

2.2.1. Convolutional Network

The first network examined is presented in Figure 4. It consists of five layers of one-
dimensional convolutions with LeakyReLU activation functions and one fully connected
layer with a softmax activation function. The network accepts ECG signals consisting of 12
channels containing 1000 samples each as inputs and outputs a class distribution vector
normalized by application of the softmax function. The network determines the class to
which an input signal belongs by determining the index of the vector maximum value. The
class represented by this index is considered as a class of the input signal.

LeakyReLU was used instead of basic ReLU to preserve gradient loss in neurons
outputting negative values. The coefficient describing a negative slope was set to 0.01; thus,
the activation function can be described by the equation below:

fa) = {0.0Ix for x < 0 O

X forx >0

This configuration was used in every network proposed in this article.

This architecture was tested on both the normalized signal taken from the dataset
without any other transformations and a spectrogram, and the results obtained from
the former were better than from the latter. The network computing the spectrogram
interpreted each spectrogram as a multichannel one-dimensional signal. Each of the twelve
signals’ spectrograms was processed by five one-dimensional convolutional blocks with
the LeakyReLU activation function. The results of the convolutions where aggregated by
performing adaptive average pooling. Afterwards, the results of pooling were flattened to
the format of a one-dimensional vector and processed by a fully connected layer with a
softmax activation function, and the output was used as a vector describing the probability
distribution of the input signals belonging to each of the defined classes.

This is a simplified architecture designed to achieve both better computation time
and memory storage efficiency. This network design has only 6 layers and, depending on
the number of classes in classification, has just 8882 weights for binary classification and
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11,957 weights for detecting 5 different classes of signal. The last segment of the network is
a fully connected layer, which has a number of neurons equal to the quantity of possible
classes to which the signal may belong. As a result, the more granular the classification
process is, the more neurons are required, which increases the number of total weights in
the network. The addition of residual connections did not increase the performance of the
network significantly, but enlarged the quantity of parameters and computational steps
required to process the signal.

Figure 4. Convolutional network architecture. A twelve-channel ECG signal is passed through five
subsequent one-dimensional convolutional layers with the LeakyReLU activation function. The
results of the computation are flattened to the format of a one-dimensional vector. The results of
the calculation are processed by a fully connected layer with a softmax activation function. The
output value is a one-dimensional vector describing the probability distribution of the input signal
belonging to each of the defined classes.

2.2.2. SincNet

The second examined network uses the SincNet layers described in [25]. SincNet
layers are designed for the extraction of low-level features from a raw signal’s data samples.
SincNet layers train “wavelets” for feature extraction by performing convolution on the
input signal:

yln] = x[n] - g[n, 0] 2
where 7 is the index of the probe and 6 are the parameters of the wavelets determined
during training. The wavelet function g is described with the equation:

glin, fu, fal = 2fasinc(2mfon) — 2fsinc(2fin) ©)

where sinc function is defined as:

sin(x)
X

sinc(x) =

(4)
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f1 and f; are the cutoff frequencies determined by the SincNet layer during the training
phase and form a set of trainable parameters 6:

0 ={(fi1, fip)lieCtNi<I} )

where [ is the number of wavelets in the SincNet layer.

The pair of filters (f,f>) are initialized using the frequencies used for calculation of
Mel-frequency cepstral coefficients [26].

SincNet layers are designed to interpret only the signal’s singular channel at once, so
the second network’s architecture consists of a subnetwork using a SincNet layer, which
encodes each signal’s channel separately. The features extracted by the subnetwork are
concatenated into one feature vector, which is fed to a block of fully connected layers.
The softmax layer serves the role of the output classification layer, while the SincNet
subnetwork consists of the SincNet layer adjusting the wavelets to the raw signal, two
convolutional layers with LeakyReLU activation functions and layer normalizations, and
three fully connected layers with batch normalization and LeakyReLU activation functions
(Figure 5).

Figure 5. SincNet-based network architecture. Each channel of the 12-channel ECG signal is pro-
cessed by a dedicated SincNet block. The results of each block are concatenated, flattened to the
format of a one-dimensional vector, and used as an input for two subsequent fully connected
layers, with LeakyReLU and softmax activation functions, respectively. The output value is a one-
dimensional vector describing the probability distribution of the input signal belonging to each of
the defined classes.

2.2.3. Convolutional Network with Entropy Features

The third network examined is presented in Figure 6. This network is an extended
variant of the convolutional network. The network processes the ECG signal, and the
values of the entropies are calculated for every channel of the signal. These entropies are:

¢ Shannon entropy—the summation of the informativeness of every possible state in the
signal by measuring its probability. As a result, Shannon entropy is the measurement
of the spread of the data [27];

*  Approximate entropy—the measurement of series regularity. It provides information
on how much the ECG fluctuates and its predictability [28];

e  Sample entropy—an improvement on approximate entropy due to the lack of the
signal length’s impact on the entropy computations [28];

¢  Permutation entropy—the measurement of the order relations between ECG samples.
This quantifies how regular and deterministic the signal is [29];
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e  Spectral entropy—the quantification of the energy spread uniformness across the
frequency spectrum [30];

¢ SVD entropy—the measurement of how possible the dimensionality reduction of time
series matrix is through factorization using the eigenvector approach;

e  Rényi entropy—the generalization of the Shannon entropy by introducing the fractal
order of the subsequent informativeness of each signal’s state [31];

¢  Tsallis entropy—the generalization of the Boltzmann—Gibbs entropy, able to detect
long-term memory effects on the signal [32];

¢  Extropy—the measurement of the amount of uncertainty represented by the distribu-
tion of the values in the observed ECG signal [33].

Granelo-Belinchon et al., in their article [34], stated that the tools of information theory
can be straightforwardly applied to any nonstationary time process when considering small
chunks of data spanning a short enough time range, allowing a slow evolution of higher-
order moments to be neglected. The augmented Dickey—Fuller test has been conducted
on ten-second-long training chunks of signals to determine the momentary stationarity of
ECG signals. It turned out that 89.5% of tested signals were deemed stationarity in this
small period of time, allowing the use of entropy methods for their interpretation.

Figure 6. Convolutional network with the entropy features’ block architecture. The computational
graph of the network is made up of two branches. In the first branch, a twelve-channel ECG signal is
passed through five subsequent one-dimensional convolutional layers with the LeakyReLU activation
function. In the second branch, the input signal is used to compute the vector of entropies for every
channel of the signal. The results of the computations from both branches are concatenated and
flattened to the format of a one-dimensional vector. The results of the calculation are processed by a
fully connected layer with softmax activation function. The output value is a one-dimensional vector
describing the probability distribution of the input signal belonging to each of the defined classes.

The artificial neural network consists of two blocks: convolutional and fully connected.
In the first step, a raw ECG signal is encoded by a convolutional block formed by five
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one-dimensional convolutional layers with the LeakyReLU activation function. Each layer
has a stride parameter equal to 2 to reduce the number of samples representing the time
vector. Each layer also has a residual connection with the original, raw signal. Because of
the signal’s sample reduction due to the applied stride parameter, the ECG signal for each
step of the residual connection is shrunk by average pooling with a window size of 2.

The encoded raw ECG signal is concatenated with the values of the entropies of every
channel. Such a feature vector is fed to three fully connected layers with LeakyReLU
activation functions in the first two and a softmax function in the last layer. The result of
the softmax function is the output vector of the network and is used in order to classify
the signal. For regularization purposes, there was a dropout with a chance of zeroing
the input equal to 20% applied before each layer. The dropout was turned off during the
network’s evaluation.

2.3. Metrics

The neural networks were evaluated using the metrics described below. For the
purpose of the simplicity of the equations, certain acronyms were created, as follows:
TP—true positive, TN—true negative, FP—false positive, FN—false negative. The metrics
used for the network evaluation are:

e Accuracy: Acc = (TP + TN)/(TP + FP + TN + FN);

e  Precision = TP/(TP + FP);

e  Recall =TP/(TP + EN);

e F1=2*precision * recall/(precision + recall);

e AUC—area under the curve, ROC—area under the receiver operating characteristic
curve. The ROC is a curve determined by calculating TEP = true positive rate = TP /(TP
+ FN) and FPR = false positive rate = FP /(TN + FP). The false positive rate describes
the x-axis and the true positive rate the y-axis of a coordinate system. By changing the
threshold value responsible for the classification of an example as belonging to either
the positive or negative class, pairs of TFP-FPR are generated, resulting in the creation
of the ROC curve. The AUC is a measurement of the area below the ROC curve;

. Total Params—number of neurons in the network. The smaller this number, the better,
as less computation is required in order to perform classification.

3. Results

The results of the networks based on the convolutional network, SincNet, and the
convolutional network with entropy features are summarized in Tables 3-5. With the
recognition of two classes, the network based on the convolutional network achieved
88.2% ACC and with five classes 72.0% ACC. Similarly, the network based on SincNet
achieved 85.8% ACC with the recognition of two classes and 73.0% with the recognition
of five classes. The network based on the convolutional network with entropy features
achieved 89.82% ACC with the recognition of two classes and 76.5% with the recognition
of five classes. The network based on the convolutional network turned out to be slightly
better than that based on SincNet. The situation changed with the recognition of 20 classes,
where SincNet turned out to be slightly more effective. However, the network based on
the convolutional network with entropy features turned out to be the best in all cases. It
is worth noting that, depending on the number of recognized classes, the convolutional
network had 200-600-times less weight than the SincNet-based network, which means it
is much lighter. Adding entropy-based features to the convolutional network increases
its weight two- to seven-fold. The convolutional neural network with entropy features
achieved the highest accuracy in every classification task, scoring 89.2%, 76.5%, and 69.8%
for 2, 5, and 20 classes, respectively. The basic convolutional network achieved better
accuracy than SincNet during the classification of two classes (healthy/sick), but SincNet
performed better on the classification of five and twenty classes. As described by Ravanelli
et al. in [25], the neural network was designed to process the human voice without any



Entropy 2021, 23, 1121

11 of 20

data preprocessing and did so successfully according to the authors. However, the results

of its usage on ECG signals are far from ideal, as presented in Tables 3-5.

Table 3. The results of the convolutional network.

Number of Classes Acc Avg Precision Avg Recall Avg F1 Avg AUC Total Params
2 0.882 0.879 0.882 0.88 0.953 8882
5 0.72 0.636 0.602 0.611 0.877 11,957
20 0.589 0.259 0.228 0.238 0.856 27,332

Table 4. The results of SincNet.

Number of Classes Acc Avg Precision Avg Recall Avg F1 Avg AUC Total Params
2 0.858 0.855 0.854 0.855 0.93 6,109,922
5 0.73 0.666 0.589 0.6 0.884 6,109,922
20 0.593 0.287 0.269 0.262 0.807 6,269,204

Table 5. The results of the convolutional network with entropy features.

