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1. Wprowadzenie

Niniejsza rozprawa doktorska stanowi jednotematyczny cykl publikacji naukowych do-
tyczacych zastosowania metod sztucznej inteligencji w celu usprawnienia procesu dia-
gnostycznego w medycynie. Praca ma charakter interdyscyplinarny i zawiera konkretne
przyktady zastosowania tychze metod, ktore zostaty zaimplementowane i wdrozone oraz
pozwolily na rozwigzanie wielu probleméw z obszaru diagnostyki medycznej. Nalezg do
nich: wykrywanie cukrzycy typu 1 u dzieci i mtodziezy, automatyczne zliczanie komoérek
krwi na podstawie zdje¢ mikroskopowych z uzyciem glebokiej sieci neuronowej, auto-
matyzacja procesu oceny i sktadania sekwencji genomowych uzyskanych za pomoca
nowych metod sekwencjonowania (next-generation sequencing, NGS), implementacja
w jezyku Python algorytmu GPR, ktéry pozwala na generowanie wysoce interpretowal-
nych metaregul oraz poréwnanie rozmytych algorytmow regutowych w zastosowaniach
medycznych.

W sktad prezentowanej rozprawy doktorskiej wchodzi pie¢ publikacji:

[A-1] Czmil, A. Czmil, S., & Mazur, D. (2019). A Method to Detect Type 1 Diabe-
tes Based on Physical Activity Measurements Using a Mobile Device. Applied
Sciences, 9(12), 2555. doi:10.3390/app9122555. IF_ 2019 = 2,474, IF_ 2022 =
2,838, liczba punktéw: 70, obecnie 100, wktad: 33,33%.

[A-2] Dratus, G., Mazur, D., & Czmil, A. (2021). Automatic Detection and Coun-
ting of Blood Cells in Smear Images Using RetinaNet. Entropy, 23(11), 1522.
d0i:10.3390/€23111522. TF 2021 = 2,738, liczba punktéw: 100, wktad: 33,33%.

[A-3] Czmil, A., Wronski, M., Czmil, S., Sochacka-Pietal, M., Cmil, M., Gawor, J.,
Wotkowicz, T., Plewczyniski, D.. Strzatka, D., & Pietal, M. (2022). NanoForms:
an integrated server for processing, analysis and assembly of raw sequencing

data of microbial genomes, from Oxford Nanopore technology. PeerJ, 10, e13056.
doi:10.7717 /peerj.13056. IF__ 2022 = 3,061, liczba punktéw: 100, wktad: 10%.

[A-4] Czmil, A., Kluska, J., & Czmil, S. (2023). GPR: A Python implementation
of an extremely simple classifier based on fuzzy logic and gene expression pro-
gramming. SoftwareX, 22, 101362. doi:10.1016/j.s0ftx.2023.101362. IF__ 2022 =
2,868, liczba punktéw: 200, wkiad: 33,33%.



[A-5] Czmil, A. (2023). Comparative Study of Fuzzy Rule-Based Classifiers for Me-
dical Applications. Sensors, 23(2), 992. doi:10.3390/s23020992. IF_2022: 3,847,
liczba punktéw: 100, wklad: 100%.

Wszystkie artykuly naukowe wchodzace w sktad cyklu znajduja sie¢ w czasopi-
smach wyszczegdlnionych na liscie czasopism punktowanych Ministerstwa Nauki i Szkol-
nictwa Wyzszego i zostaly opublikowane w latach 2019-2023. Sumaryczny Impact Fac-
tor (zgodnie z rokiem ukazania sie publikacji) wynosi 14,988, a liczba punktéw MNiSW
(punktacja czasopism naukowych zgodnie z wykazem MNiSW) wynosi 570.

Motywacja oraz stan wiedzy

Koncepcja wykorzystania komputeréw do symulacji inteligentnego zachowania i kry-
tycznego mys$lenia zostala po raz pierwszy opisana przez Alana Turinga w 1950 r.
W pracy [1] przedstawit on test, ktéry pdézniej stal sie znany jako ,test Turinga”. Jego
celem byto ustalenie sposobu okreslania zdolno$ci maszyny do postugiwania sie jezy-
kiem naturalnym, a posrednio udowodnienie opanowania przez nig umiejetnosci mysle-
nia w sposéb podobny do ludzkiego [2]. Szesé lat p6zniej John McCarthy zaproponowal
termin sztuczna inteligencja (artificial intelligence, AI), ktora zdefiniowal jako nauke
obejmujaca inzynierie tworzenia inteligentnych maszyn, a zwtaszcza inteligentnych pro-
gramow komputerowych. Definicja ta ma zaréwno zwolennikéw, jak i przeciwnikéw. Ci
drudzy twierdza, ze zaawansowane zachowania i stany, takie jak mito$¢, kreatywnosé
czy wybory moralne, zawsze beda poza zasiegiem jakiejkolwiek maszyny czy programu
komputerowego [3].

Od potowy ubiegtego wieku naukowcy badaja potencjalne zastosowania tech-
nik inteligentnych w wielu réznych dziedzinach medycyny. W latach 70. XX wieku na
Uniwersytecie Stanford stworzono regutowy system ekspertowy MYCIN pozwalajacy
na zdiagnozowanie bakteryjnej choroby krwi i zaproponowanie odpowiedniej terapii [4].
Koncepcja systemow ekspertowych opiera sie na wykorzystaniu wiedzy i doswiadcze-
nia ekspertow w celu opracowania algorytméw wnioskowania, ktére pozwolg na podej-
mowanie decyzji bez bezposredniego udziatlu ludzkiego eksperta. System ekspertowy
moze dziata¢ samodzielnie lub wspomagaé eksperta w podejmowaniu decyzji, dostar-
czajac mu alternatywnych rozwiazan probleméw. Kolejnymi zaproponowanymi syste-
mami ekspertowymi byly PUFF i Icons, ktére pozwalaja kolejno na diagnozowanie

i leczenie chorob phtuc oraz udzielanie porad dotyczacych terapii antybiotykowej dla



chorych z oddziatéw intensywnej terapii [5]. Innym przyktadem systemu ekspertowego
wykorzystywanego w medycynie jest CASNET, ktorego zadaniem jest diagnoza, inter-
pretacja oraz terapia stanéw chorobowych zwiazanych z jaskra [6]. Wéréd systeméw
ekspertowych wykorzystywanych w obszarze medycyny zaproponowano takze systemy,
takie jak QMR, ELSA, AEGIS, HERMES czy AMIGO, ktérych zadaniem jest rowniez
pomoc lekarzom w procesie diagnozowania pacjentéw. Systemy ekspertowe mogg by¢

takze stosowane w autodiagnozie i autoleczeniu [5].

Postepy w dziedzinie uczenia maszynowego i sieci neuronowych umozliwity wspie-
ranie diagnostyki réznych choréb i stanéw patologicznych. W 2007 roku firma IBM
przedstawita system Watson, ktory wykorzystuje zaawansowang technologie DeepQA
do analizy nieustrukturyzowanych danych, oparta na przetwarzaniu jezyka naturalnego
oraz duza ilo$¢ danych pochodzacych z réznych dziedzin [7]. Wykorzystanie tej innowa-
cyjnej technologii w potaczeniu z elektroniczng dokumentacja medyczna pacjenta oraz
innymi zasobami elektronicznymi otworzyto droge do zastosowania jej w celu uzyska-
nia odpowiedzi medycznych opierajacych si¢ na dowodach. W 2017 roku IBM Watson
zostal zastosowany do identyfikacji nowych biatek wigzacych RNA, ktére odgrywaja
kluczowa role w patogenezie stwardnienia zanikowego bocznego [§]. Jego dziatanie prze-
testowano takze w badaniach pilotazowych dotyczacych identyfikacji celow lekéw czy

zmiany ich przeznaczenia [7].

Zaproponowany w 2022 roku przez firme Open Al Chat GPT to narzedzie cie-
szace sie ogromna popularnodcia, takze w kontekscie zastosowan medycznych [9]. Dzieki
wykorzystaniu uczenia maszynowego jest w stanie dyskutowac z uzytkownikiem, a takze
napisa¢ tekst o réznej dhugosci na podstawie dostarczonego przez uzytkownika zatoze-
nia. Potaczenie algorytméw sztucznej inteligencji oraz olbrzymiej bazy danych umozli-
wia wykonywanie przez czat polecen, takich jak ttumaczenie tresci na jezyki obce czy
generowanie kodu programu. Jego mozliwosci moga zosta¢ rowniez wykorzystane w sek-
torze ochrony zdrowia w zakresie zapewnienia wsparcia w wypelianiu dokumentacji
medycznej, a takze jej korygowania. Za pomoca czatu mozna sie takze zorientowac, ja-
kie dolegliwosci czy choroby moga sie kry¢ za podanymi przez uzytkownika objawami,
a takze poznaé leki dostepne bez recepty lub naturalne sposoby leczenia, a w przypadku
niepokojacych objawow uzyska¢ informacje o koniecznosci pilnej konsultacji z leka-
rzem. Narzedzie moze rowniez stanowic¢ rodzaj innowacyjnego wsparcia dla personelu

medycznego w podejmowaniu decyzji medycznych czy zdalnym monitoringu pacjenta.



Zastosowanie metod sztucznej inteligencji obejmuje rézne dziedziny medycyny.
Dalej omoéwiono kilka przyktadéw ich zastosowania. W radiologii sztuczna inteligencja
jest wykorzystywana do analizy obrazéw medycznych zaréwno w celach diagnostycz-
nych, jak i terapeutycznych. Wspomniane metody pozwalaja na automatyczne rozpo-
znawanie zlozonych wzorcow na obrazach, dostarczaja ilo$ciowej oceny cech radiolo-
gicznych, umozliwiaja wytyczenie obszaru zmian nowotworowych oraz odkrywanie cech
choroby, ktérych nie widaé¢ gotym okiem [10], 1T]. W kardiologii sztuczna inteligencja
jest stosowana w leczeniu oraz zapobieganiu chorobie wiencowej. Pozwala na automa-
tyczna interpretacje zaburzen rytmu serca, modelowanie ryzyka choroby czy przewidy-
wanie rokowania pacjentéw [12]. W dermatologii moze poméc w diagnozowaniu i lecze-
niu chorob skory, takich jak tuszczyca, atopowe zapalenie skéry, grzybica paznokci czy
nowotwory [I3]. W onkologii jest stosowana w celu wspierania decyzji klinicznych w dia-
gnostyce oraz badaniach przesiewowych w kierunku réznych rodzajéw nowotworow,
przetwarzania danych w celu wykrywania nowotworéw lub oceny rokowania pacjentow
[14]. W genomice szczegdlnie wazna role odgrywaja glebokie sieci neuronowe, ktére sa,
stosowane do przetwarzania duzych i ztozonych zbioréw danych genetycznych. Maja
takze duzy potencjal w przewidywaniu ryzyka wystgpienia choréb oraz medycynie
spersonalizowanej [15]. W neurologii wykorzystuje sie r6zne dziedziny sztucznej inteli-
gencji, obejmujgce uczenie nienadzorowane, systemy monitorujace ruchy i fazy drzenia,
algorytmy pozwalajace na analize sygnaléw z elektroencefalografii (EEG), ocene funkcji
ruchowych, identyfikacje wzorcow niestabilno$ci autonomicznej czy przewidywanie wy-
nikéw operacyjnego leczenia padaczki [16]. W diabetologii sztuczna inteligencja moze
by¢ stosowana do diagnostyki powiktan, monitorowania glikemii w czasie rzeczywistym
w celu osiggniecia jej optymalnego wyréwnania, predykeji stanu cukrzycy u pacjenta,
moze takze wspiera¢ prowadzenie zdrowego stylu zycia i przestrzeganie zalecen doty-
czacych przyjmowania lekéw [I7]. Sztuczna inteligencja jest takze stosowana w hemato-
logii, przy rozpoznawaniu rodzajow komoérek krwi, wspomaga diagnostyke nowotworow
hematologicznych i stopnia ich zaawansowania oraz innych choréb hematologicznych

I1s].

Wykorzystanie sztucznej inteligencji w diagnostyce medycznej przynosi wiele
obiecujacych rezultatow, wciaz jednak istnieja pewne wyzwania i ograniczenia. Jednym
z najwiekszych probleméw wcigz pozostaja kwestie etyczne. Istnieja réwniez obawy,

ze niektére decyzje medyczne podjete przez narzedzia kliniczne oparte na sztucznej
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inteligencji moga dzialaé¢ na niekorzys¢ pacjenta, chociazby ze wzgledu na ogranicze-
nia w zakresie inteligencji emocjonalnej i empatii. Jednoczesnie dostosowanie obecnych
praktyk odpowiedzialnosci i bezpieczenstwa zwigzanych z wykorzystaniem sztucznej
inteligencji w medycynie jest wcigz niedostateczne. Pojawiaja sie rowniez obawy do-
tyczace prywatnosci pacjentow i bezpieczenstwa danych medycznych, szczegdlnie tych
przechowywanych w chmurze, ktére wymagaja stosowania odpowiednich procedur bez-
pieczenstwa i przestrzegania odpowiednich przepiséw. Kolejnym ograniczeniem jest to,
ze sztuczna inteligencja wymaga duzej ilosci danych medycznych, aby doktadnie przewi-
dywa¢ wyniki leczenia. Konieczne jest zatem zapewnienie odpowiedniej jakosci danych,
poniewaz maja one bezposredni wplyw na wyniki diagnostyczne [19, 20] 21]. Systemy
oparte na sztucznej inteligencji mogg by¢ stosowane do rozpoznawania konkretnego
przypadku, do ktérego zostaly zaprojektowane i wytrenowane, jednak ich zakres wie-
dzy jest limitowany. Ponadto, spektrum zadan poznawczych i spotecznych sztucznej
inteligencji w réznorodnych, nieprzewidzianych okoliczno$ciach jest znacznie wezsze od
eksperta ludzkiego [22].

Reasumujac, wykorzystanie sztucznej inteligencji w medycynie jest obiecujace
i moze poméc poprawic jakos¢ zycia pacjentow, zwiekszy¢ skutecznosé diagnostyki i te-
rapii, a takze zoptymalizowac koszty leczenia. Weiaz jednak istniejg liczne ograniczenia
i wyzwania, ktérym trzeba sprosta¢. W zwiazku z tym konieczne jest ciagte dosko-
nalenie istniejacych metod, prowadzenie dalszych badan oraz proponowanie nowych

rozwigzan dotyczacych wykorzystania sztucznej inteligencji w medycynie.
Hipoteza badawcza oraz cele pracy

Gléwnym celem pracy jest przedstawienie mozliwosci zastosowania metod sztucznej
inteligencji do poprawy jakosci i skutecznosci procesu diagnostyki medycznej. Opierajac

sie na tym zatozeniu, w pracy sformutowano hipoteze, ktéra zaktada, ze

MoZliwe jest wykorzystanie roznych metod sztucznej inteligencii do analizy
danych medycznych © automatyzacji wybranych procesow diagnostycznych,
pozwalajgce na uzyskanie interpretowalnych wynikow z doktadnosciq i efek-

tywnoscig nie gorszq niz innych istniejgcych metod znanych z literatury.

W celu potwierdzenia postawionej hipotezy sformutowano nastepujace zadania szcze-

gotowe:
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1) Zastosowanie metod sztucznej inteligencji do klasyfikacji cukrzycy typu 1 na
podstawie danych uzyskanych za pomoca nieinwazyjnych pomiaréw aktywnosci

fizycznej.

2) Opracowanie metody pozwalajacej na automatyczne, jednoczesne rozpoznawa-
nie i zliczanie czerwonych i bialych krwinek oraz ptytek krwi na podstawie zdjec

mikroskopowych z wykorzystaniem glebokich sieci neuronowych.

3) Opracowanie aplikacji umozliwiajacej automatyzacje procesu oceny, sktadania
i identyfikacji sekwencji genomowych uzyskanych za pomoca nowych metod
sekwencjonowania przy uzyciu narzedzi korzystajacych z metod uczenia maszy-

nowego.

4) Implementacja w jezyku Python klasyfikatora opartego na logice rozmytej i pro-
gramowaniu ekspresji genow, stuzacego do generowania wysoce interpretowal-

nych regut rozmytych.

5) Opracowanie narzedzia pozwalajacego na eksperymentalne poréwnanie wybra-
nych rozmytych algorytméw opartych na regutach do klasyfikacji danych me-
dycznych.

Osiagniecie celu dysertacji polega na realizacji wyszczegélnionych zadan, ktore
wymagajg pozyskania, przetworzenia i analizy danych, sformutowania konkretnych za-
dan i wyboru najbardziej odpowiednich narzedzi informatycznych do ich rozwigzania,
opracowania oprogramowania, przeprowadzenia testow zaproponowanych rozwiazan,

interpretacji uzyskanych wynikéow oraz sformutowania wnioskow.
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2. Metody sztucznej inteligencji w diagnostyce

medycznej

W tym rozdziale przedstawiono proponowane zastosowania metod sztucznej inteligencji
w diagnostyce medycznej. W kolejnych podrozdziatach opisano kolejno nieinwazyjna
metode wykrywania cukrzycy typu 1, poruszono problematyke rozpoznawania komoérek
krwi na zdjeciach z rozmazu krwi za pomocg gtebokiej sieci neuronowej oraz przedsta-
wiono mozliwosci automatyzacji proceséw oceny jakosci i sktadania genoméw proka-
riotycznych. Ostatnie dwa podrozdziaty dotyczg zastosowania programowania ekspresji
genéw do wydobywania metaregut z danych medycznych oraz poréwnania rozmytych

klasyfikatorow opartych na regutach i metaregutach.

2.1. Diagnozowanie cukrzycy na podstawie aktywnosci

fizycznej

Cukrzyca (diabetes mellitus) stanowi grupe choréb metabolicznych charakteryzuja-
cych sie hiperglikemia — zbyt wysokim stezeniem glukozy we krwi [23]. Typ 1 cukrzycy,
w ktérym organizm nie produkuje wystarczajacej ilosci insuliny, jest szczegdlnie po-
wszechny wérdd dzieci i mtodziezy [24] 25]. Wspotezesnie jest ona najezesciej diagnozo-
wang choroba przewlekta okresu dziecigcego, a wskaznik zachorowan w Polsce wynosi
obecnie 18-25 przypadkéw rocznie na 100 000 mieszkancéw [26]. Co wiecej, wzrasta
liczba nowych przypadkéw cukrzycy wéréd dzieci w wieku do széstego roku zycia [27].
Podstawowym sposobem leczenia tej choroby jest gtéwnie podawanie insuliny, zmiana
nawykéw zywieniowych i wprowadzenie umiarkowanej aktywnosci fizycznej [28, 29].

Opodznione rozpoznanie cukrzycy u dzieci moze prowadzi¢ do powaznych powi-
ktan dotyczacych uktadu nerwowego, takich jak neuropatia obwodowa i autonomiczna,
uktadu krazenia, w tym miazdzycy, choroby wiencowej i udaru mozgu, a takze choréb
narzadow wewnetrznych, takich jak retinopatia cukrzycowa, nefropatia cukrzycowa czy
uszkodzenie stuchu [30, BI]. Osoby cierpiace na cukrzyce sa szczegdlnie narazone na
depresje, choroby nerwicowe, niealkoholowe sttuszczenie watroby, choroby przyzebia,
utrate stuchu oraz powiklania podczas ciazy [32, 33, [34].