Number of Classes Acc Avg Precision Avg Recall Avg F1 Avg AUC Total Params
2 0.892 0.889 0.893 0.891 0.96 58,178
5 0.765 0.714 0.662 0.68 0.910 58,259
20 0.698 0.355 0.339 0.332 0.815 58,664

Figures 7-15 show the confusion matrices of the results of the evaluated networks.

Figure 7. Confusion matrix of results for 2 classes for the convolutional network.
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Figure 8. Confusion matrix of results for 2 classes for SincNet.

Figure 9. Confusion matrix of results for 2 classes for the convolutional network with
entropy features.
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Figure 10. Confusion matrix of results for 5 classes for the convolutional network.

Figure 11. Confusion matrix of results for 5 classes for SincNet.
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Figure 12. Confusion matrix of results for 5 classes for the convolutional network with
entropy features.
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Figure 13. Confusion matrix of results for 5 classes for the convolutional network.
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Figure 14. Confusion matrix of results for 5 classes for SincNet.
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Figure 15. Confusion matrix of results for 5 classes for the convolutional network with entropy features.

In all cases of the evaluated networks, the NORM class obtained the highest value,
which resulted from the large number of ECG recordings in this class.

4. Discussion

This paper presented a new model of convolutional neural networks, optimized to
limit the computational and memory complexity for ECG recognition and classification of
cardiovascular diseases. The research was carried out using a CNN network based on the
convolutional network, which is relatively light and yields good results. The advantage
of this approach is the possibility of using it on mobile and embedded devices, such as a
Raspberry Pi or smartphone graphics cards.

The application of additional entropy-based features significantly improved the results.
Such a solution also increased the weight of the network several times, however. As a
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result, in applications where a very light network is needed, a compromise between weight
and accuracy should be sought.

SincNet is a promising solution, but due to being designed to work with the human
voice, it does not cope well with ECG signals in its original format. This results from the use
of a set of initialization frequencies used in the computation of the Mel-frequency cepstral
coefficients that are adapted to the spectral characteristics of the human voice. In the future,
it would be worth considering the possibility of adapting SincNet to work with ECG.

The authors were unable to obtain better results due to the issue of overfitting on the
training dataset. It was presumed that the addition of customized features may further
boost the performance. The authors plan to investigate this claim in their next work.

Sampling determines the amount of measurements used to describe the signal. By
changing the sampling, the signal is described by either more or fewer samples, whereas
a stack of convolutional layers processes a fixed number of measurements in one context
window. As a result, through a modification of the signal sampling, the network may either
come to focus on more global features by reducing the amount of samples describing the
signal or increase its attention to the details by increasing the measurements per signal.

Interpreting signals with different samplings may prove beneficial. In this work, we
used only signals encoding 10 s of experiment on 1000 samples. It may well be the case that
a network simultaneously interpreting a signal sampled with frequencies of 500 samples
per second, 100 samples per second, and 50 samples per second will return better results.
This is because signals sampled at lower frequencies can have entire ECG waves interpreted
by one convolutional block, while signals sampled more frequently provide more detailed
series for the extraction of features encoded by a small part of an ECG wave.

The proposed network based on a convolutional network is relatively uncomplicated.
It is likely that better results could be obtained with the use of Inception models. This
model uses heterogeneous subnets to improve the result. It is comparable to the case of
wavelet transform, which may prove to be more advantageous than the use of fast Fourier
transform. According to the authors, the proposed solution could be used in small devices
for continuous monitoring of ECG signals, for example to alert about anomalies and make
an initial diagnosis or support a doctor in this.

The authors assumed that a network’s performance may be improved with a man-
ageable cost increase by expanding its architecture with Inception-style heterogeneous
subnetworks with varying kernels and poolings. The authors intend to investigate this
assumption in their future work.

The authors further assumed that the integration of SincNet layers for low-level
feature extraction in the first step of signal processing with the successful implementation
of the first network based on convolutional layers may prove a benefit. The authors intend
to investigate this assumption in their future work.

5. Conclusions

This study presented the capability of convolutional neural networks in the classi-
fication of heart diseases by the examination of ECG signals. The network proposed by
the authors is both accurate and efficient as it is lightweight, allowing it to be computed
on nonspecialized devices. The application of entropy-based features proved beneficial
due to the improvements in the accuracy of heart disease classification. Entropy-based
features are promising additions to data preprocessing that may prove beneficial in other
signal-processing-related tasks.
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the manuscript.
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Abstract: The analysis and processing of ECG signals are a key approach in the diagnosis of cardio-
vascular diseases. The main field of work in this area is classification, which is increasingly supported
by machine learning-based algorithms. In this work, a deep neural network was developed for the
automatic classification of primary ECG signals. The research was carried out on the data contained
in a PTB-XL database. Three neural network architectures were proposed: the first based on the
convolutional network, the second on SincNet, and the third on the convolutional network, but
with additional entropy-based features. The dataset was divided into training, validation, and test
sets in proportions of 70%, 15%, and 15%, respectively. The studies were conducted for 2, 5, and
20 classes of disease entities. The convolutional network with entropy features obtained the best
classification result. The convolutional network without entropy-based features obtained a slightly
less successful result, but had the highest computational efficiency, due to the significantly lower
number of neurons.

Keywords: ECG signal; classification; PTB-XL; deep learning

1. Introduction

According to publicly available reports, cardiovascular disease remains the leading
cause of mortality worldwide [1]. One of the main causes of cardiovascular diseases
is cardiac arrhythmia, in which the heartbeat deviates from typical beating patterns [2].
However, there are many types of irregular heartbeat. Accurate classification of heart
disease types can aid in diagnosis and treatment [3].

An electrocardiogram (ECG) is a widely used, reliable, noninvasive approach to
diagnosing cardiovascular disease. The standard ECG consists of 12 leads [4]. Traditionally,
ECG results are manually interpreted by cardiologists based on a set of diagnosis criteria
and experience. However, manual interpretation is time consuming and requires skill.
Incorrectly interpreted ECG results may give rise to incorrect clinical decisions and lead to
a threat to human life and health. With the rapid development of ECG and, at the same
time, an insufficient number of cardiologists, the accurate and automatic diagnosis of ECG
signals has become an interesting research topic for many scientists.

Over the past decade, numerous attempts have been made to identify a 12-lead
clinical ECG, largely on the basis of the availability of large, public, open-source ECG data
collections. Previous literature on ECG databases has shown a methodological division:
signal processing and machine learning [5,6]. On the one hand, digital signal processing
methods mainly include low- or high-pass filters, fast Fourier transform, and wavelet
transform [7]. In this area, many algorithms are based on three processes: feature extraction,
feature selection, and classification [8]. On the other hand, an alternative method is the
application of machine learning methods. Such an application would primarily focus on
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the automatic recognition of patterns that classify various disease entities, a method that is
gaining greater importance in medical practice.

Algorithms known as deep neural networks have become particularly important
in the last five years. Deep learning models have proven to be useful in increasing the
effectiveness of diagnoses of cardiovascular diseases using ECG signals. By using the
cascade of heterogeneous layers of neural networks to gradually extract increasingly high-
level features, they lead to ever-improving neural networks built on their basis. Deep
neural networks are reaching their zenith in various areas where artificial intelligence
algorithms are applied.

In recent years, machine learning models have given rise to huge innovations in
many areas, including image processing, natural language processing, computer games,
and medical applications [9]. To date, however, the lack of adequate databases, well-
defined assessment procedures, and unambiguous labels identifying signals has limited
the possibilities for creating an automatic interpretation algorithm for the ECG signal.
Known databases provided by PhysioNet, such as the MIT-BIH Arrhythmia Database and
the PTB Diagnostic ECG Database, were deemed insufficient [10,11]. Data from single,
small, or relatively homogeneous datasets, further limited by a small number of patients
and rhythm episodes, prevented the creation of algorithms in machine learning models.

The work of the PhysioNet/Computing in Cardiology Challenge 2020 project to de-
velop an automated ECG classifier provided an opportunity to address this problem by
adding data from a wide variety of sources. Among these, there are numerous works,
including the development of a comprehensive deep neural network model for the clas-
sification of up to 27 clinical diagnoses from the electrocardiogram. The authors of one
of these achieved results, using the ResNet model, at the level of AUC = 0.967 and ACC
= 0.43 in their study [12]. A similar approach was proposed [13], using the SE_ResNet
model to improve the efficiency of the classification of various ECG abnormalities. Others,
focusing on the comparative analysis of the recently published PTB-XL dataset, assessed
the possibility of using convolutional neural networks, in particular those based on the
ResNet and Inception architectures [14]. A different approach in the classification of cardio-
vascular diseases was demonstrated by the authors of a work [15] related to the detection
of QRS complexes and T & P waves, together with the detection of their boundaries. The
ECG classification algorithm was based on 19 classes. Features were extracted from the
averaged QRS and from the intervals between the detected points.

The 12-lead ECG deep learning model found its reference mainly to ECG diagnosis
in the automatic classification of cardiac arrhythmias. A deep learning model trained on
a large ECG dataset was used with a deep neural network [16] based on 1D CNN for
automatic multilabel arrhythmia classification with a score of ACC = 0.94 — 0.97. The
authors of this study also conducted experiments on single-lead ECG with an analysis of
the operation of every single lead. The subject of arrhythmia classification is also of interest
to other authors [17], where, with the use of long-short term memory (LSTM), a model
with an LSTM score of 0.6 was proposed. The choice of ECG for arrhythmia detection
was undertaken by the authors of the paper [18], where they designed a computer-aided
diagnosis system for the automatic diagnosis of four types of serious arrhythmias. In this
approach, the ECG was analyzed using thirteen nonlinear features, known as entropy. The
features extracted in this way were classified using ANOVA and subjected to automated
classification using the K-nearest neighbor and decision tree classifiers. The obtained results
were for KNN — ACC =93.3% and DT — ACC = 96.3%. Various deep learning models for
the examination of the ECG signal have also been proposed for atrial fibrillation, obtaining
the result of ACC = 0.992 [19]. It is worth noting that the presented model successfully
detected atrial fibrillation, and the tests were carried out with the use of various ECG
signals. Attempts to investigate cardiac arrhythmias and cardiovascular diseases were also
carried out in a new convolutional neural network [9] with a nonlocal convolutional block
attention module (NCBAM), which focused on representative features along space, time,
and channels. For the classification problem of ECG arrhythmia detection, the authors
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obtained AUC = 0.93. The approach to convolutional neural networks, the possibilities
and usability of tools, and the analysis of biomedical signals were also proposed by the
authors of other papers [20]. The research included the implementation of a multilabel
classification algorithm with the use of machine learning methods based on a CNN. The
work described the details of the algorithm necessary for reconstruction and presented
limitations and suggestions for improvement. A different approach to the ECG signal was
presented by the authors of [21], where the focus was instead placed on processing the ECG
signal, data sampling, feature extraction, and classification. They used a deep learning
class model with gated recursive complex (GRU) and extreme learning machine (ELM) to
recognize the ECG signal.