Diagnostyka cukrzycy wymaga pomiaru stezenia glukozy w osoczu krwi, ktore
mozna wykona¢ w medycznym laboratorium diagnostycznym lub w warunkach domo-

wych za pomoca glukometru. Mozna ja takze rozpozna¢ po stwierdzeniu podwyzszo-
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nego stezenia hemoglobiny glikowanej (HbAlc) we krwi [35]. Aby wykonaé badanie za
pomoca glukometru, nalezy pobraé¢ krople krwi z opuszki palca pacjenta i umiesci¢ ja
na specjalnym pasku testowym [36]. Aktualne kryteria rozpoznawcze cukrzycy uzna-
wane zar6wno przez Amerykanskie Stowarzyszenie Diabetykéw (ADA), jak i Swiatowsa
Organizacje Zdrowia (WHO) obejmuja stwierdzenie podwyzszonego stezenia glukozy
na czczo, natomiast WHO uznaje badanie obcigzenia glukozg za dodatkowy czynnik
diagnostyczny choroby [23].

Celem pracy wchodzacej w sktad rozprawy doktorskiej byto zaproponowa-
nie nieinwazyjnej metody wykrywania cukrzycy typu 1, opartej na pomiarze aktywnosci
fizycznej. Zostaty do tego wykorzystane rzeczywiste dane pochodzace z badan prze-
prowadzonych w latach 2014-2016 przez Eweling Czenczek-Lewandowska [37]. Zbiér
danych obejmowat grupe 230 dzieci w wieku od 6 do 18 lat, w tym 115 dzieci zdrowych
oraz 115 dzieci z cukrzyca typu 1, bedacych pod opieka Poradni Cukrzycowej dla dzieci
w Klinicznym Szpitalu Wojewddzkim nr 2 w Rzeszowie. Kazdy rekord danych zawierat

dziewie¢ parametréw:
- wiek,
- ptec,
- Wage,
- wzrost,
- tygodniowa liczbe krokow,
- tygodniowa liczbe minut zajeé¢ sedenteryjnych (bardzo lekkiej aktywnosci fizycz-
nej),
- tygodniowg liczbe minut lekkiej aktywnosci fizycznej,
- tygodniowa liczbe minut umiarkowanej aktywnosci fizycznej,
- tygodniowa liczbe minut intensywnej aktywnosci fizycznej,
- informacje o wystepowaniu cukrzycy typu 1.
Parametry dotyczace aktywnosci fizycznej byly rejestrowane przez siedem kolej-
nych dni badania w sposéb nieinwazyjny za pomoca akcelerometru ActiGraph w wersji

noszonej na nadgarstku. Warto takze zaznaczy¢, ze akcelerometry sa obecnie najdo-

ktadniejszymi i najbardziej obiektywnymi czujnikami ruchu stuzacymi do oceny aktyw-
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nosci fizycznej, poniewaz wykrywaja przyspieszenia ruchu ciata, dajac mozliwo$é rze-
telnego pomiaru intensywnosci, czasu trwania aktywnosci fizycznej, jak rowniez liczby
wykonanych krokéw i czasu spedzonego w sposéb bierny.

W wyniku selekcji cech uzyskanej metoda wspétczynnika korelacji najwazniej-
szymi parametrami w wykrywaniu choroby okazaty sie kolejno: tygodniowa liczba kro-
kow, liczba minut wysokiej oraz umiarkowanej aktywnosci fizycznej. Zastosowanie algo-
rytmu drzewa decyzyjnego pozwolito na graficzne przedstawienie procesu decyzyjnego
i utatwienie zrozumienia, na czym polega model podejmowania decyzji. Schemat drzewa

decyzyjnego zostal przedstawiony na rysunku 2.1

minuty intensywnej
aktywnosci fizycznej

118,53 = 118,5
CHORY minuty intensywnej
aktywnosci fizycznej
= 516,083 = 516,083
CHORY
liczba krokdw
=54 860 > 54 860
finuty lekkiej aktywnosc ZDROWY
fizycznej
= 820,917 > 820,917
CHORY
liczba krokow
=40 226 =40 226
i minuty lekkiej aktywnoscl
fizyczne]
= 764,333 = 764,333
CHORY ZDROWY

Rysunek 2.1: Schemat drzewa decyzyjnego

W rozwiazaniu zadania klasyfikacji binarnej dotyczacej wystepowania cukrzycy
typu 1 wsréd dzieci i mtodziezy zastosowano dziesie¢ popularnych algorytméw sztucz-
nej inteligencji, tj. metode wektoréw wspierajacych (support vector machines, SVM),
probabilistyczng sie¢ neuronowa (probabilistic neural network, PNN), perceptron wie-

lowarstwowy (multilayer perceptron, MLP), metode grupowania argumentéw (group
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method of data handling, GMDH), programowanie ekspresji genéw (gene expression
programming, GEP), regresje liniowa (linear regression), radialng funkcje bazowa (ra-
dial basis function network, RBF), regresje logistyczna (logistic regression), drzewo

decyzyjne (decision tree, DT) oraz las losowy (random forest, RF).

Tabela 2.1: Wartosci metryk wydajnosciowych obliczonych dla wszystkich badanych algorytmoéw kla-
syfikacyjnych na zbiorze danych dotyczacych cukrzycy typu 1

Algorytm Acc (%) Sen (%) Spe (%) Prec (%) G-index AUC
RF 86.09 87.83 84.35 84.87 0.1983 -
PNN 84.35 89.57 79.13 81.10 0.2333  0.926578
SVM 84.35 86.96 81.74 82.64 0.2244  0.909716
DT 83.48 86.09 80.87 81.82 0.2365 -
GEP 83.04 83.48 82.61 82.76 0.2399  0.830435
Logistic regression 82.61 84.35 80.87 81.51 0.2472 0.883478
GMDH 82.61 82.61 82.61 82.61 0.2460  0.905482
RBF 82.17 85.22 79.13 80.33 0.2557  0.905331
MLP 81.30 86.09 76.52 78.57 0.2729  0.897921
Linear regression 80.87 85.22 76.52 78.40 0.2774 0.884008

Oceny jakosci klasyfikacji binarnej dokonano za pomoca metryk wydajnoscio-
wych, takich jak doktadnosé (accuracy, ACC), czulosé (sensitivity, Sen), specyficzno$é
(specificity, Spe), precyzja (precision, Pre), wskaznik dobroci (goodness index, G-index)
i pole pod krzywa charakterystyki dzialania odbiornika (area under ROC curve, AUC).
Najlepsze wyniki doktadnosci (86,09%), specyficznosci (84,35%), precyzji (84,87%) oraz
wskaznika zgodnosci (0,1983) uzyskano, stosujac metode lasu drzew decyzyjnych. Naj-
wickszg czulosé osiggneta probabilistyczna sie¢ neuronowa — 89,57%.

W celu wyodrebnienia konkretnych grup danych zastosowano takze metode kla-
strowania. Analiza wykazata, ze uzyskane grupy sa zblizone do oryginalnie przypi-
sanych klas. W kolejnym kroku wyselekcjonowano 215 rekordéw pokrywajacych sie
z oryginalnymi klasami i na ich podstawie zaimplementowano model drzewa regre-
sji jednoelementowej. Wyniki wskazuja na ryzyko zachorowania na cukrzyce typu 1
u dzieci i mtodziezy pokonujacych mniej niz 60 837 krokéw tygodniowo, a reguta ta
jest spelniona w co najmniej 65% przypadkéw. Schemat drzewa decyzyjnego po zasto-
sowaniu klastrowania zostal przedstawiony na rysunku [2.2] Przeprowadzone badania

potwierdzity mozliwos¢ diagnostyki cukrzycy typu 1 za pomocg pomiaru aktywnosci fi-
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zycznej, ktory jest znacznie nizszy u dzieci i mtodziezy z cukrzyca typu 1 w poréwnaniu

liczba krokow

=60 837 > 60837

ze zdrowymi rowiesnikami.

Rysunek 2.2: Schemat drzewa decyzyjnego po klastrowaniu

Udziat wtasny autorki niniejszej rozprawy doktorskiej w przygotowaniu pracy
|A-2]| polegal na wspotautorstwie koncepcji artykutu, doborze algorytméw sztucznej
inteligencji do eksperymentéw z uwzglednieniem przyjetej metodologii, a takze wspot-
udziale w przeprowadzeniu eksperymentéw obliczeniowych, opracowaniu i analizie wy-

nikow, przygotowaniu grafik oraz wspétredakeji pracy.

2.2. Zastosowanie glebokiej sieci neuronowej do rozpoznawania

komoérek krwi

Glebokie sieci neuronowe odgrywaja szczegdlna role w inzynierii biomedycznej i aktyw-
nie wspomagaja diagnostyke medyczna [38]. Dzieki mozliwo$ciom uczenia sie z duzych
zbioréw danych i automatycznego wykrywania wzorcow te modele sztucznej inteligen-
cji stanowia obiecujgce rozwigzanie dla wielu trudnych probleméw diagnostycznych.
Jednym z nich jest zliczanie komoérek krwi na obrazach mikroskopowych.

Morfologia krwi jest tanim, prostym do wykonania i tatwo dostepnym badaniem,
ktére przynosi wazne informacje pomocne w diagnostyce wielu choréb [39]. Zawiera
informacje o produkcji komérek krwi, a takze o ich liczebnosci. Analiza wynikéw mor-
fologii krwi pozwala na ocene zdolnosci pacjenta do transportu tlenu oraz jego uktadu
odpornosciowego. W wyniku tego testu mozna wykry¢ anemie, sepse, niektére nowo-
twory, infekcje i wiele innych choréb, a takze monitorowaé dziatania niepozadane lekdéw
40, @1].

W laboratoriach medycznych codziennie pojawia sie duza liczba prébek krwi,
ktore muszg zostaé szybko i skrupulatnie przebadane. Do wtasciwej interpretacji wyni-
koéw badan, a takze do precyzyjnej diagnostyki jest wymagana spora wiedza i doswiad-
czenie personelu medycznego. Najczesciej stosowang metoda analizy préobek krwi jest

analiza mikroskopowa rozmazu krwi pod katem liczby i jakosci poszczegdlnych komo-
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rek krwi, takich jak erytrocyty, leukocyty i trombocyty [42]. Alternatywa dla recznego
liczenia komorek, polegajacego na ogladaniu obrazéw pod mikroskopem i manualnej
identyfikacji komorek, sa metody pdétautomatyczne i automatyczne. Metody potauto-
matyczne sktadajg sie najczesciej z kilku etapow i wymagaja interakcji personelu labo-
ratoryjnego. Metody automatyczne wykorzystuja zas zaawansowane oprogramowanie

i sprzet, ktore automatycznie wykrywaja i zliczaja komoérki na obrazach.

Automatyczne metody liczenia komérek maja zaréwno zalety, jak i wady. Wsrod
zalet mozna wymieni¢ wigkszg wydajnosc i doktadnosé w poréwnaniu z reczng metoda.
Nalezy jednak poswieci¢ dodatkowy czas na odpowiednie przygotowanie obrazow ko-
morek. Wykrywanie komoérek musi takze zostaé¢ potaczone z analiza iloSciowa komoérek
i uzyskaniem doktadnej liczby komorek na obrazie medycznym, co jest niezbedne do

wlasdciwej interpretacji wynikow badan i precyzyjnej diagnostyki.

W ostatnich latach nastapit dynamiczny rozwdéj duzych modeli gltebokich sieci
neuronowych, ktére wyewoluowaly z klasycznych sieci neuronowych. Algorytmy wy-
korzystujace sieci gltebokie znalazty zastosowanie w analizie tekstu pisanego, syntezie
mowy, a takze w rozpoznawaniu mowy i obrazéw, w tym réwniez w kontekscie diagno-
styki medycznej [43]. Wiele niezaleznych badan potwierdzito skutecznosé i efektywnosé
sieci uczenia glebokiego, zwlaszcza w zastosowaniach do automatycznego liczenia ko-
moérek krwi [44) [45] [46], 47, 148, 49, 50, B, B2, B3, B4]. Posréd nich kilka artykutéw
opisywalo klasyfikacje i liczenie réznych typow krwinek biatych i ptytek krwi z wyko-
rzystaniem glebokiej sieci neuronowej. Wcigz jednak brakowato doktadnej analizy do-
tyczacej doboru optymalnych parametréw w procesie uczenia, tj. okreslenia optymalnej
liczby epok i progéw, ktore pozwolg osiagnaé najlepsze wyniki. Ponadto, wyniki uzy-
skane we wczesniejszych pracach czesto byty oceniane tylko na podstawie doktadnosci,
ktora bez watpienia jest wazna metryka, ale czesto niewystarczajaca, np. w przypadku
nierownomiernego rozktadu elementéw w klasach. Z tego powodu wyniki powinny by¢
rowniez oméwione w kontekscie waznych metryk wydajnosciowych, takich jak czutosé,
precyzja i wynik F1. Wiele prac skupialo sie na rozpoznawaniu komoérek na matych
obrazach (wycinkach), podczas gdy mikroskopowe obrazy medyczne czesto zawieraja
setki naktadajacych sie na siebie i stykajacych ze sobg komérek, co stanowi dodatkowe
wyzwanie. Celem artykuhlbylo opracowanie precyzyjnej i automatycznej metody
jednoczesnego liczenia trzech réznych typow komorek na jednym obrazie z wykorzy-

staniem sieci RetinalNet.
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Sie¢ RetinaNet to sie¢ neuronowa oparta na architekturze sieci konwolucyjnych
(convolutional neural networks, CNN), ktéra zostala zaprojektowana w 2017 roku przez
badaczy z Facebook AI Research do wykrywania obiektéw na obrazach [55]. Zasadni-
czo sklada sie z dwéch czesci: podstawy sieci (backbone) stuzacej do ekstrakeji cech,
opartej na ResNet, oraz sieci Feature Pyramid (FPN) stuzacej do gromadzenia cech na
roznych poziomach rozdzielczoéci. RetinaNet wykorzystuje takze funkcje straty Focal
Loss, ktora pozwala na radzenie sobie z problemem nieréwnowagi miedzy ttem a wy-

krywanymi obiektami. Schemat architektury sieci przedstawiono na rysunku
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Rysunek 2.3: Architektura sieci RetinaNet

Do uczenia sieci od podstaw wykorzystano rzeczywisty zbior danych sktada-
jacy sie z 900 obrazéw zawierajacych czerwone i biate krwinki oraz ptytki krwi. Testy
aplikacji przeprowadzono, korzystajac ze zbioru obrazéw leukocytéow do segmentacji
i klasyfikacji (Leukocyte Images for Segmentation and Classification, LISC) [50], za-
wierajacego obrazy leukocytow do segmentacji i klasyfikacji o rozdzielczosci 720x576
uzyskane za pomocg mikroskopu $wietlnego ze stukrotnym powiekszeniem i rejestro-
wanych za pomoca aparatu cyfrowego. Przed rozpoczeciem uczenia zbiér uczacy zostat
opatrzony adnotacjami odnoszacymi si¢ do trzech rodzajow komorek.

Nastepnie sie¢ RetinaNet ze szkieletem ResNet50 zostata wytrenowana do rozpo-
znawania i klasyfikacji komorek krwi. Sie¢ byta uczona przez wykonywanie réznej liczby
epok i zapisywanie poszczegdlnych modeli. Nastepnie dla modeli uczonych z liczba 10,
15, 20, 25, 30, 35 i 40 epok zbadano wplyw liczby epok na spadki w funkcji straty.
Wyniki uzyskane dla kolejnych epok uczenia przetestowano manualnie na 15 zdjeciach,
obliczajac éredni wynik miary F1 dla kazdej epoki. Metryka F1, bedaca $rednig har-
moniczng precyzji i czutosci, zostata wybrana jako wstepna miara oceny jakosci detek-
cji i klasyfikacji komoérek krwi przez model. Przy wyborze wzieto pod uwage rozmiar

wstepnego zbioru danych testowych, problem niezréwnowazonych danych oraz istotne
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znaczenie obu tych metryk w kontekécie medycznym. Na podstawie uzyskanych wy-
nikéw wybrano modele trenowane za pomoca 10 i 30 epok, ktore osiggnelty wysokie
wyniki miary F1 i stabilna funkcje straty.

Dla wybranych modeli RN10 i RN30 przeprowadzono szczegbétowe badania na
wiekszej liczbie zdjec¢. Z zestawu wybrano losowo 131 obrazéw do liczenia biatych krwi-
nek, 64 obrazy do liczenia ptytek krwi i 15 obrazéw do liczenia krwinek czerwonych.
Wybér réznej liczby obrazéw do badan jest zwiazany z liczba pojedynczych komérek
zawartych na kazdym obrazie. Z uwagi na duza liczbe krwinek czerwonych ($rednio 121
na obraz) do ich zliczania i dalszych badan wybrano tylko 15 obrazéw. Rozpoznane ko-
morki zostaty automatycznie oznaczone przez sie¢ za pomocg ramek ograniczajacych,
zgodnie z reprezentowanym typem. Porownano takze wyniki uzyskane dla modelu tre-

nowanego z 10 epokami i 30 epokami.

Wymniki badan dotyczacych sieci RetinaNet wykazaty, ze kazdy typ komorki
krwi ma swoja optymalng wartos¢ progowa, ktéra pozwala na osiggniecie najwyzszej
doktadnosci rozpoznawania i zliczenia danego typu komérek. Model RN10 po wykona-
niu 10 epok uczenia byt juz stosunkowo doktadny w liczeniu krwinek, ale wykonanie
30 epok uczenia sprawito, ze wydajno$¢ modelu sie zwiekszyta. Model RN30 osiggnat
doktadno$é liczenia krwinek czerwonych, krwinek biatych i ptytek krwi wynoszaca od-
powiednio 99,7%, 98,6% i 97,8%. Po wykonaniu 40 epok zaobserwowano juz oznaki
przetrenowania modelu. W ramach badania ustalono réwniez jeden optymalny prog
wynoszacy 0,45, ktory pozwolit na poprawne rozpoznawanie i zliczanie krwinek bia-
tych i ptytek krwi oraz wigkszosci erytrocytéw. Wyniki sugeruja réwniez, ze wybor
optymalnego modelu do liczenia komoérek krwi jest trudnym zadaniem i zalezy od
wielu czynnikéw, takich jak prog ufnosci, liczba epok oraz wybrane kryterium oceny
jakosci zliczania. Ze wzgledu na mnogos$¢ dobieranych parametrow i brak jednoznacz-
nych kryteriow, wybér optymalnego modelu do liczenia komérek krwi jest problemem

otwartym.

Nastepnie otrzymane wyniki poréwnano do wynikéw uzyskanych przez innych
autorow ([51), 52, 53, 64]) zajmujacych sie tematyka liczenia krwinek czerwonych, bia-
tych i ptytek krwi. Wyniki poréwnania wskazuja, ze zaproponowane podejscie znacznie
poprawia doktadno$é¢ liczenia komoérek. Sa one bardzo satysfakcjonujace, biorac pod
uwage jednoczesne rozpoznawanie i liczenie trzech rodzajow komoérek. Ponadto, obrazy

medyczne nie wymagaja dodatkowej obrobki, a wyniki sg uzyskiwane po jednorazowej
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prezentacji obrazu. Opracowana w tym celu aplikacja posiada potencjal do zastapienia
manualnej identyfikacji i liczenia komoérek krwi.

W ramach prac dotyczacych opracowania artykutu wktad wtasny autorki
polegal na udziale w implementacji oprogramowania stuzacego do identyfikacji i zlicza-
nia komoérek na obrazach z rozmazéw krwi, wspotopracowaniu metodologii i przepro-
wadzeniu czedci eksperymentow obliczeniowych, wspotopracowaniu i analizie wynikow,

przygotowaniu rysunkow oraz tabel, wspétredakeji pracy.

2.3. Automatyzacja proceséw oceny jakosci oraz sktadania

genomow prokariotycznych

Sekwencjonowanie DNA jest technikg odczytywania kolejnosci par nukleotydowych
w czasteczce DNA, wykonywanego gltéwnie za pomocy zautomatyzowanych sekwena-
toréw. Sekwencjonowanie za pomoca technologii Oxford Nanopore (ONT) jest tech-
nikg sekwencjonowania nastepnej generacji (NGS), sekwencjonowania trzeciej generacji
(3GS), polegajaca na elektroforetycznym transporcie kwaséw nukleinowych przez ka-
naly zlozone z biatek (nanoporéw) oraz identyfikacji ich sekwencji na podstawie zmian
mierzonego sygnatu elektrycznego. Kwas deoksyrybonukleinowy (DNA) jest zbudo-
wany z czterech rodzajow nukleotydow, rézniacych sie zasadami azotowymi: adeniny
(A) i tyminy (T) oraz cytozyny (C) i guaniny (G). Kazda z nich ma inng mase i struk-
ture chemiczng, a w zwiazku z tym kazda z zasad generuje unikatowy sygnat pradowy,
co umozliwia jednoznaczne przypisanie sekwencji DNA.

Technologia Oxford Nanopore charakteryzuje sie wysoka jakoscia uzyskiwanych
danych oraz prostotg obstugi, a takze stosunkowo krotkim czasem sekwencjonowania.
Umozliwita réwniez wydtuzenie odczytow sekwencyjnych oraz bezposrednie sekwencjo-
nowanie czasteczek DNA i RNA w ich naturalnym stanie. W ciggu kilku lat od wpro-
wadzenia pierwszego sekwenatora nanoporowego technologia Oxford Nanopore stata
sie jedna z przodujacych metod sekwencjonowania [57]. Ze wzgledu na swoja prostote,
dostepnosé oraz przystepng cene sekwencjonowanie nanoporowe jest coraz czesciej sto-
sowane w badaniach epidemiologicznych do szybkiej identyfikacji i monitorowania roz-
przestrzeniania si¢ chorobotworczych bakterii. Technologia Oxford Nanopore moze si¢
takze przyczynié do rozwoju Internetu Rzeczy Zywych (Internet of Living Things,
IoLT), poniewaz sekwencjonowanie DNA w czasie rzeczywistym pozwolitoby na moni-

torowanie mikroorganizmow w glebie lub w wodzie, badanie réznorodnosci genetycznej
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populacji zwierzat lub roslin, a takze diagnozowanie choréb zakaznych w terenie.

Analiza sekwencji DNA bakterii jest istotnym elementem diagnostyki medycz-
nej, poniewaz umozliwia automatyczna klasyfikacje bakterii, identyfikacje chorobotwor-
czych gatunkéw, okreslanie wrazliwosci na antybiotyki, analize mikrobiomu jelitowego,
przewidywanie ryzyka wystapienia choréb zwiazanych z okreslonymi gatunkami bak-
terii czy wczesne wykrywanie infekcji bakteryjnych na podstawie analizy sekwencji
genomoéw [58]. Metody uczenia maszynowego pozwalaja na przewidywanie jakosci se-
kwencji nukleotydéw, ich sktadanie, filtrowanie oraz korekcje btedéw w sekwencjach.
Aplikacja-serwer NanoForms opisana w artykule [|A-3]| pozwala na automatyzacje pro-
cesOW oceny jakoéci i sktadania genomow prokariotycznych. Umozliwia analize danych
genomdéw osobom bez specjalistycznej wiedzy bioinformatycznej lub informatyczne;j.
Wykorzystanie metod uczenia maszynowego do wczesnego wykrywania infekcji bakte-
ryjnych na podstawie analizy sekwencji genoméw moze znacznie usprawnic¢ skuteczne
leczenie i zapobieganie rozwojowi powaznych choréb oraz epidemii [59] 60].

Niemniej jednak, po zakonczeniu standardowego eksperymentu za pomocg ONT
badacze staja przed wyzwaniem przetworzenia ogromnej ilosci surowych danych. Na
rynku istnieje wiele narzedzi bioinformatycznych, ktore stuza do klasyfikacji taksono-
micznej, jednak ich zastosowanie moze by¢ trudne dla niedoswiadczonych uzytkowni-
kow z powodu ztozonosci narzedzi, liczby funkcjonalnosci, ustawien parametréw oraz
problemow z instalacja i aktualizacja. Mimo dostepnosci badan poréwnawczych, ktére
dostarczaja zalecen dotyczacych najlepszych narzedzi i ich uruchamiania, korzystanie
z tych narzedzi wcigz moze wymagaé¢ doswiadczenia i zaawansowanej wiedzy bioinfor-

matycznej.

W celu rozwiazania wymienionych probleméw opracowano aplikacje NanoForms.
Zostala ona zaimplementowana przy uzyciu jezyka Python, frameworka Django, sys-
temu operacyjnego Linux/UNIX/BSD, Workflow Description Language (WDL). Wyko-
rzystano takze Cromwell, Crontab, Docker i BioContainers oraz niestandardowy zestaw
narzedzi bioinformatycznych, takich jak Bandage, Fastp, FastQC, Filtlong, Flye, Kra-
ken 2, Kraken Tools, Krona, Medaka, Nanofilt, NanoPlot, Prokka, Rebaler, Unicycler
czy QUAST. Niektore z narzedzi, m.in. Kraken 2 czy Medaka, wykorzystuja metody
sztucznej inteligencji w swoim dziataniu. Kraken 2 stosuje metody uczenia maszyno-
wego do klasyfikacji genoméw lub metagenomoéw do okreslonych taksonow przy uzyciu

sekwencji referencyjnych [61, 62]. Medaka to narzedzie do tworzenia konsensusowych
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sekwencji i wariantéw wywotan z danych uzyskanych z sekwencjonowania nanoporo-
wego. Do realizacji tego zadania Medaka wykorzystuje sieci neuronowe, ktore operuja
na zestawie pojedynczych odezytéw sekwencjonowania [63]. Diagram przeptywu danych

w aplikacji NanoForms zostal przedstawiony na rysunku
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Rysunek 2.4: Diagram przeplywu danych w aplikacji NanoForms

Aplikacja NanoForms jest dostepna bezptatnie do celéw akademickich. Kod zré-
dlowy aplikacji jest udostepniony publicznie (na licencji GPLv3) do uzytku niekomer-
cyjnego i jest dostepny pod adresem internetowym https://github.com/czmilanna/
NanoForms. Pozwala na prostg instalacje lokalnej wersji NanoForms. Dziatanie aplika-
cji ograniczono do analizy matych genoméw prokariotycznych (sekwencje o wielkosci
do 15 Mb i do 15 GB rozmiaru pliku), poniewaz w przypadku ludzkiego genomu ty-
powy surowy zestaw danych z sekwencjonowania Oxford Nanopore przekracza 1 TB.
Powoduje to utrudnienia z przesytaniem surowych danych przez Internet, nawet przy
duzej przepustowosci, a takze wymaga znacznych nakladéw finansowych na zasoby
obliczeniowe.

Uzytkownicy nieposiadajacy konta w systemie maja mozliwo$¢ dostepu do przy-
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ktadowych zbioréw danych oraz wynikéw testéw jakosci i sktadania sekwencji w celu
zapoznania sie z funkcjonalnosciami oferowanymi przez aplikacje. Aby korzystac z gtow-
nych funkcjonalnosci aplikacji, wymagana jest rejestracja i zalogowanie si¢ w systemie,
co jest zwigzane z zapewnieniem bezpieczenstwa systemu.

W celu zalozenia konta w systemie nalezy wypekli¢ formularz rejestracyjny,
a nastepnie potwierdzi¢ rejestracje za pomoca wiadomosci wystanej na podany przy re-
jestracji adres e-mail. Po rejestracji uzytkownik ma mozliwos¢ zalogowania sie na swoje
konto. Zalogowani uzytkownicy moga dodawaé wtasne zbiory danych do pdzZniejszej
analizy. Posiadaja takze dostep do kilku publicznych zestawéw danych pochodzacych
z Europejskiego Archiwum Nukleotydéw (ENA; http://www.ebi.ac.uk/ena). Uzyt-
kownicy moga wykorzystywaé te zbiory danych do przeprowadzania testow jakosci lub
sktadania sekwencji danych przy uzyciu odpowiednich formularzy dostepnych w Nano-
Forms.

Przeprowadzenie testu jakosci w NanoForms pozwala uzytkownikowi zdecydo-
wacé, czy kontynuowac analize, czy tez powrdci¢ do laboratorium w celu poprawy jakosci
danych. Aplikacja oferuje takze dwie gtéwne strategie sktadania genoméw bakteryjnych

przy uzyciu sekwencjonowania z dtugim odczytem:

- sktadanie de novo (de novo assembly) — polega na odtworzeniu badanej sekwencji
przez sklejanie dtugich odczytéw nakladajacych sie na siebie bez koniecznosci

stosowania genomu referencyjnego,

- sktadanie hybrydowe (hybrid assembly) — taczy odczyty diugie z odczytami
krotkimi, co ma na celu zapewnienie wiekszej doktadnosci sktadania. Pierwszym
krokiem jest wykorzystanie odczytéw diugich do zbudowania wstepnej wersji
genomu, a nastepnie wykorzystanie odczytéw krotkich do poprawienia bledéw
i uzupehienia luk w sekwencji. Sktadanie hybrydowe jest stosowane szczegolnie

w przypadku organizméw o wysokiej ztozonosci genomowe;j.

W celu przeprowadzenia sktadania hybrydowego nalezy zaltadowaé¢ dwa zestawy
danych: jeden zawierajacy ditugie odczyty uzyskane przy uzyciu sekwencjonowania
Oxford Nanopore, a drugi — referencyjny — sktadajacy sie z krotkich odezytéw z sekwe-
natora Illumina. NanoForms oferuje réwniez opcje wyboru niektérych parametrow dla
zaawansowanych uzytkownikow. Proces sktadania genoméw jest czasochtonna operacja,

dlatego tez podczas wykonywania analizy uzytkownik ma podglad procesu przetwarza-
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nia zadania w czasie rzeczywistym. Po ukonczeniu procesu analizy system automatycz-
nie informuje uzytkownika o zakonczeniu operacji, przesytajac wiadomos¢ na podany

podczas rejestracji adres mailowy.

Koncowym wynikiem dziatania NanoForms jest ztozony genom w formacie FA-
STA, a takze raport zawierajacy pliki adnotacji Prokka i diagram z programu Ban-
dage, pozwalajacy na prosta ocene graficzng kompletnosci ztozenia. Uzytkownik ma
mozliwos¢ pobrania zaréwno samego pliku ztozenia, jak i folderu zawierajgcego raporty
z dziatania poszczegdlnych narzedzi wraz z wynikami czastkowymi. Aplikacja zapewnia
takze zakltadke z lista najczesciej zadawanych pytan (frequently-asked questions, FAQ),

na ktérej mozna znalez¢ liczne wskazowki dotyczace sposobu korzystania z serwera.

W artykule dokonano réwniez szczegétowej analizy oraz poréwnania aplikacji
i narzedzi podobnych do NanoForms, takich jak CGE [64], Enterobase [65], Galaxy
Tools [66], NanoGalaxy [67], Patric [68], EPI2ME [69], NanoPipe [70] z przedstawie-
niem ich mozliwosci oraz wad i zalet. Wsr6d wymienionych ustug NanoForms wyrdznia
sie prostota w uruchamianiu analiz potaczonych w strumien komend. Jest on dostepny
bezptatnie dla wszystkich naukowcow, taczy szybkie sktadanie genomu prokariotycz-
nego z intuicyjnym, interaktywnym interfejsem. Do uzyskania sekwencji probki wystar-
czy posiada¢ éredniej klasy laptop oraz urzadzenie MinlON firmy Oxford Nanopore.
Zadne dodatkowe zasoby nie sa potrzebne, a uzytkownik moze kontynuowaé¢ analizy

genomiczne z wykorzystaniem ushugi NanoForms.

Aplikacja NanoForms zautomatyzowala proces oceny, skladania i identyfika-
cji sekwencji genomowych uzyskanych za pomoca nowych metod sekwencjonowania
z zastosowaniem narzedzi korzystajacych z metod uczenia maszynowego. Powstata ona
podczas realizacji projektu Technologia Ozxford Nanopore: optymalizacja enzymow oraz
analizy danych genomicznych pod kgtem zastosowan komercyjnych, realizowanego w ra-
mach programu grantowego na prace B4R jednostek naukowych w ramach projektu
Podkarpackiego Centrum Innowacji. Serwer wzbudzil spore zainteresowanie réznych in-
stytucji badawczych, uniwersytetow oraz placéwek medycznych z catego $wiata, w tym
z Japonii, Kolumbii, Niemiec, Tajwanu, Indii i Stanéw Zjednoczonych, a takze organi-
zacji zajmujacych si¢ zdrowiem publicznym, genetyka i technologia biometryczna.

Wktad wtasny autorki niniejszej rozprawy doktorskiej w powstanie publika-
cji obejmowat wspotredakcje pracy, przygotowanie architektury aplikacji, imple-

mentacje kluczowych funkcjonalnosci w aplikacji Nanoforms obejmujgcych tadowanie
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danych, przygotowanie skryptéw za pomoca Workflow Description Language (WDL)
pozwalajacych na ocene jakosci danych z sekwencjonowania nanoporowego Oxford Na-
nopore oraz Illumina, a takze umozliwiajacych sktadanie genoméw bakteryjnych me-
todami de novo i hybrydowa. Autorka byla rowniez odpowiedzialna za analize danych
genomowych uzyskanych podczas sekwencjonowania, a takze przygotowanie widokdéw

aplikacji oraz opracowanie i analize wynikéw.

2.4. Zastosowanie programowania ekspresji genow

do wydobywania metaregut z danych medycznych

W ostatnich latach rozwoj nowych technologii oraz coraz wicksza ilos¢ dostepnych
danych medycznych przyczynilty sie do poszukiwania nowych rozwigzan w zakresie
diagnostyki i sposobéw leczenia pacjentéw. W celu uzyskania bardziej precyzyjnych,
spojnych i szybkich wynikéw badan coraz czesciej korzysta sie z narzedzi opartych na
sztucznej inteligencji. Dzigki tym rozwigzaniom lekarze moga szybciej przewidzieé¢ roz-
wéj choroby, a takze skuteczniej zapobiegaé postepowi choréb przewlektych [711 [72).
Wyjasnialna sztuczna inteligencja (explainable AI, XAI) to podejscie do projektowania
i stosowania sztucznej inteligencji, ktorego celem jest utatwienie lekarzom i pacjentom
zrozumienia, w jaki sposob system wygenerowat okreslone wyniki i prognozy. W tym
celu czesto sg stosowane algorytmy generujace reguty, poniewaz ich dziatanie jest pro-
ste do zrozumienia i interpretacji. Projektowanie klasyfikatoréw, ktore sg jednocze$nie
doktadne i pozwalajg na zrozumienie mechanizmu klasyfikacji danych, jest bardzo waz-

nym problemem.

Implementacja algorytmu GPR w jezyku Python opisana w artykule |[[A-4] za-
pewnia otwarty dostep do kodu zrédtowego w celu umozliwienia uzytkownikom korzy-
stania z algorytmu bez zadnych komercyjnych narzedzi programistycznych. Algorytm
GPR zostal zaproponowany i doktadnie zbadany w artykule [73]. Dalej zamieszczono
jedynie jego krétki opis, zaktadajac najciekawszy przypadek, gdy oryginalny zbior da-
nych zawiera n-wymiarowe rzeczywiste wektory wejsciowe (rekordy danych) ze wspol-
rzednymi (cechami), na przyktad yi (k=1,...,n), nalezacymi do skoniczonych przedzia-
tow. Wszystkie wektory wejsciowe nalezy przeksztalci¢ w nowe punkty z hiperszescianu
I"=10,1]". Zalézmy, ze rozmyty system oparty na regutach P1-TS modeluje zbiér da-
nych i sktada sie z kilku rozmytych metaregul , jezeli-to” [74], [75] [76]. Metareguta jest

odpowiednikiem wielu pojedynczych regut rozmytych , jezeli-to”. Poprzednik dowolnej
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pojedynczej reguty odnosi sie do wszystkich zmiennych wejéciowych yq,..., y,, nato-
miast poprzednik metareguly odnosi siec do wtasciwego podzbioru zbioru zmiennych
wejsciowych {y1, ..., yn}. Kazda cecha y, wykorzystywana w regule lub metaregule
odnosi sie do jednego z dwdch zbioréw rozmytych (zmiennych lingwistycznych). Funk-
cja przynaleznosci pierwszego zbioru rozmytego zostata zdefiniowana jako Py (yx) = yx,
natomiast drugiego jako Ng (yx) =1— Px (yx), dla k=1,...,n.

Jezeli wszystkie nastepniki metaregut rozpatrywanego systemu P1-T'S pochodza
ze zbioru {0,1}, to system regutowy reprezentuje model wyrazony w logice wielowar-
tosciowej. Na przyktad, jesli yp < 6, gdzie 6 jest wartoscia progowa (zwykle 6 = 0,5),
to y jest interpretowane jako ,stwierdzenie prawie falszywe” (Low lub L); w przeciw-
nym razie etykieta tej zmiennej jest interpretowana jako ,stwierdzenie prawie praw-
dziwe” (High lub H). Zgodnie z twierdzeniem przedstawionym w artykule [73], dla
wejsé yg € [0,1] uktadu P1-TS, po przeksztalceniu wszystkich zmiennych wejsciowych
ze zbioru {yi,...,yn} do zestawu nowych wejsé: {x1,...,zo,}, takich ze zor_1 = yi
ix9p,=1—yg, dla K =1,...,n, nierozmyte wyjscie S tego systemu mozna wyrazi¢

za pomocy sumy iloczynéw zmiennych ,, z()” w nastepujacy sposob:

M
S=2 1l = (2.1)

r=1keK,

gdzie [[geg,xr jest iloczynem zmiennych reprezentujacych cechy ciggte dla rekordow
danych, ktére odpowiadaja etykiecie klasy 17, natomiast Ki,...,Ky C {1,...,2n}
sa podzbiorami zbioru indekséw i zazwyczaj 1 < M < 22" — 1. Dodatkowo, dowolne
wyrazenie algebraiczne w postaci zaleznosci moze by¢ interpretowane jako sys-
tem metaregut, ktory definiuje system oparty na regutach P1-TS. Gléwnym proble-
mem, ktory nalezy rozwigzac, jest znalezienie wyrazenia w postaci réwnania dla
danego zbioru danych. Nalezy zauwazy¢, ze liczba mozliwych rozwigzan tego problemu
w postaci rownania jest ogromna, dlatego do jego rozwiazania zaproponowano
uzycie algorytmu GEP [77]. Ponadto, zbiér danych moze zawiera¢ rekordy z atrybu-
tami kategorycznymi (etykietami), nie oméwiono jednak tego (prostszego) przypadku,
gdyz szczegdly znajduja sie w artykule [73]. Minusem pierwotnego podejscia ([73]) byta
implementacja algorytmu przy uzyciu komercyjnych narzedzi GeneXproTools i Gene-
XproServer wchodzacych w sktad oprogramowania do modelowania predykcyjnego ofe-
rowanego przez firme Gepsoft Limited. Uniemozliwiato to otwarty dostep do algorytmu.