The aim of the study was to check the effectiveness of multiclass classification of ECG
signals with the use of various neural network architectures. An additional aim was to
test the effectiveness of very light nets for classification. A novelty in the article is the
combination of a neural network with entropy-based features.

2. Materials and Methods
2.1. PTB-XL Dataset

In this article, data from the PTB-XL ECG database were used [11]. The PTB-XL
database is a clinical ECG dataset of unprecedented size, with changes applied to evaluate
machine learning algorithms. The PTB-XL ECG dataset contains 21,837 clinical 12-lead
ECGs from 18,885 patients of 10 s in length, sampled at 500 Hz and 100 Hz with 16 bit
resolution. Figure 1 shows examples of rhythms, consistent with the data contained in
Table 1, which were used in the work. Among them there are examples of the following
ECG signals: NORM—normal ECG, CD—myocardial infarction, STTC—ST/T change,
MI—conduction disturbance, HYP—hypertrophy.

Table 1. The numbers of individual classes.

Number of Records Class Description
7185 NORM Normal ECG
3232 CD Myocardial Infarction
3064 STTC ST/T Change
2936 MI Conduction Disturbance
815 HYP Hypertrophy

The PTB-XL database is gender balanced. The data included were derived from 52%
males and 48% females, ranging in age from 2 to 95 years (median 62). The data were
enriched with additional information about the patient (age, sex, height, weight). Each ECG
by the authors of the dataset was classified into one or more of 23 diagnostic subclasses in
5 diagnostic classes, or into classes that are not diagnostic classes. Each class was assigned
a probability. Classes are marked according to the standard with the codes SCP_ECG.

The research methodology included classification studies carried out in 3 categories of
binary classifications, where the classes were NORM (healthy patient) and all other classes
(sick patient), where 5 diagnostic classes were used and where 20 diagnostic subclasses
were used.

The research methodology was as follows (Figure 2): Data from the PTB-XL database
were filtered and then divided into training, validation, and test groups. These data were
then normalized and used as inputs for the neural networks that were examined. The
network performed a classification. The signal class was obtained as an output, and this
was then subjected to evaluation.
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Figure 1. Examples of rhythm ECG signals.

Figure 2. General overview diagram of the method.

During the filtering stage, a set of 21,837 ECG records from the PTB-XL database was
included in the simulation. ECGs not classified into diagnostic classes were filtered from
the dataset. Subsequently, the ECGs in which the probability of classification was less than
100% were filtered out. In the next stage, ECGs were filtered out of those subclasses whose
presence in the dataset was less than 20. A sampling frequency of 100 Hz was selected for
the study, with 10 s as the length.

The dataset was divided into training, validation, and test sets in proportions of 70%,
15%, and 15%, respectively. The training set was used to train the network; the validation
set was used to select the model; the test set was used to test the network’s effectiveness.

As a result of the above activities, a total of 17,232 ECG records were used for the
experimental analysis (Figure 3).
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Figure 3. Diagnostic classes used in the study.

A detailed summary of the size of the individual classes used in the study and resulting
from the above-described activities on the basis of PTB-XL is presented in Tables 1 and 2.
The tables show the number of individual records used in the study, assigned to the
appropriate diagnostic classes and subclasses defining cardiovascular diseases sorted by
number of records.

Table 2. Numbers of individual subclasses.

Number of Records Subclass Class Description
7185 NORM NORM Normal ECG
Non-diagnostic T abnormalities, suggests digitalis effect,
1713 STTC STTC long QT interval, ST-T changes compatible with ventricular
aneurysm, compatible with electrolyte abnormalities
Anterior myocardial infarction, anterolateral myocardial
1636 AMI MI infarction, in anteroseptal leads, in anterolateral leads, in
lateral leads
Inferior myocardial infarction, inferolateral myocardial
1272 IMI MI %nfarction, ir}feroposterollatgral my.ocar.di;.al inf.arction, .
inferoposterior myocardial infarction, in inferior leads, in
inferolateral leads
881 LAFB/LPFB CD Left anterior fascicular block, left posterior fascicular block
798 IRBBB CD Incomplete right bundle branch block
733 LVH HYP Left ventricular hypertrophy
527 CLBBB CD (Complete) left bundle branch block
478 NST_ STTC Nonspecific ST changes
429 ISCA STTC .In anterf)lateral leads, in anteroseptal leads, in lateral leads,
in anterior leads
385 CRBBB CD (Complete) right bundle branch block
326 IVCD CD Nonspecific intraventricular conduction disturbance
297 IsC_ STTC Ischemic ST-T changes
First-degree AV block, second-degree AV block,
204 -AVB b third-degree AV block
147 ISCI STTC In inferior leads, in inferolateral leads
67 WPW CD Wolff-Parkinson-White syndrome
49 LAO/LAE HYP Left atrial overload/enlargement
44 ILBBB CD Incomplete left bundle branch block
33 RAO/RAE HYP Right atrial overload /enlargement
28 LMI MI Lateral myocardial infarction
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2.2. Designed Network Architectures

This research compared three neural networks (convolutional network, SincNet, con-
volutional network with entropy features) in terms of the correct classification of the ECG
signal. The research consisted of the implementation and testing of the proposed models
of the neural networks. Cross-entropy loss as a loss function was applied to all networks.

The artificial neural networks proposed in this article were based on layers performing
one-dimensional convolutions. This is a state-of-the-art solution in signal processing using
deep learning due to its ability to extract features based on changes in consecutive samples,
while simultaneously being faster and easier to train than recurrent layers such as LSTMs.
The convolutional networks described in this article also contain residual connections
between convolutional layers as described in [22]. These shortcut connections eliminate
the so-called vanishing gradient problem and increase the capacity of models for better
representation learning.

The networks were trained using the Adam optimizer as described in [23]. The
optimizer trained the neural network using mini-batches of 128 examples in one pass.
The learning rate was set at 0.001 at the beginning of the training and was later adjusted
to 0.0001 to perform final corrections before ending the training. To prevent overfitting,
early stopping was employed as described in [24]. The training of the neural network
was stopped as soon as the network was unable to obtain better results on the validation
dataset. This was to prevent overfitting. Following testing, the neural network was trained
on the test dataset.

The tests were carried out using hardware configurations on a dual-Intel Xeon Silver
4210R, 192 GB RAM, and Nvidia Tesla A100 GPU. In this research, PyTorch and Jupyter
Lab programming solutions were used for the implementation of the neural networks.

2.2.1. Convolutional Network

The first network examined is presented in Figure 4. It consists of five layers of one-
dimensional convolutions with LeakyReLU activation functions and one fully connected
layer with a softmax activation function. The network accepts ECG signals consisting of 12
channels containing 1000 samples each as inputs and outputs a class distribution vector
normalized by application of the softmax function. The network determines the class to
which an input signal belongs by determining the index of the vector maximum value. The
class represented by this index is considered as a class of the input signal.

LeakyReLU was used instead of basic ReLU to preserve gradient loss in neurons
outputting negative values. The coefficient describing a negative slope was set to 0.01; thus,
the activation function can be described by the equation below:

fa) = {0.0Ix for x < 0 O

X forx >0

This configuration was used in every network proposed in this article.

This architecture was tested on both the normalized signal taken from the dataset
without any other transformations and a spectrogram, and the results obtained from
the former were better than from the latter. The network computing the spectrogram
interpreted each spectrogram as a multichannel one-dimensional signal. Each of the twelve
signals’ spectrograms was processed by five one-dimensional convolutional blocks with
the LeakyReLU activation function. The results of the convolutions where aggregated by
performing adaptive average pooling. Afterwards, the results of pooling were flattened to
the format of a one-dimensional vector and processed by a fully connected layer with a
softmax activation function, and the output was used as a vector describing the probability
distribution of the input signals belonging to each of the defined classes.

This is a simplified architecture designed to achieve both better computation time
and memory storage efficiency. This network design has only 6 layers and, depending on
the number of classes in classification, has just 8882 weights for binary classification and
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11,957 weights for detecting 5 different classes of signal. The last segment of the network is
a fully connected layer, which has a number of neurons equal to the quantity of possible
classes to which the signal may belong. As a result, the more granular the classification
process is, the more neurons are required, which increases the number of total weights in
the network. The addition of residual connections did not increase the performance of the
network significantly, but enlarged the quantity of parameters and computational steps
required to process the signal.

Figure 4. Convolutional network architecture. A twelve-channel ECG signal is passed through five
subsequent one-dimensional convolutional layers with the LeakyReLU activation function. The
results of the computation are flattened to the format of a one-dimensional vector. The results of
the calculation are processed by a fully connected layer with a softmax activation function. The
output value is a one-dimensional vector describing the probability distribution of the input signal
belonging to each of the defined classes.

2.2.2. SincNet

The second examined network uses the SincNet layers described in [25]. SincNet
layers are designed for the extraction of low-level features from a raw signal’s data samples.
SincNet layers train “wavelets” for feature extraction by performing convolution on the
input signal:

yln] = x[n] - g[n, 0] 2
where 7 is the index of the probe and 6 are the parameters of the wavelets determined
during training. The wavelet function g is described with the equation:

glin, fu, fal = 2fasinc(2mfon) — 2fsinc(2fin) ©)

where sinc function is defined as:

sin(x)
X

sinc(x) =

(4)
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f1 and f; are the cutoff frequencies determined by the SincNet layer during the training
phase and form a set of trainable parameters 6:

0 ={(fi1, fip)lieCtNi<I} )

where [ is the number of wavelets in the SincNet layer.

The pair of filters (f,f>) are initialized using the frequencies used for calculation of
Mel-frequency cepstral coefficients [26].

SincNet layers are designed to interpret only the signal’s singular channel at once, so
the second network’s architecture consists of a subnetwork using a SincNet layer, which
encodes each signal’s channel separately. The features extracted by the subnetwork are
concatenated into one feature vector, which is fed to a block of fully connected layers.
The softmax layer serves the role of the output classification layer, while the SincNet
subnetwork consists of the SincNet layer adjusting the wavelets to the raw signal, two
convolutional layers with LeakyReLU activation functions and layer normalizations, and
three fully connected layers with batch normalization and LeakyReLU activation functions
(Figure 5).