Dodatkowo, w odniesieniu do hiperparametrow GEP, wcigz istnial jeszcze potencjat
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do uzyskania wickszej kontroli nad rozmiarem i ztozonoscia wynikowych metaregut.
Implementacja klasyfikatora GPR w jezyku Python opisana w artykule [[A-4]
stanowi alternatywe dla narzedzi komercyjnych oraz zawiera nastepujace ulepszenia

w stosunku do oryginalnego algorytmu:

- zautomatyzowano proces generowania metaregut jezykowych , jezeli-to” — za-
daniem uzytkownika jest tylko udostepnienie rekordéw danych zawierajacych

liczby rzeczywiste z przedziatu [0,1] oraz etykiet ze zbioru 0,1,

- do tej pory algorytm korzystat z dwoch rozmytych pojeé, takich jak ,niski”
((Low lub L) i ,wysoki” ((High lub H), wystepujacych w poprzednikach regut.
W implementacji dodano jeszcze poprzedniki ,éredni” ((Medium lub M) oraz

okreslenie intensywnosci ,bardzo” (very), ktore sa logicznie interpretowalne,
- dla kazdej reguly jest obliczane jej wsparcie (wspélezynnik ufnosei).

W artykule zostaty doktadnie opisane mechanizmy dziatania i implementacji al-
gorytmu GPR. Przedstawiono réwniez jego gtéwne funkcjonalnosci oraz oméwiono frag-
menty kodu i przyktadowe wyniki w celu zademonstrowania mozliwosci ustawienia al-
gorytmu, a takze sposobu zwracania przez niego wynikow. Kod algorytmu jest dostepny
pod adresem https://github.com/czmilanna/gpr-algorithm, natomiast dokumen-
tacja algorytmu jest dostepna pod adresem https://gpr-algorithm.readthedocs.
io/en/latest/. Do implementacji algorytmu uzyto bibliotek Deap i Geppy dedykowa-
nych do obliczen ewolucyjnych, jak réwniez pakietu numerycznego NumPy [78], [79] [80].
Podstawowa funkcjonalnosé¢ algorytmu jest realizowana przez klase GPR. Algorytm po-
siada metody fit() i predict(), ktore sa zgodne z interfejsem biblioteki Scikit-learn sta-
nowigcej obecnie jedng z najpopularniejszych i najbardziej przystepnych darmowych
bibliotek uczenia maszynowego [81]. Stuza one odpowiednio do uczenia i klasyfikacji
przy uzyciu wezesniej wyszkolonego modelu. Dzigki temu, ze wyniki sg zwracane w spo-
s6b analogiczny do uzytego w bibliotece Scikit-learn, mozliwe jest skorzystanie z funkcji
modutu sklearn.metrics do oceny jakosci klasyfikacji.

W celu przedstawienia sposobu generowania metaregut przez algorytm GPR
przeprowadzono badanie zaleznosci pomiedzy tygodniowsg liczbg krokéw a czestotliwo-
Scig wystepowania cukrzycy typu 1. W badaniu uzyto tego samego zbioru danych, ktéry

opisano w artykule |A-1|. Parametr maz_n_of rules ustawiono na 1, aby algorytm
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wygenerowal tylko jednag gltowng regute, tak jak zostato to pokazane na przyktadzie

zamieszczonym w Listingu [1}

Listing 1: Przyktadowe uzycie algorytmu GPR na zbiorze danych dotyczacych wystepowania cukrzycy
typu 1

import random

from pathlib import Path

import pandas as pd

from sklearn.metrics import accuracy_score
from sklearn.preprocessing import MinMaxScaler

from gpr_algorithm import GPR

random.seed (0)
df = pd.read_csv(
Path(__file__) .parent. joinpath(’data’).joinpath(’typeldiabetes.csv’)

target_names = [’sick’, ’healthy’]

feature_names = [
’age’, ’weight’, ’height’, ’step_count’,
’sedentary’, ’light’, ’moderate’, ’vigorous’

labels = df[’healthy’].values

attributes = df [feature_names].values
attributes_normalized = MinMaxScaler().fit_transform(attributes)
gpr = GPR(

target_names=target_names,
feature_names=feature_names,
max_n_of_rules=1,
eval_fun=accuracy_score,
verbose=False
)
gpr.fit(attributes_normalized, labels)
predicted_labels = gpr.predict(attributes_normalized)
for rule in gpr.rules:

print (rule)

Otrzymano nastepujaca regute wyjsciowa:
IF step_ count is High THEN healthy | Support: 0.5288

ELSE sick

Ponadto, za pomocg drzewa decyzyjnego wystepowanie choroby zostato prawi-
dtowo sklasyfikowane w 65% przypadkow, natomiast algorytm GPR poprawnie skla-

syfikowal wystepowanie cukrzycy w 80,87%. Nalezy jednak zauwazy¢, ze wymaga on
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uzycia danych znormalizowanych do przedziatu [0,1].

WYSOKI (1) -
ZDROWY

- prég

poziom intensywnej aktywnosci
fizycznej

CHORY

NISKI (0) liczba krokow WYSOKI (1)

Rysunek 2.5: Wizualizacja granic systemu decyzyjnego algorytmu GPR wykonana dla danych doty-
czacych wystepowania cukrzycy typu 1 (przyjeto prég réwny 0,5)

Na rysunku zostaly przedstawione granice decyzyjne klasyfikatora GPR
w przestrzeni cech, sktadajacej si¢ z liczby krokéw i poziomu intensywnej aktywnosci
fizycznej, w odniesieniu do zbioru danych dotyczacych wystepowania cukrzycy typu 1
i otrzymanych regul rozmytych. Wartosci liczbowe zmiennych zostalty znormalizowane
w zakresie [0, 1].

Wyniki badani opisane w artykule [73] wykazuja, ze algorytm GPR cechuje
sie wysoka jakoscig klasyfikacji zarowno pod wzgledem pola pod krzywa ROC, jak
i doktadnosci. Czyni go to jednym z najlepszych interpretowalnych klasyfikatoréw.
W zwiazku z tym proponowana implementacja algorytmu w jezyku Python powinna
zainteresowac¢ naukowcow zajmujacych si¢ logika rozmyta i jej zastosowaniami. GPR ge-
neruje tatwe w interpretacji, rozmyte metareguty , jezeli-to”, ktére wpisuja sie¢ w trend
intensywnie rozwijanej obecnie wyjasnialnej sztucznej inteligencji. W odréznieniu od
poprzedniej implementacji wymaga jedynie minimalnej ingerencji ze strony uzytkow-

nika — wystarczy tylko znormalizowaé dane w zakresie [0,1].
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Wkitad wtasny autorki w powstanie publikacji , bedacej czescig niniejszej
rozprawy doktorskiej, polegat na wspotautorstwie koncepcji artykutu i metodologii, wy-
konaniu implementacji algorytmu GPR w jezyku programowania Python, przeprowa-
dzeniu eksperymentéw, interpretacji otrzymanych regut klasyfikatora, walidacji otrzy-

manych wynikow oraz wspotredakeji pracy.

2.5. Poréwnanie rozmytych klasyfikatoréw opartych

na regulach i metaregutach

Artykut stanowiacy cze$¢ rozprawy jest kontynuacjg badan dotyczacych wyja-
Snialnej sztucznej inteligencji i zawiera porownanie 16 wybranych rozmytych algoryt-
mow opartych na regutach, ktore zostaly zastosowane do klasyfikacji danych medycz-
nych, w tym réowniez danych rzeczywistych. Dziatanie klasyfikatorow oceniono za po-
moca metryk wydajnosciowych. Przeprowadzono réwniez wiele analiz statystycznych
i poréwnawczych dotyczacych ztozonosci oraz czytelnosci otrzymanych regut genero-
wanych przez kazdy algorytm, a takze ocene uzytecznosci kazdego algorytmu we wspo-
maganiu decyzji klinicznych.

W dzisiejszych czasach sztuczna inteligencja odgrywa niewatpliwie coraz wiek-
szg role w wielu dziedzinach zycia. Aby jednak zaufa¢ decyzjom opartym na sztucznej
inteligencji, musza by¢ one interpretowalne i zrozumiate dla ludzi [82]. Wyjasnialna
sztuczna inteligencja umozliwia zglebienie czynnikow, ktore wpltynety na podjete de-
cyzje i ocene ich stusznosci.

Do opracowywania systeméw wspomagania decyzji medycznych (medical deci-
sion support systems, MDSS) czesto stosuje sie rozmyte systemy ekspertowe oparte
na regutach. Systemy wspomagania decyzji medycznych wykorzystuja wiedze z danych
opisujacych histori¢ choroby i stan pacjenta w celu uzyskania porady klinicznej zakodo-
wanej w postaci zestawu regul decyzyjnych [83]. Zastosowanie logiki rozmytej pozwala
na reprezentowanie danych pacjentéow oraz rozumowania klinicznego stosowanego przez
lekarzy do oceny stanu ich zdrowia, a takze utatwia zrozumienie przez ekspertéw decy-
zji podjetej przez system w odroznieniu od algorytmow bedacych czarnymi skrzynkami
(black box) [84].

Istnieje wiele algorytméw regutowych, ktére mozna wykorzysta¢ w zastosowa-
niach medycznych do analizy danych. Nalezy jednak podkresli¢, ze problem interpre-

towalnosci systemoéw opartych na regutach rozmytych lub nierozmytych stanowi od
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wielu lat kluczowe zagadnienie podejmowane przez wielu autoréw. Znane z literatury
klasyczne rozmyte systemy regutowe Takagi-Sugeno, Mamdaniego czy Larsena czesto
nie sg rozpatrywane z powodu przeklenstwa wymiarowosci, gdyz wraz ze wzrostem
liczby wymiarow w systemie liczba obiektow wymaganych do wiarygodnego oszaco-
wania parametrow rosnie wyktadniczo. W poréwnaniu wzieto zatem pod uwage takze
algorytm GPR, oparty na metaregutach, ktére pozwalaja na osiggniecie kompromisu
miedzy interpretowalnoscig a wydajnoscig klasyfikacji. Ponadto, wybor odpowiednich

miar interpretowalnosci weiaz pozostaje problemem otwartym [85].

W artykule porownano 16 nastepujacych algorytmow opartych na regu-
tach rozmytych: One Rule (1R-C), C4.5 (C4.5-C), C4.5Rules (C45Rules-C), C4.5Rules
Simulated Annealing Version (C45RulesSA-C), Hybrid Decision Tree-Genetic Algori-
thm (DT__GA-C), Oblique Decision Tree with Evolutionary Learning (DT _Oblique-
C), Exemplar-Aided Constructor of Hyperrectangles (EACH-C), Classifier Based on
Fuzzy Logic and Gene Expression Programming (GPR), Hierarchical Decision Rules
(Hider-C), New Structural Learning Algorithm in a Vague Environment (NSLV-C),
Organizational Co-Evolutionary Algorithm for Classification (OCEC-C) oraz Ordered
Incremental Genetic Algorithm (OIGA-C). Implementacje algorytméw, oprocz GPR,
pochodza z oprogramowania KEEL [86]. Implementacja algorytmu GPR zostata nato-
miast opisana w artykule . Wybrane algorytmy nie tylko maja zdolnosé do klasyfi-
kacji, ale réwniez generujg reguly, ktére sg w pewnym stopniu interpretowalne. Dzieki
temu mozliwe jest uzyskanie wiedzy na temat danych, w tym zrozumienie motywacji

danego klasyfikatora podczas podejmowania konkretnej decyzji.

Wydajno$¢ procesu klasyfikacji oceniono pod wzgledem doktadnosci, precyzji,
czutodci, specyficznosci, pola pod krzywa ROC, wspétczynnika korelacji Matthewsa
(Matthew’s correlation coefficient, MCC) oraz zaproponowanej na potrzeby badania
metryki wazonej (weighted metric, WM), bioracej pod uwage wszystkie obliczone weze-
$niej metryki wydajnosciowe. W tym celu uzyto 12 zbioréw danych medycznych, ktore
zostaly pobrane z repozytorium zbioréw danych KEEL [86] lub pozyskane w trak-
cie prowadzenia odrebnych badan naukowych [87, B7]. Zbiory zawieraly réznorodne
dane dotyczace zapalenia wyrostka robaczkowego (appendicitis), raka piersi (breast),
5-letniego przezycia kobiet po operacji raka piersi (haberman), choréb serca (heart),
zapalenia watroby (hepatitis), przewidywania stopnia ciezkosci guza piersi (mammo-

graphic), chor6b serca u mezezyzn z Afryki Potudniowej (saheart), obrazéw z tomografii
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emisyjnej pojedynczego fotonu (spectfheart), diagnostyki raka piersi (wdbc), ztosliwosci
wykrytego guza piersi (wisconsin), a takze powiktan okolooperacyjnych po radykalnej
histerektomii u pacjentek z rakiem szyjki macicy [87] oraz aktywnosci fizycznej u dzieci

i mtodziezy z cukrzyca typu 1 [37].

Tabela 2.2: Wyniki poréwnania algorytmow opartych na regulach rozmytych z zastosowaniem metryk

wydajnosciowych

Nr Algorytm MCC ACC AUC Spe Pre Sen WM
GPR 0.459+0.342 0.807+0.281 0.720+0.171  0.792+0.125 0.7724+0.167 0.792+0.125 0.753+0.145

OIGA-C 0.4574+0.337 0.860+0.253  0.714+0.172 0.793+0.114 0.782+0.152 0.793+0.114 0.755+0.138
Ripper-C = 0.4524+0.319  0.6764+0.243 0.730+0.162  0.735+0.158 0.780+0.139  0.735+£0.158  0.71840.164
C45RulesSA-C 0.44940.343 0.7524+0.255 0.727+0.172 0.769+0.140  0.7764+0.147  0.7694+0.140  0.74040.157
OCEC-C  0.447+0.323  0.7534+0.221 0.726+0.164  0.753+0.145  0.771£0.145  0.753+£0.145  0.73040.156

L N R

ot

6 NSLV-C  0.446+0.338  0.791£0.298  0.7164+0.171 0.7954+0.122  0.771+0.148 0.795+0.122 0.752+0.141
7 C45Rules-C 0.446+£0.340  0.738£0.273  0.724£0.173  0.768+0.142 0.777+0.141  0.768+0.142  0.737%0.159
8 DT GA-C  0.44240.329  0.799+0.267  0.712£0.163  0.78440.116  0.775+0.138  0.784+0.116  0.746+0.135
9 SLAVE2-C ~ 0.4384+0.338  0.7924+0.296  0.712+0.170  0.786+0.123  0.769+0.148  0.786+0.123  0.746+£0.144
10 C45-C  0.438+0.343  0.785+0.264  0.710+0.171  0.782+0.128  0.772£0.146  0.782£0.128  0.743+0.147
11 Hider-C = 0.41440.336  0.7974+0.274  0.693+0.167  0.767+0.138  0.763£0.144  0.767£0.138  0.728+0.150

12 DT Oblique-C ~ 0.402£0.346  0.741£0.222  0.703£0.173  0.745+0.146  0.7544+0.149  0.7454+0.146  0.715%0.160
13 SLAVEv0-C ~ 0.394£0.374  0.7614+0.315  0.691+0.182  0.772+0.137  0.749£0.161  0.772+0.137  0.727+0.158
14 PGIRLA-C  0.3274£0.337 0.819£0.269  0.655+0.165  0.716+0.193  0.668+0.239  0.716+0.193  0.681+£0.172
15 EACH-C  0.264+0.340  0.621£0.417  0.6264+0.165  0.662+0.185  0.675+£0.238  0.662+0.185  0.630+0.180
16 1R-C  0.228£0.331  0.652+0.378  0.610£0.160  0.703£0.162  0.636+0.211  0.703+0.162  0.645%0.160

Wryniki uzyskane dla poszczegdlnych metryk wydajnosciowych zostaty obliczone
na podstawie 10-krotnej walidacji krzyzowej na kazdym ze zbiorow danych i zamiesz-
czone w tabeli 2.2 W przeprowadzonych badaniach algorytm GPR uzyskal najlepszy
wspolezynnik korelacji Matthewsa (0,459 + 0,342), natomiast najnizszy wspotezynnik
zostal osiggniety przez 1R-C (0,228 + 0,331). Biorac pod uwage doktadnos$é, stwier-
dzono, ze najlepsze wyniki uzyskaty algorytmy OIGA-C (0,860 + 0,253), PGIRLA-C
(0,819 + 0,269) oraz GPR (0,807 + 0,281). Wedlug kryterium pola pod krzywa ROC
najlepszy wynik zostal osiggniety przez Ripper-C (0,730 + 0,162), a nastepnie przez
C45RulesSA-C oraz OCEC-C. Najlepsza specyficzno$¢ osiagnety kolejno algorytmy:
NSLV-C (0,795 + 0,122), OIGA-C (0,793 + 0,114) oraz GPR (0,792 + 0,125). Naj-
wyzsza precyzje uzyskal algorytm OIGA-C (0,782 + 0,152). Ze wzgledu na czutosé
najlepsze wyniki uzyskaly NSLV-C (0,795 + 0,122), OIGA-C (0,793 + 0,114) oraz
GPR (0,792 + 0,125), najgorsze natomiast — EACH-C (0,662 + 0,185). Jesli chodzi
o metryke wazona (WM), to najlepsze wyniki uzyskaty OIGA-C (0,755 + 0,138), GPR
(0,753 4+ 0,145) oraz NSLV-C (0,752 + 0,141), natomiast najstabsze — EACH-C (0,630
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+ 0,180), 1R-C (0,645 + 0,160) oraz PGIRLA-C (0,681 + 0,172).