Figure 5. SincNet-based network architecture. Each channel of the 12-channel ECG signal is pro-
cessed by a dedicated SincNet block. The results of each block are concatenated, flattened to the
format of a one-dimensional vector, and used as an input for two subsequent fully connected
layers, with LeakyReLU and softmax activation functions, respectively. The output value is a one-
dimensional vector describing the probability distribution of the input signal belonging to each of
the defined classes.

2.2.3. Convolutional Network with Entropy Features

The third network examined is presented in Figure 6. This network is an extended
variant of the convolutional network. The network processes the ECG signal, and the
values of the entropies are calculated for every channel of the signal. These entropies are:

¢ Shannon entropy—the summation of the informativeness of every possible state in the
signal by measuring its probability. As a result, Shannon entropy is the measurement
of the spread of the data [27];

*  Approximate entropy—the measurement of series regularity. It provides information
on how much the ECG fluctuates and its predictability [28];

e  Sample entropy—an improvement on approximate entropy due to the lack of the
signal length’s impact on the entropy computations [28];

¢  Permutation entropy—the measurement of the order relations between ECG samples.
This quantifies how regular and deterministic the signal is [29];
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e  Spectral entropy—the quantification of the energy spread uniformness across the
frequency spectrum [30];

¢ SVD entropy—the measurement of how possible the dimensionality reduction of time
series matrix is through factorization using the eigenvector approach;

e  Rényi entropy—the generalization of the Shannon entropy by introducing the fractal
order of the subsequent informativeness of each signal’s state [31];

¢  Tsallis entropy—the generalization of the Boltzmann—Gibbs entropy, able to detect
long-term memory effects on the signal [32];

¢  Extropy—the measurement of the amount of uncertainty represented by the distribu-
tion of the values in the observed ECG signal [33].

Granelo-Belinchon et al., in their article [34], stated that the tools of information theory
can be straightforwardly applied to any nonstationary time process when considering small
chunks of data spanning a short enough time range, allowing a slow evolution of higher-
order moments to be neglected. The augmented Dickey—Fuller test has been conducted
on ten-second-long training chunks of signals to determine the momentary stationarity of
ECG signals. It turned out that 89.5% of tested signals were deemed stationarity in this
small period of time, allowing the use of entropy methods for their interpretation.

Figure 6. Convolutional network with the entropy features’ block architecture. The computational
graph of the network is made up of two branches. In the first branch, a twelve-channel ECG signal is
passed through five subsequent one-dimensional convolutional layers with the LeakyReLU activation
function. In the second branch, the input signal is used to compute the vector of entropies for every
channel of the signal. The results of the computations from both branches are concatenated and
flattened to the format of a one-dimensional vector. The results of the calculation are processed by a
fully connected layer with softmax activation function. The output value is a one-dimensional vector
describing the probability distribution of the input signal belonging to each of the defined classes.

The artificial neural network consists of two blocks: convolutional and fully connected.
In the first step, a raw ECG signal is encoded by a convolutional block formed by five
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one-dimensional convolutional layers with the LeakyReLU activation function. Each layer
has a stride parameter equal to 2 to reduce the number of samples representing the time
vector. Each layer also has a residual connection with the original, raw signal. Because of
the signal’s sample reduction due to the applied stride parameter, the ECG signal for each
step of the residual connection is shrunk by average pooling with a window size of 2.

The encoded raw ECG signal is concatenated with the values of the entropies of every
channel. Such a feature vector is fed to three fully connected layers with LeakyReLU
activation functions in the first two and a softmax function in the last layer. The result of
the softmax function is the output vector of the network and is used in order to classify
the signal. For regularization purposes, there was a dropout with a chance of zeroing
the input equal to 20% applied before each layer. The dropout was turned off during the
network’s evaluation.

2.3. Metrics

The neural networks were evaluated using the metrics described below. For the
purpose of the simplicity of the equations, certain acronyms were created, as follows:
TP—true positive, TN—true negative, FP—false positive, FN—false negative. The metrics
used for the network evaluation are:

e Accuracy: Acc = (TP + TN)/(TP + FP + TN + FN);

e  Precision = TP/(TP + FP);

e  Recall =TP/(TP + EN);

e F1=2*precision * recall/(precision + recall);

e AUC—area under the curve, ROC—area under the receiver operating characteristic
curve. The ROC is a curve determined by calculating TEP = true positive rate = TP /(TP
+ FN) and FPR = false positive rate = FP /(TN + FP). The false positive rate describes
the x-axis and the true positive rate the y-axis of a coordinate system. By changing the
threshold value responsible for the classification of an example as belonging to either
the positive or negative class, pairs of TFP-FPR are generated, resulting in the creation
of the ROC curve. The AUC is a measurement of the area below the ROC curve;

. Total Params—number of neurons in the network. The smaller this number, the better,
as less computation is required in order to perform classification.

3. Results

The results of the networks based on the convolutional network, SincNet, and the
convolutional network with entropy features are summarized in Tables 3-5. With the
recognition of two classes, the network based on the convolutional network achieved
88.2% ACC and with five classes 72.0% ACC. Similarly, the network based on SincNet
achieved 85.8% ACC with the recognition of two classes and 73.0% with the recognition
of five classes. The network based on the convolutional network with entropy features
achieved 89.82% ACC with the recognition of two classes and 76.5% with the recognition
of five classes. The network based on the convolutional network turned out to be slightly
better than that based on SincNet. The situation changed with the recognition of 20 classes,
where SincNet turned out to be slightly more effective. However, the network based on
the convolutional network with entropy features turned out to be the best in all cases. It
is worth noting that, depending on the number of recognized classes, the convolutional
network had 200-600-times less weight than the SincNet-based network, which means it
is much lighter. Adding entropy-based features to the convolutional network increases
its weight two- to seven-fold. The convolutional neural network with entropy features
achieved the highest accuracy in every classification task, scoring 89.2%, 76.5%, and 69.8%
for 2, 5, and 20 classes, respectively. The basic convolutional network achieved better
accuracy than SincNet during the classification of two classes (healthy/sick), but SincNet
performed better on the classification of five and twenty classes. As described by Ravanelli
et al. in [25], the neural network was designed to process the human voice without any
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data preprocessing and did so successfully according to the authors. However, the results

of its usage on ECG signals are far from ideal, as presented in Tables 3-5.

Table 3. The results of the convolutional network.

Number of Classes Acc Avg Precision Avg Recall Avg F1 Avg AUC Total Params
2 0.882 0.879 0.882 0.88 0.953 8882
5 0.72 0.636 0.602 0.611 0.877 11,957
20 0.589 0.259 0.228 0.238 0.856 27,332

Table 4. The results of SincNet.

Number of Classes Acc Avg Precision Avg Recall Avg F1 Avg AUC Total Params
2 0.858 0.855 0.854 0.855 0.93 6,109,922
5 0.73 0.666 0.589 0.6 0.884 6,109,922
20 0.593 0.287 0.269 0.262 0.807 6,269,204

Table 5. The results of the convolutional network with entropy features.

Number of Classes Acc Avg Precision Avg Recall Avg F1 Avg AUC Total Params
2 0.892 0.889 0.893 0.891 0.96 58,178
5 0.765 0.714 0.662 0.68 0.910 58,259
20 0.698 0.355 0.339 0.332 0.815 58,664

Figures 7-15 show the confusion matrices of the results of the evaluated networks.

Figure 7. Confusion matrix of results for 2 classes for the convolutional network.
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Figure 8. Confusion matrix of results for 2 classes for SincNet.

Figure 9. Confusion matrix of results for 2 classes for the convolutional network with
entropy features.
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Figure 10. Confusion matrix of results for 5 classes for the convolutional network.

Figure 11. Confusion matrix of results for 5 classes for SincNet.
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Figure 12. Confusion matrix of results for 5 classes for the convolutional network with
entropy features.
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Figure 13. Confusion matrix of results for 5 classes for the convolutional network.
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Figure 14. Confusion matrix of results for 5 classes for SincNet.
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Figure 15. Confusion matrix of results for 5 classes for the convolutional network with entropy features.

In all cases of the evaluated networks, the NORM class obtained the highest value,
which resulted from the large number of ECG recordings in this class.

4. Discussion

This paper presented a new model of convolutional neural networks, optimized to
limit the computational and memory complexity for ECG recognition and classification of
cardiovascular diseases. The research was carried out using a CNN network based on the
convolutional network, which is relatively light and yields good results. The advantage
of this approach is the possibility of using it on mobile and embedded devices, such as a
Raspberry Pi or smartphone graphics cards.

The application of additional entropy-based features significantly improved the results.
Such a solution also increased the weight of the network several times, however. As a
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result, in applications where a very light network is needed, a compromise between weight
and accuracy should be sought.

SincNet is a promising solution, but due to being designed to work with the human
voice, it does not cope well with ECG signals in its original format. This results from the use
of a set of initialization frequencies used in the computation of the Mel-frequency cepstral
coefficients that are adapted to the spectral characteristics of the human voice. In the future,
it would be worth considering the possibility of adapting SincNet to work with ECG.

The authors were unable to obtain better results due to the issue of overfitting on the
training dataset. It was presumed that the addition of customized features may further
boost the performance. The authors plan to investigate this claim in their next work.

Sampling determines the amount of measurements used to describe the signal. By
changing the sampling, the signal is described by either more or fewer samples, whereas
a stack of convolutional layers processes a fixed number of measurements in one context
window. As a result, through a modification of the signal sampling, the network may either
come to focus on more global features by reducing the amount of samples describing the
signal or increase its attention to the details by increasing the measurements per signal.

Interpreting signals with different samplings may prove beneficial. In this work, we
used only signals encoding 10 s of experiment on 1000 samples. It may well be the case that
a network simultaneously interpreting a signal sampled with frequencies of 500 samples
per second, 100 samples per second, and 50 samples per second will return better results.
This is because signals sampled at lower frequencies can have entire ECG waves interpreted
by one convolutional block, while signals sampled more frequently provide more detailed
series for the extraction of features encoded by a small part of an ECG wave.

The proposed network based on a convolutional network is relatively uncomplicated.
It is likely that better results could be obtained with the use of Inception models. This
model uses heterogeneous subnets to improve the result. It is comparable to the case of
wavelet transform, which may prove to be more advantageous than the use of fast Fourier
transform. According to the authors, the proposed solution could be used in small devices
for continuous monitoring of ECG signals, for example to alert about anomalies and make
an initial diagnosis or support a doctor in this.

The authors assumed that a network’s performance may be improved with a man-
ageable cost increase by expanding its architecture with Inception-style heterogeneous
subnetworks with varying kernels and poolings. The authors intend to investigate this
assumption in their future work.

The authors further assumed that the integration of SincNet layers for low-level
feature extraction in the first step of signal processing with the successful implementation
of the first network based on convolutional layers may prove a benefit. The authors intend
to investigate this assumption in their future work.