Nastepnie zbadano rozktady wartosci wspétczynnika korelacji Matthewsa, do-
ktadnosci i pola pod krzywa ROC dla kazdego algorytmu we wszystkich zbiorach da-
nych. Klasyfikatory poréwnano takze pod wzgledem sredniej dtugosci regut generowa-
nych w zbiorze danych, sredniej liczby regut w zbiorze, sredniej liczby atrybutéow na
regute w zbiorze oraz sredniej liczby unikatowych atrybutéw na regute w zbiorze. Ana-
liza wynikow wykazata, ze algorytm 1R-C cechuje si¢ zwieztymi i prostymi regutami
klasyfikacji. Wygenerowat on reguty decyzyjne najkrotszej dtugosci (srednio 106,54 zna-
kéw), o niewielkiej liczbie regul oraz niewielkiej liczbie atrybutéw w pojedynczej regule.
Osigga on jednak niskie wyniki wskaznikéw jakosci klasyfikacji, takich jak doktadnosé¢
czy wspotezynnik korelacji Matthewsa. Algorytm GPR osiagnal z kolei znacznie lep-
sze wyniki klasyfikacji, a przy tym wygenerowane przez niego reguly sa relatywnie
krétkie 1 zwiezte ($rednia dlugosé reguty wyniosta 156,23 znakéw, algorytm generuje
srednio 4 reguty, w pojedynczej regule wykorzystuje srednio 6,69 atrybutéw, z ktérych
srednio 5,31 stanowig atrybuty unikatowe). Reguly te sa znacznie krétsze i prostsze
niz te wygenerowane np. przez algorytm OIGA-C, ktory uzyskat bardzo dobre wyniki
klasyfikacji, ale generuje dlugie i trudne w interpretacji reguty (Srednia dlugos$é re-
guty wynosi 20 958,08 znakdéw, srednia liczba regut — 30,00, Srednia liczba atrybutow —
399,23, natomiast $rednia liczba unikatowych atrybutéw — 15,85). Przeprowadzone ba-
dania sugeruja, ze algorytm DT __Oblique generuje najbardziej skomplikowane reguty,

co odzwierciedla sie¢ w Sredniej dtugosci reguty wynoszacej 32 457,38 znakow.

Tabela 2.3: Przyklady lingwistycznych regut rozmytych ,,jezeli-to” wygenerowanych na zbiorze danych
dotyczacych cukrzycy typu 1 [37]

Liczba Calkowita
Nr Algorytm Przykltadowe reguty

regutl liczba zn.

IF step_count = [13072.0 , 55333.0) THEN 0 IF
step_count = [55333.0 , 58288.0) THEN 1 IF

1 1R-C 4 172
step_count = [58288.0 , 60294.0) THEN 0 IF

step__count = [60294.0 , 114655.0] THEN 1

IF step_ count is High THEN 1 IF vigorous is High
2 GPR 3 87

AND sedentary is High THEN 1 ELSE 0
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Tabela 2.3: (cd.) Przyklady lingwistycznych regul rozmytych ,jezeli-to” wygenerowanych na zbiorze

danych dotyczacych cukrzycy typu 1 [37]

Nr

Algorytm

Przykltadowe reguty

Liczba

regut

Calkowita

liczba zn.

C45Rules-C

IF height>1.61 AND age>14.0 AND weight<=>52.0
THEN 1 IF vigorous>128.75 AND vigorous<=319.5
AND age>8.0 AND moderate>214.916666666667
THEN 1 [..]

400

C45RulesSA-C

IF height>1.61 AND age>14.0 AND weight<=52.0
THEN 1 IF vigorous>128.75 AND vigorous<=319.5
AND age>8.0 AND moderate>214.916666666667
THEN 1 [...]

400

EACH-C

IF age in [6.0 , 18.0] AND weight in [19.3, 98.8] AND
height in [1.15 , 1.88] AND step_ count in [13072.0
, 60837.0] AND sedentary in [1343.16666666667 ,
7813.33333333333] AND [...]

603

NSLV-C

IF step_count = { VeryLow Low} THEN 0 IF
step_ count = { High VeryHigh} THEN 1 IF age
= { Low High VeryHigh} AND moderate = { Low
VeryHigh} THEN 1

145

Ripper-C

IF  step_count<=60837.0 AND height<=1.58
THEN 0 IF step_ count<=60837.0 AND mode-
rate<=119.0 THEN O [...]

370

C45-C

IF step_ count <= 60837.000000 AND vigorous <=
128.750000 AND weight <= 80.500000 THEN O [...]

12

1828

DT_GA-C

IF step_ count <= 60837.0 AND vigorous <= 128.75
AND weight <= 80.5 THEN 0 IF step_count <=
60837.0 AND vigorous <= 128.75 AND weight >80.5
THEN 1 [..]

19

2856

10

SLAVE2-C

IF age = { VeryLow Medium} AND weight = {
Medium} AND height = { High VeryHigh} AND
step__count = { VeryLow Low} AND sedentary = {
Medium} AND light = { Low} AND moderate = {
Low} AND vigorous = { VeryLow Medium} THEN

2098
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Tabela 2.3: (cd.) Przyklady lingwistycznych regul rozmytych ,jezeli-to” wygenerowanych na zbiorze
danych dotyczacych cukrzycy typu 1 [37]

Liczba Calkowita
Nr Algorytm Przykladowe reguty

regutl liczba zn.

IF step_ count = { VeryLow Low} THEN 0 IF age =
{ VeryLow Low Medium VeryHigh} AND height = {
11 SLAVEv0-C VeryLow Low Medium VeryHigh} AND step count 8 2814
= { Medium} AND sedentary = { Medium} AND
light = { Low Medium High VeryHigh} AND [..]]

IF sedentary = [3801.8675692824663,
5006.615988626676] AND light =
[1162.1170959360238, 2362.4439084883884]
12 PGIRLA-C AND moderate = [414.0390532025578, 19 4340

474.55751714327096] AND vigorous =
[339.7803046746366,  521.320375724421] THEN

0[]

IF age = [7.5, 17.5) AND weight = [29.15, 65.7)
AND step_count = [_, 55096.5) AND sedentary =
) [2270.083333333335, 4964.916666666664) AND light
13 Hider-C 14 3595
= [356.875, 1330.833333333335) AND moderate =
[124.3333333333335, 425.1666666666665) AND vigo-

rous = [_, 497.6666666666665) THEN 0 |...]

IF step_count = 3 THEN 1 IF age = 2 AND se-
dentary = 1 THEN 1 IF sex = 0 AND vigorous =

14 OCEC-C 1 THEN 1 IF sex = 0 AND step_ count = 1 AND 62 6763
light = 1 THEN 0 IF height = 2 AND step_ count
=1 THEN O [..]]

IF 1.6699878586619132 <sex <1.1982191470913168
AND 9.4429624945491 <age <16.56761035848586
15 OIGA-C AND 67.72250192298611 <weight 30 14312
<85.23233850170679 AND  1.859257826523217
<height <1.7277770427143613 AND [...]

IF -1.0*step_count + 60837.0 >= 0 AND
-1.0*vigorous + 12875 >= 0 AND -
1.0*weight + 80.5 >= 0 AND -1.0%height

16 DT Oblique-C  + 187 >= 0 AND 168.486174002403*sex + 30 8625
_178.36864022034422%age  + -1.0%weight + -
36.57868193382831*light + 185.88945474147084*vi-
gorous + 18.795399605016087 >= 0 THEN 1 [...]
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W tabeli przedstawiono przyktady lingwistycznych regut rozmytych ,, jezeli-
to” wygenerowanych przez rozmyte klasyfikatory oparte na regutach na zbiorze danych
dotyczacych cukrzycy typu 1 (opisanym szczegdtowo w artykule . Reguty dtuzsze
niz 300 znakow zostaly odpowiednio skrécone do limitu znakéw badz jednej reguty.
W tabeli 2.3 zawarto takze informacje o calkowitej liczbie wygenerowanych regul i cal-
kowitej liczbie znakéw, aby mieé lepszy poglad na mozliwo$é ich interpretacji.

W celu statystycznego poréwnania wynikéw osigganych przez GPR z wynikami
innych algorytméw opartych na regutach rozmytych przeprowadzono test rang znako-
wanych Wilcoxona. W badaniach statystycznych uwzgledniono doktadnos¢, pole pod
krzywa ROC i wspoétezynnik korelacji Matthewsa. Biorac pod uwage uzyskane wy-
niki, nalezy stwierdzi¢, ze GPR mozna z powodzeniem zastosowaé¢ do generowania
regut z danych medycznych. Trzeba jednak wzig¢ pod uwage ograniczenia dokona-
nych badan, miedzy innymi brak przeprowadzonego testu zuzycia zasobow sprzeto-
wych komputera i pomiaru czasu dziatania, uzycie domyslnych wartos$ci hiperparame-
trow, a takze przetestowanie wydajnosci algorytmow wytacznie na medycznych zbio-
rach danych zawierajacych stosunkowo niewielkg liczbg rekordéw. Kod potrzebny do
obliczen oraz wyniki wszystkich wykonanych badan sa dostepne pod adresem https:
//github.com/czmilanna/rules. Praca jest préba wykazania na wielu przykta-
dach, ze wykorzystanie rozmytych metaregut w zastosowaniach medycznych stanowi
wazny wktad w rozwigzanie wspomnianego juz problemu interpretowalnosci systeméow
opartych na regutach rozmytych lub nierozmytych, a takze pomoc w doborze odpo-
wiednich miar interpretowalnosci.

Artykut stanowi autorskie podejscie do rozwigzania problemu wyboru
optymalnego rozmytego klasyfikatora opartego na regutach badz metaregutach w za-
stosowaniach medycznych. Udzial wtasny autorki polegat na zaproponowaniu koncepcji
artykutu, opracowaniu metodologii, implementacji metod i przeprowadzeniu ekspery-
mentow obliczeniowych, opracowaniu, analizie i walidacji otrzymanych wynikéw oraz

redakcji pracy.
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3. Podsumowanie i wnioski

Niniejsza praca koncentruje si¢ na wykorzystaniu metod sztucznej inteligencji w uspraw-
nieniu procesu diagnostyki medycznej. Zaprezentowane badania wykazuja skutecznosé
metod sztucznej inteligencji w réznych aspektach diagnostycznych. Postawiona hipo-
teza, ze moZliwe jest wykorzystanie roinych metod sztucznej inteligencji do analizy
danych medycznych i automatyzacji wybranych proceséw diagnostycznych, pozwalajgce
na uzyskanie interpretowalnych wynikow z doktadnoscig @ efektywnosciq nie gorszq niz
innych istniejgcych metod znanych z literatury zostala uprawdopodobniona przez re-
alizacje nastepujacych zadan:

1. Zastosowanie metod sztucznej inteligencji do klasyfikacji cukrzycy typu 1
na podstawie danych uzyskanych za pomoca nieinwazyjnych pomiaréw ak-
tywnosci fizycznej

Zadanie zostalo zrealizowane przez analize i przygotowanie danych dotyczacych wieku,
ptci, wagi, wzrostu oraz wspotczynnikéw aktywnosci fizycznej zmierzonych w sposob
nieinwazyjny przy uzyciu akcelerometru, a nastepnie przygotowanie rankingu cech na
podstawie kryteriéw korelacji i informacji oraz wybér i zastosowanie dziesieciu naj-
popularniejszych metod sztucznej inteligencji do klasyfikacji cukrzycy typu 1. Wyniki
uzyskane przez kazdy z wybranych algorytméw zostaty zwalidowane za pomoca me-
tryk wydajnosciowych, a nastepnie poréwnane w celu wyboru optymalnego algorytmu
do klasyfikacji rozwigzywanego problemu. Wykonano takze wizualizacje regut decy-
zyjnych w postaci drzewa decyzyjnego, umozliwiajacego zrozumienie, w jaki sposéb
system klasyfikowal poszczegdlne rekordy danych. Dzieki jednoczesnemu zastosowaniu
metody klastrowania K-means i klasyfikacji drzewem decyzyjnym odkryto pojedyncza
regute, na podstawie ktérej mozliwe jest przewidywanie cukrzycy typu 1 u dzieci.

2. Opracowanie metody pozwalajacej na automatyczne, jednoczesne rozpo-
znawanie i zliczanie czerwonych i biatych krwinek oraz ptytek krwi na pod-
stawie zdje¢ mikroskopowych z wykorzystaniem glebokich sieci neurono-
wych

Zadanie zrealizowano przez zgromadzenie rzeczywistego zbioru danych uczacych skta-
dajacego sie z 900 obrazéw zawierajacych czerwone i biate krwinki oraz plytki krwi,
a takze manualne dodanie adnotacji do zdje¢, a nastepnie wytrenowanie sieci RetinaNet

ze szkieletem ResNet50 do rozpoznawania i klasyfikacji komérek krwi przez wykonywa-
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nie réznej liczby epok i zapisywanie poszczegélnych modeli. Nastepnie przetestowano
modele na zbiorze obrazéw leukocytéw do segmentacji i klasyfikacji (Leukocyte Images
for Segmentation and Classification, LISC) i zbadano wpltyw liczby epok na spadki
w funkcji straty. Zautomatyzowano proces jednoczesnego zliczania trzech réznych ty-
pow komorek na jednym obrazie z wykorzystaniem gtebokiej sieci konwolucyjnej Reti-
naNet przez opracowanie dedykowanego narzedzia. Wykonano testy wynikow klasyfika-
cji czerwonych i biatych krwinek oraz ptytek krwi na 15 zdjeciach w sposéb manualny,
obliczajac wartosci metryki F1 dla modeli uczonych przez 10, 15, 20, 25, 30, 35 i 40
epok dla poszczegdlnych wartosci progowych i wybér optymalnych modeli do dalszych
testow (RN10 i RN30). Nastepnie wykonano manualnie testy modeli RN10 i RN30
dla poszczegdlnych rodzajow komorek krwi na wiekszej liczbie zdje¢ dla poszczegol-
nych wartosci progowych za pomoca metryk wydajno$ciowych, takich jak doktadnosé,
precyzja, czutos¢ i miara F1 oraz poréwnanie uzyskanych wynikéw i wybrano opty-
malne progi do zliczania konkretnych rodzajéw krwinek. Ustalono rowniez optymalng
warto$¢ progows do zliczania wszystkich typow komorek jednoczesnie. Otrzymane wy-
niki poréwnano z wynikami innych autorow zajmujacych si¢ tematyka liczenia krwinek

czerwonych, biatych i ptytek krwi.

3. Opracowanie aplikacji umozliwiajacej automatyzacje procesu oceny, skta-
dania i identyfikacji sekwencji genomowych uzyskanych za pomocg nowych
metod sekwencjonowania przy uzyciu narzedzi korzystajacych z metod ucze-

nia maszynowego

Zadanie zostalo zrealizowane dzigki wykonaniu implementacji aplikacji-serwera Nano-
Forms umozliwiajacej automatyzacje procesu oceny, sktadania i identyfikacji sekwencji
genomowych uzyskanych za pomoca nowych metod sekwencjonowania. Zaproponowano
interfejs uzytkownika, ktory wymaga jego minimalnej interakcji, co jest sporym uprosz-
czeniem w stosunku do innych dostepnych na rynku narzedzi. Zaproponowano modu-
towsg infrastrukture systemu sktadajgcego sie z aplikacji, a takze narzedzi stuzacych do
przetwarzania danych genomicznych, umozliwiajacych jednoczesne wykonywanie wielu
analiz. Zintegrowano powszechnie stosowane pakiety bioinformatyczne, takie jak Ban-
dage, Fastp, FastQC, Filtlong, Flye, Kraken 2, Kraken Tools, Krona, Medaka, Nanofilt,
NanoPlot, Prokka, Rebaler, Unicycler oraz QUAST, a takze dodano mozliwos¢ kon-
figurowania réznych parametrow zwigzanych ze sktadaniem sekwencji genomowych.

Serwer zostal skonfigurowany oraz udostepniony do niekomercyjnego uzytku publicz-
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nego pod adresem https://nanoforms.tech/home/, a kod zrédtowy aplikacji-serwera
zostal udostepniony w postaci otwartego oprogramowania. Uzytkownikom zapewniono
prosta instalacje serwera na wlasnym sprzecie, dzigki zastosowaniu konteneryzacji apli-
kacji przy uzyciu narzedzi Docker i Docker-compose. Poréwnano takze mozliwosci ofe-

rowane przez NanoForms z innymi serwerami tego typu.

4. Implementacja w jezyku Python klasyfikatora GPR opartego na logice
rozmytej i programowaniu ekspresji genéw, stuzacego do generowania wy-
soce interpretowalnych regut rozmytych

Zadanie zrealizowano przez wykonanie implementacji klasyfikatora GPR w jezyku Py-
thon, ktory osiagga bardzo dobre wyniki pod wzgledem doktadnosci i pola pod krzywa
ROC. Interfejs algorytmu jest spéjny z biblioteka algorytmoéw uczenia maszynowego
Scikit-learn, co umozliwia prosta integracje z jej modutami (np. do obliczania metryk
wydajnosciowych). W implementacji algorytmu zaproponowano wiele usprawnien pier-
wotnej wersji algorytmu GPR, obejmujgcych automatyzacje procesu generowania me-
taregut jezykowych , jezeli-to”, dodanie poprzednika metaregut ,$redni” (Medium) oraz
okreslenia intensywnosci ,bardzo” (very), obliczenie wspétczynnika ufnosci dla kazde;
reguty. Przygotowano przyklady uzycia algorytmu oraz wygenerowanych metaregut
wraz z graficzng reprezentacja granic systemu decyzyjnego dla danych medycznych.
Poréwnano takze reguty otrzymane przez algorytm GPR zaimplementowany w jezyku
Python z regutami otrzymanymi przez pierwotna implementacje algorytmu. Oprogra-
mowanie udostepniono na licencji gwarantujacej dostep do kodu zZrédtowego. Doku-
mentacja algorytmu zostata przygotowana z uwzglednieniem wymagan sprzetowych,

zawiera sposob instalacji oprogramowania, opis modutéw oraz przyktady uzycia.

5. Opracowanie narzedzia pozwalajacego na eksperymentalne poréwnanie
wybranych rozmytych algorytméw opartych na regutach do klasyfikacji da-
nych medycznych

Zadanie zostato zrealizowane przez poréwnanie wynikow osiaganych przez 16 wybra-
nych algorytmoéw opartych na regutach na 12 zbiorach danych medycznych, opierajace
sie na metrykach wydajnosciowych, a nastepnie zbadanie rozktadéw wartosci wspot-
czynnika korelacji Matthewsa, doktadnosci i pola pod krzywa ROC dla kazdego al-
gorytmu we wszystkich zbiorach danych. Dokonano poréwnania klasyfikatoréw pod
wzgledem Sredniej dtugosci regut generowanych w zbiorze danych, sredniej liczby regut

w zbiorze, sredniej liczby atrybutéw na regute w zbiorze oraz sredniej liczby unikato-
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wych atrybutéw na regute w zbiorze. Przedstawiono konkretne przyktady lingwistycz-
nych regut rozmytych , jezeli-to” wygenerowanych przez rozmyte klasyfikatory oparte
na regutach na zbiorze danych dotyczacych cukrzycy typu 1, a takze wykonano test
rang znakowanych Wilcoxona w celu statystycznego poréwnania wynikéw osigganych
przez GPR z wynikami innych algorytméw opartych na regutach rozmytych. Rezul-
taty tej pracy moga si¢ przyczyni¢ do rozwigzania trudnego problemu polegajacego
na zaprojektowaniu systemu wspomagania decyzji medycznych, ktéry bytby bardziej
przyjazny dla jego uzytkownika (mata liczba tatwych do zrozumienia regut) przy za-

chowaniu dobrych wskaznikéw klasyfikacji danych (doktadnos$é, czutosé itd.).
Wktad autorki

Gltowny wktad autorki rozprawy w dziatalno$¢ naukowa w dyscyplinie informatyka

techniczna i telekomunikacja polega na:

- identyfikacji i sformutowaniu probleméw badawczych, ktore sg wazne z per-
spektywy usprawnienia oraz poprawy jakosci i skutecznosci procesu diagnostyki

medycznej za pomoca metod sztucznej inteligencii,
- przeprowadzeniu przegladu literatury i przedstawieniu aktualnego stanu wiedzy,

- wykorzystaniu nowoczesnych narzedzi i metod informatycznych, w tym jezyka
programowania Python wraz z jego bibliotekami oraz zaawansowanych metod

sztucznej inteligencji, takich jak algorytmy ptytkie i gtebokie,

- znacznym udziale w zastosowaniu metod sztucznej inteligencji do klasyfikacji

cukrzycy typu 1,

- znaczym udziale w opracowaniu metody pozwalajacej na automatyczne, jedno-
czesne rozpoznawanie i zliczanie czerwonych i biatych krwinek oraz ptytek krwi
na podstawie zdje¢ mikroskopowych z wykorzystaniem gtebokich metod uczenia

maszynowego,

- znacznym udziale w opracowaniu aplikacji umozliwiajacej automatyzacje pro-
cesu oceny, sktadania i identyfikacji sekwencji genomowych uzyskanych za po-
moca nowych metod sekwencjonowania z wykorzystaniem narzedzi korzystaja-

cych z metod uczenia maszynowego,
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znacznym udziale w wykonaniu w jezyku Python implementacji klasyfikatora
GPR opartego na logice rozmytej i programowaniu ekspresji genéw, stuzacego

do generowania wysoce interpretowalnych regut rozmytych,

samodzielnym przygotowaniu oprogramowania pozwalajacego na eksperymen-
talne poréwnanie wybranych rozmytych algorytmoéow opartych na regutach do

klasyfikacji danych medycznych,

sformutowaniu wnioskow wynikajacych z przeprowadzonych eksperymentéw,

znacznym udziale w opracowaniu publikacji naukowych dotyczacych wymienio-

nych zagadnien.