5. Conclusions

This study presented the capability of convolutional neural networks in the classi-
fication of heart diseases by the examination of ECG signals. The network proposed by
the authors is both accurate and efficient as it is lightweight, allowing it to be computed
on nonspecialized devices. The application of entropy-based features proved beneficial
due to the improvements in the accuracy of heart disease classification. Entropy-based
features are promising additions to data preprocessing that may prove beneficial in other
signal-processing-related tasks.
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Abstract: The electrocardiogram (ECG) is considered a fundamental of cardiology. The ECG consists
of P, QRS, and T waves. Information provided from the signal based on the intervals and amplitudes
of these waves is associated with various heart diseases. The first step in isolating the features of an
ECG begins with the accurate detection of the R-peaks in the QRS complex. The database was based
on the PTB-XL database, and the signals from Lead I-XII were analyzed. This research focuses on
determining the Few-Shot Learning (FSL) applicability for ECG signal proximity-based classification.
The study was conducted by training Deep Convolutional Neural Networks to recognize 2, 5, and
20 different heart disease classes. The results of the FSL network were compared with the evaluation
score of the neural network performing softmax-based classification. The neural network proposed
for this task interprets a set of QRS complexes extracted from ECG signals. The FSL network
proved to have higher accuracy in classifying healthy/sick patients ranging from 93.2% to 89.2%
than the softmax-based classification network, which achieved 90.5-89.2% accuracy. The proposed
network also achieved better results in classifying five different disease classes than softmax-based
counterparts with an accuracy of 80.2-77.9% as opposed to 77.1% to 75.1%. In addition, the method
of R-peaks labeling and QRS complexes extraction has been implemented. This procedure converts a
12-lead signal into a set of R waves by using the detection algorithms and the k-mean algorithm.

Keywords: ECG signal processing; few-shot learning; R wave detection; distance-based classification;
PTB-XL dataset; deep learning

1. Introduction

Machine learning, especially Deep Learning (DL) approaches, has been of interest
in academia and industry. This has resulted in numerous changes in the approach to
automatic detection or classification processes. However, the reliability of such studies has
not always been high and differs depending on the methods used.

Since recently, it has been proved that Artificial Intelligence (Al) and machine learning
has numerous applications in all engineering fields. Among them are the areas of elec-
trical engineering [1], civil engineering [2], and petroleum engineering [3]. In addition,
classification using DL methods [4] have several practical applications in various areas
of medicine, such as the diagnosis of diseases based on physiological parameters [5], the
classification of cardiac arrhythmias based on ECG signals [6,7], and the recognition of
human activity [8]. Various ECG classification schemes based on DL were used to detect
heart diseases [9-12], for example, using Long Short-Term Memory networks [13] and one-
dimensional Convolution Neural Networks [14-16]. In addition, DL methods have been
used to classify pathological conditions of the heart, such as arrhythmia, atrial fibrillation,
ventricular fibrillation, and others.
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Cardiovascular disease is a general term for a series of cardiovascular abnormalities
that are the world’s leading cause of death [17]. Each of them is identified and interpreted
using an electrocardiogram (ECG). The ECG is an important non-invasive diagnostic
method for the interpretation and identification of various types of heart disease. Figure 1
shows an illustrative waveform of the ECG signal. Every day, approximately 3 million
ECGs are produced worldwide [18]. ECG data contain rich information about the rate
and rhythm of the heartbeat. Clinically, the ECG is analyzed over a short period using a
graph of several consecutive cardiac cycles. The process begins with R-peak detection. It is
usually the most visible part of the ECG that can be easily identified. The ECG reflects the
depolarization of the main mass of the ventricles and refers to the maximum amplitude in
the QRS complex. QRS complexes are the starting point for the analysis of the ECG signal.
They serve as rhythm items and provide information about intraventricular rhythm and
conduction [19,20].

Figure 1. The illustrative waveform of the ECG signal.

Several methods and techniques have been used to locate the R-peak in the ECG
signal, based on standard techniques such as digital filtering, wavelet transform, Fourier
Transform, signal decomposition, and Hilbert Transform. However, only a few proposed
works use DL methods in the literature to detect QRS complexes. One of the works in [21]
is where a 300-point Convolutional Neural Network (CNN) and clustering on the neural
output are used to detect QRS complexes on the pre-processed input signal. Another
method using CNN has been proposed [22], demonstrating the reliable detection of the
fetal QRS complex. The authors of the work [23] proposed a 1-D CNN and Multi-Layer
Perceptron (MLP) classifier that determines the QRS positions. Another approach was the
work [19] in which two DL models based on multi-dilated convolutional blocks were used:
CNN and CRNN. Finally, this group of works includes [24], where a stacked autoencoder
deep neural network is proposed to extract the QRS complex.

Regardless of the DL methods chosen, problems are identified, including classification
efficiency, the detection of undesirable results, dependence on computing power, and the
high sample count. In response to these problems, a few newly published articles propose
using Few-Shot Learning (FSL) to identify new concepts in medicine and fill the gap
between the efficiency and the size of the training samples. FSL mimics humans’ ability to
acquire knowledge from a few samples. This technique involves training a neural network
to encode input data into small-sized vectors, which distances to other vectors encoding
objects of the same class are smaller than to vectors representing objects from different
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classes. The distance between vectors is usually computed by measuring the Euclidean
distance between two vectors. In addition, FSL can encode information regarding the
object’s belonging to a particular class in the output vector. Because of that, the layer of
neurons representing defined classes is not required, which allows the FSL network to
distinguish between classes that were not seen during training, thereby enabling learning
from limited samples and rapidly generalizing to new tasks, giving a different perspective
on DL.

There are many areas of application of FSL methods. In the medical field, the use
of FSL methods occurs in conjunction with medical images and medical signals. One of
the application directions is to use the network-based FSL method to classify rare human
peripheral blood leukocyte images. The proposed Siamese network by the authors of [25]
contains two identical Convolutional Neural Networks and a logistic regression network.
In justifying their research, the authors point to the relationship between the number of
leukocytes and various diseases, including cancer. The obtained results show that the
Siamese network can overcome the scarcity and imbalance of datasets used in this research.
The results are promising and give hope for addressing the issue of rare leukocyte images
recognition in medicine.

Another view is the use of Few-Shot Deep Learning in medical imaging, for example,
COVID-19-infected areas in Computed Tomography (CT) images. Recent studies indicate
that detecting radiographic patterns on chest CT scans can provide high sensitivity and
specificity in identifying COVID-19. One of the works [26] was undertaken to investigate
the efficacy of FSL in U-Net architectures, allowing for a dynamic fine-tuning of the
network weights as new samples are fed into the U-Net. The obtained results confirmed the
improvement of the segmentation accuracy improvement in the identification of COVID-
19-infected regions. A similar approach was proposed by the authors of another study [27],
pointing to the use of FSL for the computerized diagnosis of emergencies due to coronavirus-
infected pneumonia on CT images. A similar application of FSL was demonstrated by the
authors of the study [28], who undertook the classification of COVID-19 infected areas on
X-rays. As part of the research, the method was tested to classify images showing unknown
symptoms of COVID-19 in an environment designed to learn several samples, with prior
meta-learning only on images of other diseases.

Diagnostics of disease states based on medical images using DL methods have also
been applied in dermatology. The authors of the work [29] demonstrated the possibility of
using FSL for Dermatological Disease Diagnosis. Skin diseases are increasingly becoming
one of the most common human diseases, contributing to dangerous cancerous changes
or affecting motor disability. The proposed method is scalable to new classes and can
effectively capture intra-class variability. A similar approach was used by the authors
of [30], who proposed a Few-Shot segmentation network for skin lesion segmentation,
which requires only a few pixel-level annotations. The authors emphasize that the pro-
posed method is a promising framework for Few-Shot segmentation of skin lesions. The
conducted experiments show that removing the background region of the query image both
accelerates the speed of network convergence and significantly improves the segmentation
efficiency.

The works of other authors in medicine with the use of FSL indicate the possibility
of application in creating predictive models of drug reactions based on screens of cell
lines. For example, the authors” work in [31] applied Few-Shot machine learning to train a
versatile neural network model in cell lines that can be tuned to new contexts using a few
additional samples. The model quickly adapted to switching between different tissue types
and shifting from cell line models to clinical contexts.

In biomedical signals, an interesting approach is to use the FSL method of Elec-
troencephalography (EEG)-based Motor Imagery (MI) Classification. The authors of the
work [32] drew attention to an essential aspect of research on the brain—computer interface
using EEG signals. In their justification, they indicated the potential of EEG in designing
key technologies in both healthcare and other industries. The research proposed a two-
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way Few Shot network that can efficiently learn representative features of unseen subject
categories and classify them with limited MI EEG data.

In the area of the ECG signal, the authors in [33] proposed a meta-transfer-based FSL
method to handle arrhythmia classification with the ECG signal in wearable devices. The
results obtained by the authors indicate that the proposed method exceeds the accuracy
of other comparative methods when performing various Few Shot tasks within the same
training samples.

The study aimed to determine the usefulness of the FSL for ECG signal proximity-
based classification. The research was conducted by training Deep Convolutional Neural
Networks to recognize 2, 5, and 20 different heart disease classes. For this task, two neural
networks were trained. The first one was optimized by performing FSL to classify input
samples based on Euclidean distance to the defined classes’ vectors. The second one was
trained to perform softmax-based classification. It serves as a basis for comparison due
to its well-known effectiveness in recognizing classes established during training. This
work also examines classification strategies in FSL by comparing the results obtained from
proximity-based classification to training machine learning algorithms on top of optimized
FSL neural networks. The tested machine learning algorithms are XGBoost, Random Forest,
Decision Tree, K-Nearest Neighbors, and SVMs. The neural network proposed for this task
interprets a set of QRS complexes extracted from ECG signals. The method of R-peaks
labeling and QRS complexes extraction has been implemented. This procedure converts
a 12-lead signal into a set of R waves by using the detection algorithms and the k-mean
algorithm. The novelty of this work involves using the FSL learning style for training on
known, fixed classes; its comparison with more typical, softmax-based classifications; and
the evaluation of classification strategies to be employed on top of the trained FSL network.

This paper is organized as follows: Section 2 closely describes the methods, the
architectures of the artificial intelligence system, and the previously carried out data
filtering, R Wave detection, and QRS extraction. Then, Section 3 presents the result of the
research. Then, the discussion is given in Section 4. Finally, Section 5 concludes the paper
and provides a look at further studies on this topic.

2. Materials and Methods

The methodology used in the paper was as follows (Figure 2): The PTB-XL dataset
containing the labeled 10-second raw-signal ECG was used for the research. First, the
records in the database have been filtered. Then, the R waves were labeled in the records in
the next step. On this basis, QRS segments were separated. Finally, the dataset has been
split into training, test, and validation data (respectively 70%, 15%, 15%). These data were
used to train two neural networks, based on softmax and a Few Shot, as classifiers of 2, 5,
and 20 classes of heart diseases. In the last stage, the network performance was evaluated.

Figure 2. General overview diagram of the method.

2.1. PTB-XL Dataset

In this study, all the ECG data used come from the PTB-XL dataset [34,35]. PTB-XL is
the publicly available and most extensive set of clinical ECG data. It provides a rich set of
ECG annotations and additional metadata, which together constitute an ideal source for
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training and evaluating machine learning algorithms. The PTB-XL dataset contains 12-lead
10 s ECGs from 18,885 different patients for a total of 21,837 records. ECG files come in two
other options with 500 Hz and 100 Hz sampling rates with 16-bit resolution. The research
used ECGs with 500 Hz sampling rates. The database contains 71 types of heart diseases
with 5 significant classes: normal ECG (NORM), myocardial infarction (CD), ST/T change
(STTC), conduction disturbance (MI), and hypertrophy (HYP).

2.2. Data Filtering

Initially, the PTB-XL had 21,837 records. However, not all records have labels (assigned
classes), and not all assigned classes were 100% sure. For this reason, both cases were
filtered out of the original dataset. Each record has a given class and a subclass for specific
heart disease. Records with the number of subclasses less than 20 were also filtered
from the original dataset. In this way, 17,232 records were obtained, each belonging
to 1 of the 5 classes and 1 of the 20 subclasses. Figure 3 shows a detailed distribution
of classes and subclasses. Descriptions of the classes of diseases are included in the in
Appendixes A and B.

Figure 3. Classes and subclasses of used records.

2.3. R Wave Detection and QRS Extraction

None of the known R-peak detection methods tested by the authors were 100% ef-
fective. In addition, these methods use only a 1-lead signal. For this reason, the authors
decided to propose their own method, using several known methods (Hamilton detec-
tor [36], Two Average detector [37], Stationary Wavelet Transform detector [38], Christov
detector [39], Pan-Tompkins detector [40], and Engzee detector [41] with modification [42])
for all 12-leads and obtaining a consensus from them using k-mean algorithm. The des-
ignated R-peaks were used to cut the 10-s records into segments referred to further in
the work as QRS complexes. The cuts were determined in the middle of the distance
between the designated R-peaks (Figure 4). The first and last segments were removed. The
following segments were resampled to 100 samples. In this way, for each record, a set of
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QRS complexes and metadata as BPM (Beat Per Minute) and resampling ratio for each QRS
complex were obtained.

Figure 4. Sample record of NORM class for I lead, with places for section cuts (Red).

2.4. Designed Network Architectures

This chapter describes the architecture of the Deep Neural Networks used in this re-
search (Figure 5) and the methodology of processing QRS complexes, applied loss functions,
and training procedure.

Figure 5. Designed Neural Network architecture.
The system receives the collection of QRS complexes stored in the input signal:

X; ={0Q1,..,Qu},n e N* 1)

where:

X—set of input signals after QRS extraction performed;

i—index of signal being processed by the system;

Qu—n-th extracted QRS complex containing 100 12-dimensional samples:

|Qj| =1200,j e N nj<n ()
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Then, a set of QRS complexes is processed by the function designed to transform
each wave into a 24-dimensional vector containing abstract features allowing for similarity
calculation between vectors representing classes defined in the PTB-XL dataset:

f . R12><100 _ R24 (3)

The function has been approximated by the deep convolutional neural function de-
scribed in Table 1. The process of learning this neural network has been presented in the
Section 2.5.

Table 1. The architecture of Deep Convolutional Neural Network encoding one QRS complex.

Layer Channels In Channels Out Kernel Size Padding Stride
Convld 12 24 3 1 1
MaxPoolld 24 24 2 0 2
Convld 24 48 3 0 1
MaxPoolld 48 48 2 0 2
Convld 48 96 3 0 1
MaxPoolld 96 96 2 0 2
Convld 96 2 1 0 1

Each convolutional layer’s output is subjected to the LeakyReLU activation function
with parameter equal to 0.01. The last convolutional layer operates using a kernel of size 1.
This computation has been inspired by GoogLeNet architecture [43], and its task is to
perform dimensionality reduction. This layer requires only 192 weights to reduce the
activation map size 48 times.

The function approximated by Convolutional Neural Network is used to encode each
QRS in the input data:

Zi={f(X;p)lj e N" nj < |Xi]} (4)

As aresult, Z; is a set of 24-dimensional vectors with varying cardinality. This set is
now processed by Adaptive Maximum Pooling and Adaptive Average Pooling functions.

The Adaptive Maximum Pooling function selects maximum value from each dimen-
sion of the vectors in the set:

Zmax; = [max({Zi,]-’lU eN+Nj< |X1-\}),...,max({Zilj,24|j eEN+N<|X})] 5

The Adaptive Average Pooling function averages values of every dimension from
vectors in the set:
1 1] 1 &l
m Z Zi,j,l/ ey |Z| Z Zi,j,24} (6)
il j=1 il j=1

Zavg; = |

The results of both Adaptive Average Pooling and Adaptive Maximum Pooling are
combined into 1 48-dimensional vector:

A = [Zmax;, Zavg;] 7)

In the last step, the result is inputted to a fully connected layer with 20 neurons
turning the 48-dimensional vector of concatenated pooling results into a 20-dimensional
final vector:

F = f(A);f: R® - R® ®)

Vector F; describes the input signal using 20 abstract features. It is used in both classi-
fication neural networks to determine the signal’s class by subjecting it to softmax function
for class probability distribution computation or in FSL for signal’s class determination
by measuring Euclidean distance to the center of the class represented by vector made
of averaging feature vectors obtained from signals on the training dataset. In the case of
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standard classification, there is also one more fully connected layer added to adjust the size
of the abstract features vector to the number of classes in the classification task.

2.5. Training

The neural networks’ parameters have been adjusted using Adam [44] optimizer. In
addition, the dataset has been split into training, validation, and test sets five times to
reduce the impact of fortunate weights randomization on the network’s performance. The
split was performed by dividing the dataset by 70%, 15%, and 15%.

The training dataset was used to determine the values of the network’s weights. In
addition, the network was evaluated on the validation dataset during the training process
to perform early stopping [45] for overfitting reduction purposes. The final network’s
evaluation has been performed on a test dataset using the last saved set of weights, which
scored the best result on the validation dataset. Each time the network scored the best
result on the validation dataset, its weights have been saved. The training lasted until
10,000 epochs elapsed or early stopping was performed.

For the purpose of this research, two neural networks have been trained, one for FSL
and one for standard classification serving as a basis for a benchmark. Both networks are
structurally almost identical and differ only in adding one fully connected layer in standard
classification tasks and the interpretation of output vector and employed loss function.

2.5.1. Few-Shot Learning

Few-Shot Learning network was trained using the triplet margin loss function [46].

The task of this loss function is to decrease the distance between vectors belonging to the

same class and increase it for vectors from different classes. This process can be described
by the formula:

L(a,p,n) = max(d(a, p) —d(a,n) + m,0) )

where:
a—"anchor” vector. This vector is compared with the other two vectors;
p—"positive” vector. This vector belongs to the same class as the “anchor” vector;
n—"negative” vector. This vector belongs to the different class as the “anchor” vector;
m—margin. Quantity describing desired separation of vectors from the same class with
vectors from different classes. In this research, m was equal to 1;
d—distance function, d : (Rzo, RZO) — RL

For this research purpose, the Euclidean distance has been used as a distance function:

d(x,x") = Z(x]- — x;)2 (10)

The purpose of the triplet margin loss function is to ensure that the distance between
vectors from two different classes is higher than a distance between vectors of the same class
in addition to constant margin m. The neural network is not penalized for its performance
only if:

d(a,p)—d(a,n)+m <0 (11)

d(a,p) <d(a,n) —m (12)

Minimizing this function ensures the separation of inter-class distances from distances
to vectors of other classes by the margin of m.

During training, triplets of vectors, two from the same class and one from different
classes, were randomly selected and fed to the network. At each step, classes were picked
from the distribution created from the computing frequency of occurrence in the dataset.
This approach was motivated by the a priori assumption that reciprocating class observation
frequency from dataset to training process results in better network convergence. However,
for more balanced training, a different approach may be undertaken, in which classes are
picked from either a weighted frequency-based distribution or a univariate one.
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Due to the PyTorch limitation of forming only homogenous-sized tensors, the process
of forming batches requires one more restriction on the triplet sampling function. Every
sample in the batch must have the exact number of QRS complexes. The batch-sampling
function first randomly selects the number of QRS complexes required in this batch to
obtain such tensors. Then, it randomly selects triplets from signals in the dataset that
contain the same amount of QRS complexes as the value selected. Finally, the amount of
QRS complexes in the batch is sampled from the distribution weighted by the frequency
of each wave in the dataset. The evaluation process of the neural network consists of
these steps:

1. Split evaluation dataset randomly into two sets while ensuring that QRS complexes
for each class have the same cardinality. From now on, the first set is referenced as a
“database” set and the second one as a “query” dataset.

2. Use an Artificial Intelligence system to convert each set of QRS complexes from both
“database” and “query” datasets into 20-dimensional vectors.

3. For each class, take all vectors belonging to it from the “database” set and compute
the average 20-dimensional vector. It results in average vectors being later referenced
as “class center vectors”.

4.  For each vector in the “query” dataset, compute its distance to every “class center
vector”. The class, whose “center vector” has been the closest to the vector from the
“query” dataset is the class associated with the entry in the “query” dataset.

5. Calculate evaluation metrics by comparing true labels of vectors in the “query” dataset
with labels computed in the previous step.

This process emulates the behavior of the real-life working environment. The “database”
set resembles the structure that stores previously measured and processed ECG signals
labeled by professionals. This database is used to label incoming queries. In this research,
entries in the database were aggregated by computing the average for each class. This
solution involves the least amount of computational cost. It is because “class center vectors”
are computed once. Then, the incoming query must be compared with only one vector per
class instead of numerous database entries, as required in other strategies.

The other method of classification involved training machine learning models on top
of network-encoded small-sized vectors. The machine learning models evaluated in this
work are XGBoost, Random Forest, Decision Tree, K-Nearest Neighbors, and SVMs with
linear, polynomial, radial basis function, and sigmoid kernels. In this approach, the FSL
neural network generates small-size vectors encoding crucial features of the input signals.
Then, the aforementioned machine learning algorithms are trained to classify these vectors.