Kierunki dalszych badan

Obiecujace wyniki otrzymane w ramach przeprowadzonych eksperymentéw potwier-

dzaja celowo$é prowadzenia dalszych badan. Multidyscyplinarny charakter niniejszej

pracy otwiera szerokie mozliwosci do kontynuowania prac nad ulepszeniem i rozwi-

nieciem zaproponowanych rozwigzan. Idee przedstawione w tej rozprawie potencjalnie

moga zosta¢ rozwiniete w nastepujacy sposob:

Opracowanie aplikacji mobilnej do diagnostyki cukrzycy typu 1, skierowanej do
dzieci i mtodziezy, ktoéra moze by¢ skutecznym narzedziem w opiece zdrowotnej
oraz moze prowadzi¢ do lepszego zrozumienia wplywu aktywnosci fizycznej na
zdrowie i rozwijania bardziej skutecznych strategii przeciwdziatania problemom

wynikajacym z jej braku.

Rozwinigcie oprogramowania stuzacego do identyfikacji i zliczania komorek na
obrazach z rozmazéw krwi w aplikacje, pozwalajaca uzytkownikowi na dodawa-
nie wlasnych zdje¢ z rozmazu krwi z poziomu interfejsu uzytkownika i umozli-

wiajaca automatyczne zliczanie trzech rodzajéow krwinek.

Rozszerzenie mozliwoéci serwera NanoForms przez wykorzystanie sekwencji DNA
do budowy drzew filogenetycznych, dodanie mozliwosci wykrywania biosynte-
tycznych klastrow genéw metabolitow wtérnych w genomach bakterii i grzybow,

rozszerzenie mozliwosci oceny jakosci ztozenia genomu i kompletnosci adnotacji.
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Przeprowadzenie optymalizacji hiperparametréw algorytmu GPR polegajacej na
doborze optymalnej wartosci progowej dla funkcji dyskryminacyjnej, majacej na

celu zastapienie przyjetej wartosci progowej wynoszacej 0.5.

Stworzenie interfejsu uzytkownika, ktérego zadaniem bedzie generowanie pro-
stych regutl decyzyjnych za pomocg optymalnego dla danego zadania algorytmu
i wyswietlaniu ich w ujednolicony sposéb, co pozwoli na zwigkszenie uzyteczno-
Sci algorytméw opartych na regutach w medycynie i utatwienie podejmowania

decyzji medycznych.

Przeprowadzenie testow zuzycia zasobow sprzetowych komputera i pomiaru
czasu dziatania algorytméw opartych na regutach, dostrojenie wartosci hiper-
parametrow, a takze przetestowanie wydajnosci algorytmow na wiekszej liczbie

zbioréow danych.
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Featured Application: Non-invasive method of type 1 diabetes detection based on physical
activity measurement.

Abstract: Type 1 diabetes is a chronic disease marked by high blood glucose levels,
called hyperglycemia. Diagnosis of diabetes typically requires one or more blood tests. The aim of
this paper is to discuss a non-invasive method of type 1 diabetes detection, based on physical activity
measurement. We solved a binary classification problem using a variety of computational intelligence
methods, including non-linear classification algorithms, which were applied and comparatively
assessed. Prediction of disease presence among children and adolescents was evaluated using
performance measures, such as accuracy, sensitivity, specificity, precision, the goodness index,
and AUC. The most satisfying results were obtained when using the random forest method.
The primary parameters in disease detection were weekly step count and the weekly number of
vigorous activity minutes. The dependance between the weekly number of steps and the type
1 diabetes presence was established after an insightful analysis of data using classification and
clustering algorithms. The findings have shown promising results that type 1 diabetes can be
diagnosed using physical activity measurement. This is essential regarding the non-invasiveness
and flexibility of the detection method, which can be tested at any time anywhere. The proposed
technique can be implemented on a mobile device.

Keywords: type 1 diabetes; classification; physical activity; artificial intelligence

1. Introduction

Diabetes mellitus is a group of metabolic diseases that is characterized by hyperglycemia and
results from defects in insulin action, insulin secretion, or both [1]. Elevated blood glucose connected
with this disease can cause dysfunction and failure of various organs, which are the effects of long-term
diabetes. Currently, according to the WHO and American Diabetes Association classification (ADA),
there are four types of diabetes: type 1, type 2, other specific types of diabetes, and gestational
diabetes [2,3].

Type 1 diabetes causes the patient’s blood glucose to become too high. This happens when his or
her body cannot produce enough insulin, which controls blood glucose. Patients need daily injections
of insulin to keep blood glucose levels under control. It is one of the leading health problems in Poland
and Europe, for people of all ages. It causes constant damage to health and contributes to premature
death [4,5]. According to the International Diabetes Federation estimation, the incidence of type 1
diabetes among children and adolescents under the age of 15 years is increasing in many countries,
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and the overall annual increase is estimated to be around 3%, with strong indications of geographic
differences. More than 96,000 children and adolescents under 15 are estimated to be diagnosed with
type 1 diabetes annually. The number is estimated to be more than 132,600 when the age range is
extended to 20 years. In total, more than one million children globally and adolescents below 20 are
estimated to have type 1 diabetes [6].

There are large regional differences in the number of children and adolescents with type 1 diabetes.
Last year, in Europe, there were 28.4% of children and adolescents with type 1 diabetes and 21.5% in
North America and the Caribbean. The United States, India, and Brazil have the largest incidence
and prevalence of children with type 1 diabetes under both age groups below 15 and 20 years old
(Figure 1) [6].
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Figure 1. Estimated number of children and adolescents <20 years with type 1 diabetes by IDFregion,
2017 [6].

Type 1 diabetes is described as the most prevalent metabolic disease and the third most common
and irreversible chronic disease in childhood, especially below 15 years of age [7]. Despite great
progress in medicine, diabetes is an incurable disease, and it is an extraordinary burden on patients
and their families. Due to its chronic, progressive, and incurable nature, it greatly affects adolescents, in
particular basically their self-esteem, educational opportunities, and lifestyle. Children and adolescents
with type 1 diabetes must face many problems related to treatment restrictions.

Measurement of blood sugar is the basic test most often ordered by doctors to detect carbohydrate
tolerance disorders and also to diagnose and monitor the treatment of diabetes. Blood is drawn for
testing on an empty stomach, followed by a meal or after administration of glucose solution. Serious
barriers in the treatment of diabetes among children are problems with painful injections or blood
tests, shame about diabetes, arguing with parents about the plan for diabetes control, and compliance.
Particularly troublesome are activities related to measuring the level of glucose in the blood, making
injections of insulin, exercising, controlling the content of carbohydrate dietary exchanges in the diet,
wearing a diabetic or information bracelet, carrying sweets for hypoglycemia, and eating snacks [8].

An additional problem is the fact that the symptoms of diabetes are often ambiguous. They may
be confused or attributed to other diseases. Diabetes can only be unequivocally diagnosed when a
glucose load test is performed. Too late of a diagnosis of diabetes in childhood can lead to serious
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changes, such as destruction of blood vessels, visual disturbances, and problems with the nervous
system and kidneys. Very serious diabetes, having been unrecognized for a long time, may endanger
children’s lives; therefore, extraordinary vigilance should be maintained while observing children, in
order to react in time to the first signals of the disease [9,10].

While analyzing the information above, the question arises whether it is possible to diagnose
diabetes without performing blood tests. The present work aims to diagnose type 1 diabetes
among children based on their physical activity. Selected classification algorithms are compared
to obtain the most satisfying results. The promising results encourage developing an application using
computational intelligence methods.

2. Background

2.1. Available Methods of Assessing Physical Activity

Physical activity results in an increase in energy expenditure above resting levels. The rate
of energy expenditure is directly linked to the intensity of the activity [11]. Physical activity can
be classified according to the Borg scale, ranging from sedentary, light, moderate, to vigorous
activities [12].

Currently, there are many methods that allow determining the parameters of physical activity
with high accuracy. These include all monitors like pedometers and accelerometers that have motion
sensors and are worn on the body of the subject to perform various motion measurements, e.g.,
step count, the duration of physical activity, and its intensity [13].

2.2. Pedometers and Accelerometers in Physical Activity Measuring

The simplest and most popular devices allowing activity measurements are pedometers,
which record the number of steps. Thanks to the ability to display the result on a regular basis,
they are considered as a motivating tool to perform more physical activity in everyday life. However,
measurements by pedometers in scientific research have many limitations. Devices provide information
on the frequency of movement, but they do not determine the intensity of physical exercise. Pedometer
step counts are also more inaccurate at slow speeds (<60 m/min); therefore, they may be inappropriate
for older adults, and the result may not be reliable. Pedometer readings can also vary according to
where the pedometer is mounted. In addition, its weakness is also the possibility of falsifying and
increasing results by intentionally shaking the device or by shocks caused by driving a car, which do
not prove that the subject was more active [14].

Currently, the most accurate motion sensors used to assess physical activity are accelerometers.
The devices detect the acceleration of body movement, giving the opportunity to measure reliably
the intensity and duration of physical activity, as well as the number of steps taken, and sedentary
analysis [15]. Those parameters of the motion are read by the piezoelectric sensor, which converts the
analog signal into the digital one in the range (0.1-3.6 Hz). Thanks to this, very accurate monitoring of
physical activity is possible. An example of a commonly-used accelerometer is ActiGraph.

2.3. ActiGraph Activity Monitor

ActiGraph has been used in large-scale field studies and has become the de facto standard device
for objective physical activity monitoring [16]. It is particularly recommended for examination of
children and adolescents because it allows for detection of acceleration in three planes of motion,
which provides more accurate analysis of the movement relative to pedometers. This is especially
important in the case of children’s examination because the device records all forms of physical
activity, such as doing push-ups or climbing. Many publications describe the advantages of using
accelerometers in scientific research, such as objectivity, non-invasiveness, and accuracy, while
maintaining the comfort of the user [15].
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Published findings related to the application of ActiGraph concerned with exploring differences
in daily physical activity profiles among individuals with mild Alzheimer’s disease were compared
to a control group [17]. Features that can be derived from the accelerometer have been also used to
recognize the presence and severity of motor fluctuations in patients with Parkinson’s disease [18].
It has been also used with measurements of physical activity to evaluate the effectiveness of surgical
and therapy-based interventions in children with cerebral palsy or to derive diurnal rest-activity
patterns from actigraphy in adolescents and to analyze associations with adiposity measures and
cardiometabolic risk factors [19,20].

However, ActiGraph activity monitors have limited memory and battery capacity to store raw
signal data and are additionally quite expensive. One of the current models, ActiGraph wGT3X-BT,
currently sells for 225 USD [21]. The costs of devices may vary if bought separately, as compared to
bulk orders.

Due to memory limitations, information about movement is read by the accelerometer in the
form of the number of pulses (named counts), which are added up in the designated time unit [22].
A count is a unit aimed to be proportional to the average overall acceleration of the human body in a
specified period of time. The sum of the received counts is converted into the intensity of physical
activity, categorized as sedentary behaviors, light physical activity (LPA), moderate PA (MPA), and
vigorous PA (VPA).

There are commonly-used regression equations named as cut points for the ActiGraph
accelerometers in predicting energy expenditure (EE) in children and adolescents [23]. The cut
points are derived as a part of published research aimed at quantifying activity levels using ActiGraph
products. All cut point sets are scaled to 60-s epochs.

In this study, the parameters of physical activity are calculated according to the Freedson Children
(2005) model. Definitions of the cut point levels for this model are given in Table 1.

Table 1. Freedson Children ActiGraph cut points.

Activity Cut Point
Label From  To
Sedentary 0 149
Light 150 499

Moderate 500 3999
Vigorous 4000 7599

Very Vigorous 7600 8

2.4. Methods to Compare New and Traditional Accelerometer Data

There are many publications describing how to convert a raw accelerometer signal into the output
data of the ActiGraph [16,24,25]. Such data can be obtained using a common smartphone, which is
equipped with an accelerometer and a pedometer. Mapping the conversion of counts will allow
performing tests in an inexpensive and easy way, which will be comparable to those obtained using
the ActiGraph activity monitor.

The research literature describes that counts are calculated as the area under the filtered and
rectified (non-negative) curve. The ratio between raw acceleration signal and counts is likely to be
brand specific [16]. The experiment described in the literature showed that a third-order Butterworth
filter resulted in the highest correlation between ActiGraph counts and unscaled raw accelerometer
counts (r = 0.975, p < 0.01) [24].

The complete method of the conversion of raw accelerometer data to the output the ActiGraph
signal is presented below as steps. First, it is necessary to gather 60 s of analog accelerometer reads and
calculate the Euclidean distance on analog data in order to create one signal from three axes. Second,
this signal should be processed using a third-order Butterworth filter. Next, the area under the filtered
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and rectified signal should be calculated. Then, the result should be labeled by type of activity (i.e.,
sedentary, vigorous, etc.) using predefined cut points and a count of the selected incremented label.
All steps should be repeated until enough data are collected.

This method allows for consistency with traditional physical activity measurements so that it is
possible to make a historical analysis and comparisons.

3. Materials and Methods

3.1. Data Source

The dataset was collected from a group of schoolchildren between the ages of 6 and 18 being
under the care of the diabetic clinic for children at Rzeszow State Hospital in Poland in 2016 by
E.Czeczek-Lewandowska as a part of her Ph.D. thesis research [8]. The dataset was divided into two
groups based on the results of HbAlc glycated hemoglobin tests for diabetes that were read from the
patient’s medical records provided by the diabetic clinic with parental consent. The analysis included
the last two results from the maximum period of one year prior to the study, on the basis of which the
arithmetic mean was calculated.

Of the 451 children that took part in the research, the inclusion and exclusion criteria were
extracted and analyzed. The eligibility criteria that were applied were: ages between 6 and 18, type 1
diabetes diagnosed a minimum of one year prior to the examination, HbAlc values determined at least
twice in the year prior to the start of the study, informing parents about the study and child consent,
required physical activity record length (excluding night hours and activities performed in contact
with water), and training the parent and child in terms of using the accelerometer. Children who
did not meet the inclusion criteria, were diagnosed with type 2 diabetes or other metabolic disorders,
had current complications in the course of diabetes, and became sick during the study period were
excluded from the study. Additional excluding criteria were exceptionally bad weather conditions, a
period of holidays, and holiday break during the study period. Finally, the study group consisted of
215 children with type 1 diabetes and 115 healthy children from a control group. Nine parameters for
each child were collected and are listed below.

1.  General and BMI parameters:

o Age

e  Sex

o Weight
e Height

2. Physical activity parameters (per week):

e  Step count

e  Sedentary activity minutes
e Light activity minutes

e  Moderate activity minutes
e Vigorous activity minutes

3. Type 1 diabetes presence (binary parameter)

The weight and height of the body were obtained using a Radwag WPT 60/150 OW electronic
scale during a three-stage measurement. The level of physical activity was assessed with a hip-worn
ActiGraph wGT3X-BT activity monitor used by the children 12 h a day for a week, excluding night
time and activities performed in contact with water, i.e., bath, swimming pool. The parameters of
physical activity were calculated according to the Freedson Children (2005) method.

67




Appl. Sci. 2019, 9, 2555 60f 16

3.2. Classification Methods

Classification systems have an important role in decision-making tasks by categorizing the
available information based on some criteria [26]. The purpose of this research was to assess the relative
efficacy of some well-known classification methods. We have considered classification techniques that
are based on statistical and Al techniques. A brief review of the relevant classification methods is
presented in this section.

3.2.1. Support Vector Machine

Support vector machine (SVM) is a classification algorithm used for finding an optimal hyperplane
that maximizes the margin between classes. That hyperplane is orientated in such a way that it is as
far as possible from the closest data points from each of the classes. These closest points are called
support vectors [27]. The key element of the SVM algorithm is the kernel function. It transforms a
non-linear feature space into a linear one before the hyperplane search [28].

3.2.2. Probabilistic Neural Network

The probabilistic neural network (PNN) is a feedforward neural network model. It consists of
input, pattern, summation, and output layers. The input layer is represented by the features of the
input vector. The pattern layer is composed of as many neurons as learning samples. The summation
layer consists of Nneurons where each of them computes the signal only for patterns that belong to the
n'h class. The output layer is used to yield the decision; its result with the largest probability value is 1,
and the rest of the outputs are 0 [29].

3.2.3. Multilayer Perceptron

Multilayer perceptron (MLP) is a feedforward artificial neural network that uses the
backpropagation technique for training. It is composed of one or more layers of neurons. Data are
transferred to the input layer; there may be one or more hidden layers; and predictions are made on
the output layer [30].

3.2.4. Group Method of Data Handling

The group method of data handling (GMDH) is a family of inductive algorithms of
multi-parametric datasets. It features the fully-automatic parametric and structural optimization
of models. GMDH is used for constructing a high-order regression-type polynomial [31].

3.2.5. Gene Expression Programming

Gene expression programming (GEP) is an evolutionary algorithm that creates models, equations,
or computer programs. GEP programs are encoded in the so-called chromosomes, which are mutated
by computing the expression of each chromosome. Next, the predefined genetic operators are applied,
and the fitness is calculated. Finally, the best chromosomes are selected to reproduce [32].

3.2.6. Linear Regression

Linear regression is one of the simplest and best known algorithms in statistics and machine
learning used for finding a linear relationship between the target and one or more predictors. The core
idea of linear regression is to obtain a line that best fits the data [33].