2.5.2. Softmax-Based Classification

Softmax-based classification is a well-known process of training a neural network
using the operation mentioned above as an activation function for converting the neural
network’s output into a class probability distribution. The equation of the softmax function
is given below:

eZi

o(Z2); = 7
Z]‘-:|1 e’

(13)

where:
Z—output vector computed by neural network;
0(Z);—value of class probability distribution function for i-th class.

The output of the softmax activation function is then compared with the desired results
using cross-entropy loss function computed with the formula below:

M
L(py) = — ;yo,c/l”@o,C) (14)
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where:

p—rprobability that observation o belongs to the class ¢ computed by application of softmax
function on the output of neural network; y—binary value that is equal to 1 if observation
o0 belongs to the class c and 0 if not.

The loss function forces the neural network to output the vector as close as possible
to a one-hot encoded vector with the maximum value contained under the index of the
class the signal belongs to. This is a well-established solution tested both by scientists and
engineers and in this research, it serves as a basis for comparison between FSL network
results and softmax-based one.

2.6. Metrics

Neural networks were evaluated using the metrics described below [16]. For simplicity
of equations, specific acronyms have been created, as follows: TP—True Positive, TN—
True Negative, FP—False Positive, FN—False Negative. The metrics used for network
evaluation are:

e Accuracy: Acc=(TP+TN)/(TP+FP+ TN + FN);

e Precision = TP/(TP + FP);

e Recall=TP/(TP+ FN);

e F1 =2 Precision - Recall / (Precision + Recall);

¢ AUC—Area Under ROC. ROC (Receiver operating characteristic) is a curve deter-
mined by calculating the True Positive Rate = TFP = TP/ (TP + FN) and the False
Positive Rate = FPR = FP/(TN + FP). The False Positive Rate describes the x-axis
and the True Positive Rate the y-axis of a coordinate system. By changing the threshold
value responsible for the classification of an example as belonging to either the positive
or negative class, pairs of TFP-FPR are generated, resulting in the creation of the
ROC curve. AUC is a measurement of the area below the ROC curve.

3. Results

The networks have been evaluated using the k-fold cross-validation technique for
k = 5. Each network has been trained five times from scratch on the randomly selected
train, validation, and test datasets. The evaluation results on the test dataset are presented
in Tables 2-7 for tasks involving the classification of 2, 5, and 20 classes, respectively. Tables
show the averaged, minimal, and maximal accuracy values and the F1, AUC, and specificity
and sensitivity scores with standard deviation. Additionally, the average accuracy and the
F1 score achieved by the evaluated models have been presented in Figures 6 and 7.

Table 2. Results for two-class classification, part I.

Technique Acc ACCS?C‘{g ! F1 F1 Avg | Std AUC AUC Avg | Std
FSL proximity-based 89.5-91.1%  904% | 0.5%  89.1-90.8  90.6 106  925-94.4 93.7 1 0.8
Softmax-based classification 89.2-90.5% 89.7% | 0.4%  89.0-90.2 894104 94.8-95.9 955104
FSL + XGBoost 87.9-89.7%  889% | 0.7%  86.5-88.5 877108  95.1-97.2 96.1 1 0.7
FSL + Random Forest 87.8-91.2%  894% | 11%  862-90.1 881113  955-97.1 963 1 0.5
FSL + Decision Tree 84.9-889%  864% | 14% 828875 850118  82.8-875 85.0 1 1.8
FSL + KNN — 5 neighbors 88.7-92.0%  89.9% | 12% 871912 888114  93.9-96.4 94.6 1 0.9
FSL + KNN — 20 neighbors 88.1-93.3%  90.9% | 1.9%  86.6-92.6 898122  96.0-97.8 96.6 1 0.7
FSL + SVM with linear kernel ~ 88.6-93.3%  912% | 1.6% 874929 903118  96.1-97.6 96.9 1 0.5
FSL+SVMkV;’r1ff;f’Olyn°m‘al 87.2-93.0%  89.6% | 19% 855923 882123  949-976 96.0 1 1.0
FSL + SVM with RBF kernel 89.2-933%  913% | 14%  88.1-928 905116  92.2-95.6 93.8 113

FSL + SVM with Sigmoid kernel 68.6-92.9% 86.6% | 9.1% 66.2-92.2 85.319.6 83.6-95.3 88.2 1 4.0
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Table 3. Results for two-class classification, part II.

Technique Specificity Specificity Avg | Std Sensitivity Sensﬂusnt’gr Avg |
FSL proximity-based 89.6-91.0% 90.4% | 0.5% 88.9-90.7% 89.9% | 0.6%
Softmax-based classification 89.0-90.2% 89.4% | 0.5% 88.9-90.7% 89.9% | 0.6%
FSL + XGBoost 89.1-90.7% 89.8% | 0.6% 86.5-88.5% 87.7% 1 0.8%
FSL + Random Forest 89.4-91.9% 90.3% | 1.0% 86.3-90.1% 88.2% | 1.3%
FSL + Decision Tree 86.4-89.7% 87.6% | 1.2% 82.8-87.5% 85.0% | 1.8%
FSL + KNN — 5 neighbors 89.6-92.7% 90.8% | 1.1% 87.1-91.2% 88.8% | 1.4%
FSL + KNN — 20 neighbors 89.4-93.9% 91.6% | 1.7% 86.6-92.6% 89.8% | 2.2%
FSL + SVM with linear kernel 89.5-93.5% 91.6% | 1.5% 87.4-92.9% 90.3% | 1.8%
FSL + SVM with polynomial kernel 89.2-93.7% 91.0% | 1.6% 85.5-92.3% 88.2% | 2.3%
FSL + SVM with RBF kernel 90.0-93.5% 91.7% | 1.3% 88.1-92.8% 90.5% | 1.6%
FSL + SVM with Sigmoid kernel 68.2-93.4% 87.2% | 9.6% 66.2-92.2% 85.3% | 9.6%
Table 4. Results for five-class classification, part I.
T . Acc Avg |
echnique Acc Std F1 F1 Avg | Std AUC AUC Avg | Std
FSL proximity-based 69.8-74.2% 71.8% | 1.7% 60.6-66.9 63.7 | 2.4 85.6-88.9 876112
Softmax-based classification 75.1-77.1% 75.8% | 0.8% 66.8-69.6 67.9 1 1.0 87.5-90.9 89.6 | 1.3
FSL + XGBoost 74.8-76.1% 75.2% | 0.5% 66.9-70.8 684116 90.9-92.3 91.8 1 0.5
FSL + Random Forest 75.2-77.7% 76.3% | 0.8% 66.8-69.9 68.4 1 1.1 92.0-93.0 925104
FSL + Decision Tree 67.0-68.5% 68.0% | 0.5% 58.7-63.3 613114 75.2-77.8 76.7 1 0.8
FSL + KNN — 5 neighbors 74.4-76.7% 75.8% | 0.8% 65.9-71.1 684 121 87.5-89.8 88.810.8
FSL + KNN — 20 neighbors 77.3-79.5% 78.4% | 0.9% 68.2-71.6 69.6 | 1.2 92.0-93.2 925105
FSL + SVM with linear kernel 77.0-79.8% 78.8% | 1.0% 69.9-73.1 71.7 1 1.1 93.4-94.3 93.8 1 0.3
FSL+SVMkV;1§;1p°1y“°mlal 745-769%  760% 1 0.9%  647-692 666116  92.4-932 929 1 0.3
FSL + SVM with RBF kernel 77.9-80.2% 79.0% | 0.9% 69.0-71.8 706 1 1.0 93.3-93.8 93.6 1 0.3
FSL + SVM with Sigmoid kernel 64.4-76.6% 72.9% | 4.4% 53.1-65.0 62.1 145 89.5-92.8 90.8 | 1.1
Table 5. Results for five-class classification, part II.
T . s e s . Sensitivity Avg |
echnique Specificity Specificity Avg | Std Sensitivity Std
FSL proximity-based 60.2-66.4% 63.2% | 2.1% 62.7-68.1% 65.9% | 2.0%
Softmax-based classification 68.3-70.6% 69.5% | 0.8% 65.9-69.1% 67.1% | 1.1%
FSL + XGBoost 65.7-68.0% 66.9% | 0.9% 66.9-70.8% 68.4% | 1.7%
FSL + Random Forest 66.8-68.3% 67.8% | 0.6% 66.8-69.9% 68.4% | 1.2%
FSL + Decision Tree 57.1-59.9% 59.0% | 1.0% 58.8-63.4% 61.3% | 1.5%
FSL + KNN — 5 neighbors 64.9-70.0% 67.6% | 1.8% 65.9-71.1% 68.4% | 2.1%
FSL + KNN — 20 neighbors 70.2-72.9% 71.9% | 1.0% 68.2-71.6% 69.6% | 1.2%
FSL + SVM with linear kernel 69.8-74.5% 72.4% | 1.6% 69.9-73.1% 71.7% | 1.1%
FSL + SVM with polynomial kernel 68.3-75.5% 72.4% | 2.5% 64.7-69.2% 66.6% | 1.6%
FSL + SVM with RBF kernel 70.8-75.5% 73.5% | 1.8% 69.0-71.8% 70.6% | 1.0%
FSL + SVM with Sigmoid kernel 56.1-70.8% 65.4% | 5.1% 53.1-65.0% 62.1% | 4.5%
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Table 6. Results for 20-class classification, part L.
. Acc Avg |
Technique Acc Std F1 F1 Avg | Std AUC AUC Avg | Std
FSL proximity-based 44.3-50.1% 47.8% | 2.1% 23.8-26.0 247 1 0.8 78.8-84.4 80.8 125
Softmax-based classification 66.2—68.2% 67.1% | 0.8% 31.9-33.0 324104 82.4-86.3 844115
FSL + XGBoost 58.7-66.2% 61.6% | 0.5% 25.3-34.5 29.7 | 34 74.2-86.3 793135
FSL + Random Forest 61.5-66.6% 63.6% | 2.5% 27.1-36.7 309 135 73.6-80.3 771123
FSL + Decision Tree 45.8-58.8% 51.0% | 4.5% 19.8-30.0 25.0 1 4.1 58.4-60.3 5951 0.6
FSL +KNN — 5 neighbors 58.4-67.2% 61.3% | 3.2% 25.3-36.1 296 | 4.1 66.1-70.2 6821 1.6
FSL + KNN — 20 neighbors 61.4-69.9% 64.6% | 2.9% 26.7-36.5 309 1 4.0 70.1-76.6 741123
FSL + SVM with linear kernel 62.9-70.0% 65.3% | 2.5% 28.2-36.7 320132 77.7-85.8 82.7 1 3.0
FSL + SVMkV;’;;}élpdynomlal 59.7-672%  62.9% | 2.8%  23.4-34.0 28.7 1 4.3 74.7-84.9 80.113.7
FSL + SVM with RBF kernel 63.3-70.6% 65.8% | 2.5% 27.8-37.2 314139 77.1-82.5 80,5122
FSL + SVM with Sigmoid kernel 56.7-65.4% 59.8% | 3.2% 16.6-28.2 237 1 4.6 77.0-82.5 809 120
Table 7. Results for 20-class classification, part II.
. cpe s i e . Sensitivity Avg |
Technique Specificity Specificity Avg | Std Sensitivity Std
FSL proximity-based 24.9-26.8% 25.6% | 0.6% 27.7-29.7% 28.5% | 0.7%
Softmax-based classification 36.3-39.7% 37.6% | 1.2% 32.2-33.1% 32.6% | 0.3%
FSL + XGBoost 23.8-31.6% 27.7% | 2.6% 25.3-34.5% 29.7% | 3.4%
FSL + Random Forest 26.6-32.3% 28.4% 1 2.2% 27.1-36.7% 31.0% | 3.6%
FSL + Decision Tree 19.4-28.5% 24.8% | 3.7% 19.9-30.0% 251% | 4.2%
FSL +KNN — 5 neighbors 24.0-33.7% 28.3% | 3.3% 25.3-36.1% 29.6% | 4.1%
FSL + KNN — 20 neighbors 24.9-31.1% 28.2% 1 2.0% 26.7-36.5% 30.9% | 4.0%
FSL + SVM with linear kernel 25.6-34.1% 28.8% | 3.1% 28.2-36.7% 32.0% | 3.2%
FSL + SVM with polynomial kernel 26.0-33.0% 29.1% | 2.4% 23.4-34.0% 28.7% | 4.3%
FSL + SVM with RBF kernel 25.5-31.1% 28.9% | 2.7% 27.8-37.2% 31.4% | 3.9%
FSL + SVM with Sigmoid kernel 15.5-25.4% 20.8% | 3.4% 16.6-28.2% 23.7% | 4.6%
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Figure 6. Comparison of average accuracy of evaluated models on 2, 5, and 20 classes detection.
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Figure 7. Comparison of average F1 score of evaluated models on 2, 5, and 20 classes detection.