3.2.7. Radial Basis Function Network

The radial basis function network (RBF) is an artificial neural network that uses radial basis
functions as activation functions. The output of the RBF network is composed of neuron parameters
and radial basis functions of the inputs [34].
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3.2.8. Logistic Regression

Logistic regression is a statistical method for analyzing a dataset with one or more independent
variables that determine an outcome. The goal of logistic regression is to find the best fitting model to
describe the relationship between the binary dependent variable and a set of independent variables [35].

3.2.9. Decision Tree

The decision tree (DT) is a type of model used for both classification and regression. Trees answer
sequential questions, which are sent down a certain route of the tree given the answer. They are
intuitive and provide one of the simplest portrayals for classification purposes. Tree depth represents
how many questions are asked before reaching the predicted classification [36].

3.2.10. Random Forests

Random forests (RF) are a classification algorithm that is a combination of decision tree predictors
so that each of them depends on the values of a randomly -elected independent vector with the same
distribution for all trees in the forest [37]. After training, predictions for unseen samples can be made
by taking the majority vote [36].

3.3. Validation Methods

Commonly-used evaluation measures are precision, sensitivity, and accuracy. These measures
can be defined with the help of four cardinalities of the confusion matrix, namely the truth positive
(TP), true negative (TN), false positive (FP), and false negative (FN) [38].

3.3.1. Accuracy

The accuracy metric measures the total number of correct classifications (true positives and true

negatives) [38].
TP, + TN;
TP; + TN; + FP; + FN;’

ACC; = TP, + TN; + FP; + FN; > 0 @

3.3.2. Sensitivity

The sensitivity (recall) measures the proportion of actual positives that are correctly identified as
such (e.g., the percentage of children with type 1 diabetes who are correctly identified as having the

condition): [38].
TP;

E=——tr
SEi TP; + FN;

, TP, + FN; > 0 @)

3.3.3. Specificity

The specificity measures the proportion of actual negatives that are correctly identified as such
(e.g., the percentage of healthy children who are correctly identified as not having the condition): [38].

TN;

p=_—"1
SP TN; + FP;’

TN; +FP; >0 3)

3.3.4. Precision

The precision metrics determine the quality of positive predictions (true positives and false
positives): [38].
TP

PPVi= 7P

, TP, + FP; > 0 4)
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3.3.5. AUC

For a binary classification problem, the evaluation of the performance is typically illustrated
with the receiver operating characteristic (ROC) curve, which plots the true positives versus the
false positive rate at various threshold settings. It is convenient to reduce it to a single scalar value
representing expected performance. A common method is to calculate the area under the ROC curve
(AUC). An ideal classifier achieves an AUC equal to 1, while the classifier that makes a random
decision achieves an AUC equal to 0.5 [38,39].

3.3.6. Goodness Index

The goodness index (G) represents the Euclidean distance between the evaluated point in the
receiver operating characteristic space and the point (0,1), which represents the perfect classifier that
classifies all positive cases and negative cases correctly.

o B T, B TN; .,
G’_\/(l (TP,~+FN,-)+(1 (FP,-JrTN,-) ®)

G can assume values between 0 and v/2, and a classifier can be considered as:

e  optimum, when G < 0.25,

° good, when 0.25 < G < 0.70,
e random, if G =0.70,

e bad,if G>0.70 [40].

The G value result analysis allows evaluating the best-performing classifier [28].
3.4. Other Data Analysis Methods

3.4.1. Clustering Method

The k-means clustering algorithm is one of the most popular clustering algorithms, which is used
to find groups that are not explicitly labeled in the data. It uses iterative refinement to produce a final
result. The inputs of the algorithm are the dataset and the number of clusters k. A cluster is a collection
of data points that have been aggregated together because of certain similarities, and the dataset is a
collection of features for each data point. The algorithms start with initial estimates for the k centroids,
which can either be randomly initialized or randomly selected from the dataset. Then, the algorithm
iterates between two steps:

e Data assignment: each data point is assigned to its nearest centroid, based on the squared
Euclidean distance. If ¢; is the collection of centroids in set C, then each data point x is assigned to

a cluster based on:
arg min dist(c;, x)? (6)

c;eC

where dist(-) is the standard Euclidean distance. S; is the set of data point assignments for each

it cluster centroid.
e  Centroid update: centroids are recomputed by taking the mean of all data points assigned to that

centroid’s cluster. 1

Ci:@ Z (7)

X;ES;x;

The algorithm iterates between those two steps until convergence. Convergence is reached when
the computed centroids do not change or the centroids and the assigned points oscillate back and forth
from one iteration to the next one. The result may be a local optimum, so assessing more than one run
of the algorithm with randomized starting centroids may give a better outcome [41].
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3.4.2. Feature Selection Methods

Feature selection is the first and fundamental step in data analysis. This is the process of selecting
a subset of relevant features (variables, predictors) for use in model construction. Feature selection
methods aid in creating an accurate predictive model by choosing only features that are relevant.
Irrelevant features in the dataset can decrease the performance of the models; redundant data can
allow a greater opportunity to make decisions based on noise and increase algorithm complexity, while
algorithms are trained more slowly.

There are three general classes of feature selection algorithms: filter methods, wrapper methods,
and embedded methods. Filter feature selection methods apply a statistical measure to assign a score
to each feature. The features are ranked by the score and are either selected to be kept or removed from
the dataset. The methods are often univariate and consider the feature independently, or with regard
to the dependent variable. Examples of some filter methods include correlation coefficient scores and
information gain. These methods are used to create the feature ranking [42].

Pearson’s correlation coefficient is one of the methods of measuring the association between
variables of interest, and it is based on the covariance method. It gives information about the magnitude
of the association, or correlation, as well as the direction of the relationship [43].

Entropy measures the amount of uncertainty in the dataset. The information gain is based on
the decrease in entropy after splitting a dataset on an attribute [44]. It is used to generate a decision
tree from a dataset. Constructing a decision tree comes down to finding an attribute that returns the
highest information gain.

The information gain IG is the change in information entropy H from a prior state to a state that
takes some information as given:

IG(d | a) = H(d) — H(d | a) ®)

where H(d | a) is the conditional entropy of decision d given attribute 2 and H(d) is the entropy of
decision d, which is equal to:
k
H(d) = =} _ p(di) - Inp(d;) ©)
i=1

Information gain can be calculated for each remaining attribute. The attribute with the largest
information gain is used to split the dataset on this iteration [45]:

!
IG(d|a) = H(d) = }_ p(a)) - H(d | a)) (10)
j=1

4. Results

4.1. Data Analysis Results

The aim of this research was to answer whether type 1 diabetes among children and adolescents
can be diagnosed based on physical activity. We defined the prediction problem of type 1 diabetes
presence among children as a binary classification problem. The results were obtained using DTREG,
Weka, and Python Scikit-Learn software packages [46—48].

The assessment of physical activity impact on the prevalence of type 1 diabetes among children
and adolescents was based on parameters closely related to the intensity of physical activity.
These parameters were calculated according to the Freedson Children (2005) model (Table 1).
We considered the dataset consisting of parameter values of 215 sick and 115 healthy children.
The selected classification parameters set was composed of the total number of steps and sedentary,
light, moderate, and vigorous activity minutes per week.
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Subsequently, we decided to create a feature ranking (FR) automatically. FR specifies the
significance of features for a problem by ranking features according to their importance in the model
using ranking algorithms [42]. The FR based on correlation coefficient scores was performed, and the
results are presented in Table 2.

Table 2. Correlation coefficient feature ranking.

Feature Name Score

step count 0.2362

vigorous activity minutes ~ 0.0505

sedentary activity minutes  0.0408

1
2
3 moderate activity minutes  0.0469
4
5

light activity minutes 0.0127

Due to the fact that evaluating the entropy is a key step in the decision tree algorithm, it was used
to calculate the homogeneity of a sample, and we decided to create FR based on information gain,
which is based on the entropy. The results are presented in Table 3.

Table 3. Information gain feature ranking.

Feature Name Score

1 vigorous activity minutes  0.1435

2 moderate activity minutes  0.1375

3 step count 0.084
0

The data presented in Table 2 showed that the most significant parameter was the step count
(per week). Data presented in Table 3 resulted in three important parameters, i.e., vigorous activity
minutes, moderate activity minutes, and step count.

The presented results of the FR are purely illustrative, because threshold values were set to exclude
unimportant parameters. We decided to use the classification of all physical activity parameters.

4.2. Classification Result

Firstly, we built a decision tree with an overall goal to extract general information from a dataset
and transform that information into a structure that can be understood by an ordinary user. A decision
tree was built from physical activity parameters, i.e., the total number of steps and the groups of
sedentary, light, moderate and vigorous activities, using the implementation of the c4.5 algorithm,
called J48, from the Weka software package. The algorithm was started with default values, such as
the confidence threshold for pruning the set to 0.25 and a minimum number of instances per leaf equal
to two.

At each node of the tree, the algorithm chose the attribute of the data that most effectively split
the set of samples into subsets enriched in one class or the other. The splitting criterion was the
normalized information gain. The information gain feature ranking results described in Section 4.1
had the vigorous activity minutes parameter in the first place. Hence, it could be concluded that the
root of the decision tree would be the same parameter. In Figure 2, as can be observed, the results of
the decision tree classification are not completely consistent with logical thinking, and in some cases,
they seem contradictory.
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Figure 2. J48 tree design.

Accurate and reliable information is vital for effective decision making. Thus, we employed
an undersampling technique to obtain reliable estimates. It is a technique used to adjust the
class distribution of a dataset. For this purpose, 115 of the 215 sick children were chosen by
the random selection process to obtain two equivalent ratios of sick and healthy patient classes.
After undersampling, the remaining 230 patients were considered eligible and were enrolled in
the study.

The best results in the prediction of type 1 diabetes presence among children and adolescents
were obtained with decision tree forests. This model enabled the prediction with the highest accuracy
(86.09%), specificity (84.35%), and precision (84.87%). The PNN also showed high accuracy (84.35%)
and the highest sensitivity (89.57%), but markedly lower specificity (79.13%) and precision (81.10%).
The AUC for PNN (0.926578) also exceeded the values of this parameter for the remaining classifiers
(Figure 1). The averaged accuracy, sensitivity, specificity, precision, goodness index, and AUC
value obtained for all applied computational intelligence methods and a linear regression model
are presented in Table 4.
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Table 4. The accuracy, sensitivity, specificity, precision, goodness index, and the area under the receiver
operating characteristic curve obtained for the set of physical activity variables.

Algorithm Name Acc(%) Sen(%) Spe(%) Prec(%) G AUC
Decision Tree Forest  86.09 87.83 84.35 84.87  0.1983 -
PNN 84.35 89.57 79.13 81.10 02333  0.926578
SVM 84.35 86.96 81.74 82.64 02244 0.909716
Single tree 83.48 86.09 80.87 81.82  0.2365 -
GEP 83.04 83.48 82.61 8276 02399 0.830435
Logistic regression 82.61 84.35 80.87 81.51 0.2472  0.883478
GMDH 82.61 82.61 82.61 8261 02460 0.905482
RBF network 8217 85.22 79.13 80.33  0.2557 0.905331
MLP 81.30 86.09 76.52 7857 02729 0.897921
Linear regression 80.87 85.22 76.52 7840  0.2774 0.884008

The values were obtained using a 10-fold cross-validation procedure [49]. The given dataset
consisting of 230 samples was split into 10 folds, where each fold was used as a testing set at some
point. In the first iteration, the first fold was used to test the model, and the rest were used to train the
model. In the second iteration, the second fold was used as the testing set, and the rest served as the
training set. This process was repeated until each fold of the 10 folds had been used as the testing set.
Based on the obtained scores in every iteration, the mean value was calculated in order to assess the
performance of the model.

4.3. Clustering Result

In the last step, we wish to explain the correlation between physical activity parameter values
and type 1 diabetes presence. This relied on finding the equation that played a major role in the correct
diabetes classification among children and adolescents. For this purpose, we assumed that we did not
have a classification into sick and healthy patients and used the k-means clustering algorithm.

After clustering, we compared the obtained clusters with their corresponding classes from the
dataset. It turned out that 215 of 330 records had identical classes. Then, we built a decision tree for the
remaining 215 records using the c4.5 algorithm with the same setup as described in the Classification
Result section. The result of the decision tree is presented in Figure 3.

step count

TN

== (0837 = B0337

- N
| sick HEALTHY

Figure 3. Classification results after clustering.

The obtained results confirmed the assumption that the correlation between physical activity and
type 1 diabetes presence can be evaluated based on measuring step count. It is possible to predict the
prevalence of the disease correctly at least in 65% of the cases. As a result, a child was determined to
be sick when performing fewer than 60,837 steps per week.
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5. Discussion

The purpose of this research was to find a relationship between the intensity of physical activity
and the presence of type 1 diabetes among children and develop a non-invasive method of type 1
diabetes detection. Assessment of the physical activity was based on ActiGraph activity monitor
measurements. The ActiGraph measurements for health-related research were also carried out in
published findings [17-20].

Decision tree forests, as well as other computational intelligence methods were applied for the
detection of different diseases, e.g., breast cancer and heart disease [50,51]. Application of decision tree
forests, which included five parameters connected with the intensity of physical activity, enabled the
prediction of type 1 diabetes presence among children and adolescents between the ages of six and
18 with a high accuracy of 86.09% and specificity of 84.35%. The PNN also showed a high accuracy
of 84.35%. Our results were comparable to similar articles, in which neural networks were used
for outcome prediction of diabetes presence. For example, an SVM algorithm using the RBF kernel,
the same as was used in this paper, was able to predict the presence of elevated blood glucose level via
electrochemical measurement of saliva with approximately 85% accuracy [52].

As the final result of the study, it was concluded that if the number of steps is lower than around
61,000 a week, it is likely that the child is suffering from type 1 diabetes. After dividing this by the seven
days of a week, we obtained the average number of steps per day, which was around 9000, but it should
be noted that gender and age were not included in the calculation of this result. The updated international
literature indicates that we can expect, among children, boys to average 12,000-16,000 steps/day, girls to
average 10,000-13,000 steps per day, and adolescents to reach approximately 8000-9000 steps/day [53].
Thus, the obtained result was consistent with the normative international literature.

Decreased physical activity of ill children compared to healthy peers was the result of the disease.
Many children also complained that it was difficult for them to go through a pitch of more than 100 m,
that it was difficult for them to run, play sports, exercise, lift something heavy, take a bath, or shower
by themselves, and that they felt pain and were tired.

The results of the research are promising and encourage developing a mobile application for
type 1 diabetes diagnosis dedicated to children and adolescents. Although the popularity of using
mobile phones applications in various health disorders has reached about 30%, it should be taken
into account that young people are more likely to use and more effective at using new mobile phone
applications, and the popularity and potential acceptance of mobile health solutions have an increasing
tendency [54].
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ADA

AUC
BMI
DT
EE
FN
FP
FR

G
GEP

American Diabetes Association

Area under the receiver operating characteristic curve
Body mass index

Decision tree

energy expenditure

False negative

False positive

Feature ranking

Goodness index

Gene expression programming

GMDH  Group method of data handling

LPA
MLP
MPA
PNN
RBF
RF
SVM
TN
TP

light physical activity
Multilayer perceptron
moderate physical activity
Probabilistic neural network
Radial basis function
Random forest

Support vector machine
True negative

Truth positive

WHO World Health Organization

VPA

vigorous physical activity
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Abstract: A complete blood count is one of the significant clinical tests that evaluates overall
human health and provides relevant information for disease diagnosis. The conventional strategies
of blood cell counting include manual counting as well as counting using the hemocytometer
and are tedious and time-consuming tasks. This research-based paper proposes an automatic
software-based alternative method to count blood cells accurately using the RetinaNet deep learning
network, which is used to recognize and classify objects in microscopic images. After training,
the network automatically recognizes and counts red blood cells, white blood cells, and platelets.
We tested a model trained on smear images and found that the trained model has generalized
capabilities. We assessed the quality of detection and cell counting using performance measures,
such as accuracy, sensitivity, precision, and F1-score. Moreover, we studied the dependence of the
confidence thresholds and the number of learning epochs on the obtained results of recognition and
counting. We compared the performance of the proposed approach with those obtained by other
authors who dealt with the subject of cell counting and show that object detection and labeling can
be an additional advantage in the task of counting objects.

Keywords: confidence threshold; convolution neural networks; platelet; RBC; WBC

1. Introduction

A complete blood count (CBC) is a typical clinical test that provides relevant infor-
mation for disease diagnosis. The main three types of blood cells are: Red Blood Cells
(RBCs), also called erythrocytes, White Blood Cells (WBCs), also called leukocytes, and
platelets, also called thrombocytes. CBC provides information about the production of
all blood cells, identifies the patient’s ability to carry oxygen by evaluating RBC counts,
and allows for immune system evaluation by assessing WBC counts with differential. This
test helps diagnose anemia, certain cancers, infections, and many many others, as well as
monitor the side effects of certain medications [1]. For this reason, medical laboratories
are flooded with a large number of blood and tissue samples that need to be analyzed as
accurately as possible and in the shortest possible time. The ability to accurately quantitate
specific populations of cells is important for precision diagnostics in laboratory medicine.
Thus, medical staff work under heavy loads and time pressure. Medical workers often
have to work overtime to analyze all samples on time, causing even greater fatigue of the
staff, which may result in mistakes and lower work efficiency [2]. These errors may lead to
severe and even fatal consequences in the treatment of patients.

An alternative to traditional manual counting of various cells by specialists are semi-
automatic and automatic methods. Automatic detection and counting of cells in images is
a difficult and complex task, especially in reality the resolution of input medical images
could be very high, at the same time the target cells could easily be extremely dense.
Moreover, there are a large number of them in the image, the cells are often overlapped and

Entropy 2021, 23, 1522. https:/ /doi.org/10.3390/€23111522

https:/ /www.mdpi.com/journal/entropy

79




Entropy 2021, 23, 1522

20f22

there are problems with distinguishing cells. This is the principal motivation of automatic
cell counting.

There are generally two main approaches in the automated counting of blood cells.
We can distinguish traditional methods, which involve several steps such as preprocessing,
segmentation, feature extraction, and classification, while other methods are based on deep
neural networks (DNN). The selected traditional automatic RBCs counting methods are
presented in [3,4]. Various methods of automatic WBC counting are presented in [5-10].
Despite the numerous advantages of the automated methods, they also have disadvantages,
such as the accuracy of counting and the preparation of cell images. Reliable and accurate
cell detection is usually a difficult problem due to a great variability of cells and the
complexity of data. Detection can determine the presence of a specific cell in a microscopic
image, e.g., lymphocytes. Moreover, detection can be also combined with their counting
and quantitative analysis of cells [11]. Automatic cell counting involves obtaining the
number of cells in a medical image [12].

In recent years, due to the rapid development of deep learning networks, they have
become a key component of many computer vision applications such as object detection,
classification or segmentation. The efficiency and efficacy of deep learning in the medical
imaging field is unquestionable, as evidenced by a large number of independent studies
in different modalities and applications, including those suggested for automatic cell
counting [13]. For example, deep learning models that classify various types of erythrocytes
were proposed in [14,15]. Vogado et al. [16] proposed LeukNet, which is based on a
convolutional neural network (CNN). Acevedo et al. proposed recognition of peripheral
blood cell images using CNNs [17]. Automatic white blood cell classification using deep
learning models was also presented in [18-23]. Automatic identification and counting of
all three types of blood cells simultaneously using DNN was proposed in [24].