The influence of the dataset size on the FSL classification has been examined. During
this evaluation, the Random Forest algorithm was used to classify few-shot encoded signals.
The results are depicted in Figure 8, which shows the relationship between the size of the
dataset used and the accuracy obtained during test evaluation. The sizes of the datasets
evaluated are 1%, 5%, 10%, 50%, and 100% of the size of original test dataset.

Figure 8. ACC as a function of the size of the original test dataset.

Figures 9-14 present the confusion matrices from the evaluation on one of the test
datasets composed for k-fold cross validation conduction purposes. The Figures 15-20
depict the accuracy on the training and validation datasets during the training process.
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Figure 9. Confusion Matrix for Few-Shot (2 classes) with proximity-based classification.

Figure 10. Confusion Matrix for Few-Shot (5 classes) with proximity-based classification.



Sensors 2022, 22,904 15 of 25

Figure 11. Confusion Matrix for Few-Shot (20 classes) with proximity-based classification.
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Figure 12. Confusion Matrix for softmax-based classification (2 classes).

Figure 13. Confusion Matrix for softmax-based classification (5 classes).
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Figure 14. Confusion Matrix for softmax-based classification (20 classes).
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Figure 15. Learning process of the Neural Network for Few-Shot (2 classes) with proximity-based
classification.

Figure 16. Learning process of the Neural Network for Few-Shot (5 classes) with proximity-based
classification.
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Figure 17. Learning process of the Neural Network for Few-Shot (20 classes) with proximity-based
classification.

Figure 18. Learning process of the Neural Network for softmax-based classification (2 classes).
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Figure 19. Learning process of the Neural Network for softmax-based classification (5 classes).

Figure 20. Learning process of the Neural Network for softmax-based classification (20 classes).

4. Discussion

The Deep Neural Network trained in a Few-Shot learning (FSL) fashion for proximity-
based classification provides the benefit of improved accuracy through an embedded
version of online learning, allowing for continuous classification augmentation without
network weight adjustments. The network’s accuracy can be improved without the addi-
tional optimization of its weights through the expansion of the classified signals dataset.
Such a set is used for referential class vector computation and is essential for the correct
signal classification. Cardiological professionals can improve the network by labeling the
signal and increasing the number of vectors used for class vector calculation, resulting in
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better classification. Such a procedure does not require training of the network, which is
cumbersome on production machines due to the higher computation complexity of the
training network than using an already trained one. This augmentation procedure can
be conducted on a CPU with low computation capabilities due to the simplicity of mean
vector calculation.

The Few-Shot Learning neural network proved to be more accurate than the softmax-
based network while classifying two classes. The FSL model had higher results in both
averages, maximal and minimal accuracy. However, the network proved to be less accurate
on tasks involving 5- and 20-class labeling. This phenomenon is most likely a result of
insufficient representation of classes with low cardinality. For example: In Figure 11, the
class “NORM” having the highest number of ECG records had the best precision and recall
of all classes. The authors plan a further examination of the dataset size’s influence on the
quality of prediction.

This work classified the signals processed by an FSL neural network by computing the
average vector representing each class and comparing the Euclidean distance between the
classified sample and all class-representing vectors. The other methods evaluated in this
work for classification use network-encoded signals in small-sized vectors to train models
running algorithms such as XGBoost, Random Forest, Decision Tree, K-Nearest Neighbors,
and SVMs with linear, polynomial, radial basis function, and sigmoid kernels. It turned
out that the most promising classification algorithm for FSL in this particular task is SVM
with a radial basis function kernel. This method proved to be the most effective among
all the examined FSL classification strategies and achieved better results than softmax-
based classification for both two and five classes. It achieved one of the highest scores in
accuracy, specificity, sensitivity, F1, and AUC among all compared models. The outcomes
are promising and suggest that the hybrid neural network systems based on proximity-
differentiation classification with integrated machine learning models may provide better
results than the typical softmax-based state-of-the-art classification. The authors plan on
conducting further research to determine whether a combination of FSL with SVM with
radial basis function kernel is beneficial in other tasks or merely the case in this particular
example.

The accuracy of the FSL network during the training process varies significantly more
than its softmax-based counterpart. This phenomenon is depicted in Figures 15-20. The
softmax-based classification network reaches convergence faster and is less susceptible to
the noise generated by the random selection of training data. This variance of the learning
process is essential because of the commonness of early-stopping usage during network
training. Typical early-stopping implemented in DL frameworks such as Keras stops the
training if the evaluation score of the trained network on the validation dataset was not
improved in a specific amount of time. This mechanism is important as it reduces the
amount of wasted computation time and energy. However, due to the high variance of the
FSL process, it is possible that controlling early-stopping based on local extremum may not
be the best strategy. The results indicate that filtration of evaluation score’s signal, such as
averaging, may prove beneficial. The authors plan on further examination in future works.

In previous work [16], the best-obtained result in that research classifying sick/healthy
patients (2 classes) is 89.2% accuracy. This value was increased in this research by the
FSL neural network, the accuracy of which spans from 89.5% to 91.1%. As a result, even
the worst performance of the studied network was better than the best in previous work.
However, the results were not as promising during the classification of 5 and 20 classes.
It is speculated that FSL can obtain better results for bigger datasets than Softmax-based
classification, but the latter requires less training data than the former. The authors plan on
conducting further research of this phenomenon.

The dataset size had almost no influence on the classification performance of the two
classes. However, its impact was significant for the classification of 5 classes and even
more important for the classification of 20 classes. It turns out that the more that classes are
differentiated from each other, the more data are required.
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5. Conclusions

The neural network trained for conducting Few-Shot Learning classification tasks
proved to be more accurate than the softmax-based classification network when classifying
signals using 2 and 5 labels but obtained worse results on 20 classes with fewer samples
per class. In this experiment, the most efficient method for performing classification
using the FSL network for signal encoding is the SVM model with an RBF kernel. Such
networks can be successfully applied in systems that provide feedback from experts and
data accumulation such as hospitals. The network can be improved without optimizing the
network parameters in this environment, which requires high-end processing units such as
GPUs. A proposed online learning strategy can be conducted on typical industrial CPUs.
The FSL networks may prove beneficial as they allow for their performance to be improved
after their rollout.
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Nomenclature

ECG Electrocardiogram

EEG Electroencephalography

CT Computed Tomography

QRS complex Combination of three of the graphical deflections (Q wave, R wave, and S wave)
seen on a typical ECG record. It represents an electrical impulse spreading through
the ventricles of the heart and indicating their depolarization

Convld Layer in Deep Neural Networks that performs a convolution on one-dimensional
signal

MaxPoolld Layer in Deep Neural Networks that performs pooling operation by selecting a

maximum value from the moving window
Fully Connected Layer in Deep Neural Networks that consists of neurons that process whole input

data
Leaky ReLU Activation function used in Deep Neural Networks
Padding Parameter used in convolutional layers specifying the amount of zeroed samples

added to the start and end of the processed signal. For example: Padding of 1 means
that there is one sample of value zero artificially added at the beginning and the
end of the signal. This operation is conducted to mitigate activation map shrinkage
due to the application of convolution

Stride Parameter used in convolutional layers specifying shift distance between subsequent
windows of convolutions. For example: A stride of 1 means that the next convolution
starts right after the beginning of the previous one, so the windows will overlap
(provided that kernel size is bigger than 1)

RBF Radial Basis Function
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Appendix A. Descriptions of the Classes of Diseases
NORM Normal ECG

CD Myocardial Infarction
STTC  ST/T Change
MI Conduction Disturbance

HYP Hypertrophy

Appendix B. Descriptions of the Subclasses of Diseases

NORM normal ECG

STTC non-diagnostic T abnormalities, suggests digitalis-effect, long QT-
interval, ST-T changes compatible with ventricular aneurysm,
compatible with electrolyte abnormalities

AMI anterior myocardial infarction, anterolateral myocardial infarction,
in anteroseptal leads, in anterolateral leads, in lateral leads
IMI inferior myocardial infarction, inferolateral myocardial infarction,

inferoposterolateral myocardial infarction, inferoposterior my-
ocardial infarction, in inferior leads, in inferolateral leads

LAFB/LPFB left anterior fascicular block, left posterior fascicular block

IRBBB incomplete right bundle branch block

LVH left ventricular hypertrophy

CLBBB (complete) left bundle branch block

NST_ non-specific ST changes

ISCA in anterolateral leads, in anteroseptal leads, in lateral leads, in
anterior leads

CRBBB (complete) right bundle branch block

IVCD non-specific intraventricular conduction disturbance

ISC_ ischemic ST-T changes

_AVB first degree AV block, second degree AV block, third degree AV
block

ISCI in inferior leads, in inferolateral leads
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