A literature review indicates that there are only a few articles on the detection and
counting of RBCs, WBCs, and platelets simultaneously using deep learning methods [24].
However, it is not clear how to determine the optimal number of epochs and the optimal
threshold to achieve the highest performance. We also noted that the obtained results
are usually compared only based on accuracy, which in no doubt is an important metric
to consider, but it does not always give the full picture. Obtained results should also be
discussed in the light of important quality metrics in medical testing: recall, precision,
and Fl-score. Many works concern recognizing cells in small images that contain just a
few cells in the image, while microscopic images can include hundreds of crowded and
overlapped cells. Motivated by the lack of a thorough examination of the above issues, we
decided to propose our own solution.

This paper aims at developing a precise and automatic method for counting various
types of cells in one image using the developed deep learning methods. It will allow
for a significant acceleration of cell counting work in laboratories and a reduction of the
burden on staff. Doing this work by using a computer will also reduce human error and
increase the accuracy and reduce the likelihood of mistakes. To achieve this goal, our work
was related to the development of methods that can automatically count blood cells. We
proposed an approach that employs RetinaNet based on CNN architecture to detect all
three types of blood cells, i.e., RBCs, WBCs, and platelets simultaneously.

The main contribution of this work includes several points. We prepared our own
training dataset and manually marked RBCs, WBCs and platelets in the images. Then, we
adapted and trained RetinaNet to recognize three types of cells simultaneously by present-
ing a wide collection of microscopic medical images. Next, we prepared an application
that counted cells recognized by the RetinaNet network. Then, we evaluated the impact of
learning epochs and confidence thresholds on the performance and effectiveness of cell
detection and counting for each class on several images by comparing the number of cells
counted by the application with the manually counted number of correctly classified cells,
incorrectly classified cells, and unclassified cells. Based on those preliminary results, we
selected and tested two of the trained models to evaluate how accurately they mark RBCs,
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WBCs, and platelets with a bigger test set for subsequent confidence thresholds. Finally, we
calculated the accuracy, precision, recall, and F1-score of automatic counting for each type
of cells, determined the optimal confidence thresholds for each type of cells, and compared
them with the state-of-the-art.

2. Materials and Methods
2.1. General Concept of CNN Construction

Deep learning is a method that simulates the human brain structure. This method
consists of a series of algorithms for finding a hierarchical representation of the input data
based on the way that the human brain senses an important part of a sensory data set.
It is a part of machine learning, which revolves around the algorithms responsible for
modeling high-level abstraction, using many layers composed of nonlinear transforma-
tions. Due to their high efficiency, DNNs are nowadays the most popular group of deep
learning algorithms.

In recent years, the unrestrainable increase of the data amount has raised new chal-
lenges in machine learning in the area of scalability. It was particularly evident in the
subject of object recognition and image processing. During the analysis of a small black
and white image, each neuron of the hidden layer would still have to have thousands of
weights. This fact causes problems of both computational and purely practical nature. Such
problems are dealt with by the architecture of CNNs [25].

A CNN is a class of DNNs, most commonly applied to analyzing images and ob-
ject recognition. Figure 1 shows the sequence of transformations involved in a typical
convolutional network [26] that has been adopted in our research to recognize blood cells.

‘ Conv. Layer ‘ ‘ Pooling Layer ‘ ‘ Conv. Layer ‘ ‘ Pooling Layer HConn. LayerHConn. Layer‘

Input Image

X ,"O\\
W O
'O =QT
O' Qutput
Feature Maps Feature Maps Pooled Feature Maps Pooled

Feature Maps Feature Maps

Figure 1. The sequence of transformations involved in the convolutional network for recognizing blood cells.

At first, the input image is scanned for feature selection. The checked rectangle is the
filter that passes over the image. Activation maps are stacked atop another one for each
of the employed filters. Secondly, the next rectangle is downsampled and the activation
maps are downsampled. Next, a new set of activation maps is created by passing filters
over the first downsampled stack. Then, the second set of activation maps is condensed by
the second downsampling. Finally, the fully connected layer classifies the output with one
label per node.

It is a solution taken from the human system of vision. Neurons are activated only
when something is in the human field of vision, utilizing the fact that the features that
represent only this small part of an image can relate to the entire surface of the image.
Based on this knowledge, groups of neurons are created with common weights but located
in different parts of the image. Several types of layers make CNN:

e  Convolutional layers—they create feature maps based on systematically learned filters
on input images and summarize the presence of these functions in the input. A map
of the activity of a particular feature across the entire image area can be interpreted as
a set of output signals from neurons of the same weight shall. The filter is a feature
represented by one shared set of weights. The convolutional layer is operating in
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three dimensions, where instead of multiplying vectors, as in the classical approach,
the convolution operation is applied and it gives better results when detecting a
pattern [25,26];

*  Pooling layers—they are used to streamline the computation. Combining the outputs
of neuron clusters at one layer into a single neuron in the next layer by pooling
layers reduces the dimensions of the data. Local pooling combines small clusters, and
global pooling acts on all neurons of the convolutional layer. Pooling may calculate a
maximum or an average. Max pooling uses the maximum value, and average pooling
uses the average value from each of a cluster of neurons at the prior layer [25,26].

*  Fully connected layer—uses the convolution results to classify the image into a label.
The convolution output is flattened into a single vector of values representing the
probability of belonging of a feature to that label. Each neuron receives weights that
assign priority to the most appropriate label. Finally, neurons vote for each label, and
the winner of this vote is the classification decision [26].

2.2. RetinaNet

RetinaNet is a one-stage detector that uses focal loss, whereby the lower loss is con-
tributed by negative samples. The loss is concentrated in problematic samples, which
improves the accuracy of prediction. With ResNet and Feature Pyramid Network (FPN) as
the backbone for extraction of features and two task-specific subnetworks used for classifi-
cation and bounding box regression, the formed RetinaNet achieves excellent performance
and outperforms Faster R-CNN—the well-known two stage detector [27,28].

The architecture of RetinaNet shown in Figure 2 can be divided into three main
groups [29]:

* a backbone FPN is used on the top of the ResNet model for constructing a rich
multiscale feature pyramid from a single input image;

* asubnet used for classifying objects based on FPN outputs;

*  a subnet that makes regression of the bounding box using the output data of the
backbone network.

[aié-é:onv, ReLUj-)-(-A- i apply focal loss |

class

Subnet |\ 256> (w2561 WeH<KA| sigmoid

[ class & box| -
@ subnet |

@4—’

7
N

N
[
Input image

ResNet

[3x3 conv, ReLU] x4

[class & box
"|__subnet
\ class & box| -, box
subnet | -
A\ » i subnet
- —_—>

&

WxH=2561--» [WxH=256—> |W=H=4A [regression

Feature Pyramid Network
Figure 2. The architecture of RetinaNet Detector.

Feature pyramids are a basic component in recognition systems used for detecting
objects at multiple scales. RetinaNet is based on the FPN presented in [30]. In a network
containing residual blocks (ResNet), each layer feeds directly into the next layer and
two to three jumped layers. In comparison, in traditional neural networks each layer
feeds into the next layer. The training of a few layers can be skipped by using shortcut
connections. It has been proven that training this type of network is easier than training in
simple DNNS, and it particularly deals with the problem of accuracy degradation.

The fully convolutional nature of the network enables downloading an image of any
scale and output proportional feature maps on multiple levels in the feature pyramid [31].

FPN consists of a bottom-up and top-down pathway. The bottom-up pathway is a
convolutional network used for feature extraction, and the top-down pathway restores
resolution to semantic information.
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The classification and regression subnets are attached to each feature map obtained
using FPN. The classification subnet predicts the object presence probability for each
of the A anchors and K object classes at each spatial position. It applies four 3 x 3
convolutional layers, each with 256 filters and each followed by the Rectified Linear Unit
(ReLU) activation, followed by a 3 x 3 convolutional layer with K x A filters. The regression
subnet is identical to the classification subnet, except that 4A linear outputs are terminated
per spatial location.

We used Keras implementation of RetinaNet object detection [32]. RetinaNet makes
use of a ResNet-based backbone, from which a FPN is constructed. We used ResNet50
as the backbone. We took advantage of the possibility of using transfer learning. We set
the weight option to the pretrained model when training and used the freeze backbone
argument to freeze the backbone layers. We set the input batch size at 5 due to limitations
in GPU memory. We trained the RetinaNet model with 36,382,957 parameters, which is
equal to the number of trainable and non-trainable parameters.

2.3. Focal Loss

The imbalance between the background not containing objects and the foreground that
holds interesting objects is the main issue for object detection model training. Focal loss is
designed to assign greater weights to difficult, easily misclassified objects and downweight
trivial ones. The goal is to minimize the expected value of the loss from the model and in
the case of the cross-entropy loss, the expected loss is approximated as:

n n
CE(pi,y) = —log(pi) = % ) —logpi = % ) Li ©)
i=1 i=1
where L; is the loss for one training example and the total loss L is approximated as the
mean overall examples, p; € [0,1] is the model’s estimated probability for the class y =1,
and y € {£1} specifies the ground-truth class [30].

The loss is calculated depending on the loss function definition. One of the most
common loss functions is cross-entropy loss. This loss function is beneficial for image
classification tasks, but different tasks need different loss functions. For example, in the
detection problem in which bounding boxes are estimated around objects, a regression loss
function can be used to get a measure of how well the bounding box is placed in the image.

The cross-entropy loss is used when the model contains the Softmax classifier. The
Softmax classifier gives a probability score for each object class. The loss function is

calculated as:
L= log[ " ?)
= _1lo
i g E] eff

where L; are all the training examples together, f; is the j-th element of the vector of class
scores f, y; is the output for the correct class.

The Mean Square Error (MSE) is the most commonly used regression loss function.
It can be computed as the squared norm of the difference between the true value and the
predicted value:

Li = llg - yill3 3)

where ¢ are the predicted values and y; are the true ones. This loss function can be used when
the goal is to find the coordinates of a bounding box when performing object detection.

2.4. Metrics
To quantitatively evaluate the results of cell counting, the following measures are defined.
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The accuracy is defined by the following formula:

Nexpert N Ncount

Accuracy =
max{ Nexpert ; Neount }

-100% @)

where: Ny perr—number of cells counted by an expert, Neoun—cells counted by the application.
The classifier efficiency is evaluated based on its ability to correctly identify the number
of cells belonging to one of the three classes. For each class, the quantitative measurement
is performed based on True Positive (TP), False Positive (FP), True Negative (TN), and
False Negative (FN) parameters.
Precision is the fraction of correctly identified samples of a given class to all correctly
recognized samples. This value is given by the formula:

TP

Precision = ——————
recision TP + FP

-100% ®)
Recall (sensitivity) is the number of correctly identified samples belonging to a given
class to all samples belonging to that class. It is expressed by the formula:

TP

Recall = TPLEN

-100% (6)

Fl-score is the harmonic average of recall and precision, which can be expressed by

the formula:

2 % Precision * Recall
F1- = - 1009 7
score Precision + Recall 00% @

3. Implementation of Cell Counting Algorithm

Our goal is to use an object detection and classification algorithm to detect and count
three types of blood cells directly from a smear image. For this purpose, we have needed
to train the RetinaNet network with selected settings and configurations based on training
images with blood cell annotation. In this way, we created an application for recognizing
and counting blood cells.

3.1. Datasets

For the learning and validation application, we used our own dataset consisting of
900 images containing WBCs, RBCs, and platelets. In the case of the validation dataset, we
randomly selected 15 training images with annotations.

For application tests, we used images from the LISC dataset [33]. The dataset includes
251 images of resolution 720 x 576 acquired by a light microscope (Axioskope 40) with
a magnification of 100x, recorded by a digital camera (Sony Model No. SSCDC50AP).
From the test dataset, we randomly selected 131 images for counting WBCs, 64 images
for counting platelets, and 15 images for counting RBCs. The different number of images
selected for testing is due to the different number of individual cells in one image. Therefore,
a small number of images for testing RBCs was selected, because of the large number of
RBCs in individual images (average 121 RBCs per image). The situation is similar for the
platelet count.

3.2. Image Labelling

Before starting the network training process, we marked manually three types of
cells in microscopic images using the Labellmg application, which is a graphical image
annotation tool [34]. This process is shown in Figure 3. The objects in the images are
divided into three categories: WBCs, RBCs, and platelets are marked accordingly. In this
way, the annotations of blood cells were acquired for DNN training.
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Figure 3. The process of marking the training dataset.

3.3. Training the RetinaNet of Object Recognition

We used the RetinaNet network with ResNet50 as the backbone with the input batch
size set at 5, and the number of epochs set at 40 epochs, each for 500 steps for training. We
used 900 images to train the network. The training process outputs a JSON file containing
the network trained on these images, based on the set parameters.

As a result of the training of each of the models, we obtained 40 files for each epoch.
Then, we selected the results with 10, 15, 20, 25, 30, 35, and 40 epochs to investigate the
impact of decreasing loss function on the detection accuracy. The workflow of the network
learning process is presented in Figure 4.

Figure 5 shows the learning curve of the RetinaNet algorithm to detect blood cells
relative to the regression and classification loss function, as well as according to the sum
of losses.

3.4. Selection of the Optimal Model

The criteria for selecting the best model variant were based on observation of the loss
function, which decreased during learning from epoch to epoch. Additionally, we manually
validated the results obtained after 10, 15, 20, 25, 30, 35, and 40 learning epochs using a
validation set consisting of 15 images not used for training. We assessed the efficiency of
blood cell counting by calculating the mean Fl-score for each of the considered thresholds
for each epoch. The results of the preliminary analysis are presented in Tables 1-3.
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Figure 5. Learning curve of the RetinaNet blood cells identification (500 steps per epoch).

The additional aim of this validation was to compare the quality of cell counting after
passing a certain number of epochs and to find the optimal model for further testing. The
learning process was quite long. For a detailed analysis, we selected models trained with 10
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and 30 epochs. The model trained with 10 epochs achieved very high Fl-score results, and
the loss function was stabilized for it. The model obtained after learning with 30 epochs
achieved the highest F1-score values. We conducted research on a larger testing dataset
for these two selected models and calculated metrics, such as Fl-score, accuracy, precision
and recall, allowing for an in-depth and comprehensive assessment of the quality of the

RetinaNet model.

Table 1. Preliminary Fl-scores for the recognition of RBCs, obtained from the analysis of 15 images,

used to select the optimal model.

RBCs F1-Score [%]

Threshold

RN10 RN15 RN20 RN25 RN30 RN35 RN40
0.20 87.11 87.36 86.81 87.47 85.65 87.97 87.99
0.25 87.51 87.59 87.97 88.18 87.05 87.68 88.40
0.30 87.57 87.85 87.97 88.39 88.51 87.56 87.99
0.35 87.94 86.99 88.12 88.47 87.22 87.09 86.29
0.40 86.47 84.61 86.85 87.32 86.35 85.91 84.22
0.45 84.04 82.74 84.96 85.37 84.82 83.92 82.86
0.50 81.14 80.64 83.25 83.39 82.49 82.08 81.26
0.55 78.00 78.26 80.69 80.95 80.36 80.00 78.51
0.60 73.95 73.83 78.64 78.92 78.13 77.80 75.97
0.65 69.39 70.16 75.28 76.09 76.10 75.55 7391
0.70 64.20 66.31 72.14 73.52 72.71 72.45 71.11
0.75 56.67 61.09 68.52 69.73 69.46 68.82 67.76
0.80 48.42 52.19 62.34 65.03 64.92 65.03 64.57
0.85 36.80 43.32 55.41 58.65 60.44 60.83 59.70

Table 2. Preliminary Fl-score values for the recognition of WBCs, obtained from the analysis of

15 images, used to select the optimal model.

WBCs F1-Score [%]

Threshold

RN10 RN15 RN20 RN25 RN30 RN35 RN40
0.20 21.18 28.57 26.28 24.32 19.46 19.88 14.46
0.25 36.73 43.90 39.13 33.96 26.67 27.20 18.28
0.30 51.43 55.74 48.57 42.50 34.29 32.69 23.45
0.35 61.54 64.00 65.38 57.63 44.44 4416 29.06
0.40 73.17 75.00 65.31 62.50 53.12 58.62 35.79
0.45 85.71 83.33 75.00 69.77 61.54 64.00 43.59
0.50 88.24 88.24 78.95 71.43 63.83 68.18 47.06
0.55 90.91 88.24 85.71 75.00 68.18 71.43 51.72
0.60 90.91 90.91 90.91 83.33 73.17 78.95 57.69
0.65 87.50 90.91 90.91 90.91 83.33 85.71 73.17
0.70 83.87 87.50 90.91 90.91 88.24 88.24 76.92
0.75 80.00 87.50 87.50 87.50 90.91 90.91 85.71
0.80 61.54 75.86 87.50 87.50 87.50 87.50 84.85
0.85 56.00 66.67 80.00 80.00 80.00 83.87 87.50

Analyzing the results of the F1-score presented in Tables 1-3, obtained on the basis of
counting 3 types of cells in 15 images for each model and each threshold, it turned out that
the best results of RBCs, WBCs, and platelet counting was achieved by RetinaNet trained
during 30 epochs. That model returns the highest values of recognized RBCs, platelets, as
well as WBCs. The same maximum values of F1-score values for WBCs also occur in other
models, except the RN40. However, taking into account the maximum values of F1-score
counting of all three types of cells from Tables 1-3, it can be indicated that the best is the

RN30 model.
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Table 3. Preliminary F1-score values for the recognition of platelets, obtained from the analysis of
15 images, used to select the optimal model.

Platelets F1-Score [%]

Threshold

RN10 RN15 RN20 RN25 RN30 RN35 RN40
0.20 73.95 71.07 75.62 75.23 73.17 73.49 66.95
0.25 80.65 81.72 82.58 81.82 81.23 80.75 73.35
0.30 83.99 85.46 83.03 83.57 86.53 80.94 76.88
0.35 82.05 85.36 83.91 85.45 85.11 82.39 80.60
0.40 80.13 81.70 82.39 83.60 83.97 81.97 80.51
0.45 77.82 80.00 80.41 80.95 81.19 80.41 79.21
0.50 73.84 78.08 77.03 78.32 78.50 77.35 77.51
0.55 68.42 73.76 75.27 74.82 75.00 73.45 7447
0.60 58.30 68.66 64.59 68.18 70.85 67.18 68.66
0.65 47.83 58.06 57.61 60.80 64.59 60.24 63.53
0.70 41.28 52.14 52.77 52.77 55.00 53.16 53.78
0.75 35.24 42.73 38.32 44.84 49.57 47.58 49.35
0.80 27.86 34.45 30.39 35.24 41.28 39.07 39.81
0.85 13.98 24.37 24.37 24.37 27.86 26.13 26.13

4. Experiments and Results

After the network training, we performed tests using a specially developed application,
which allows for the import of trained models, cell detection, and presentation of results in
a graphical and numerical form.

The tests of the developed models were performed for 15 images with RBCs, 151 images
with WBCs, and 64 images with platelets. The output of the deep learning model is an
image with an appropriate marking of the recognized samples. To verify the correctness
of the obtained results, we counted all marked cells applied to their type in the dedicated
application. Thus, our application counts different cells in the selected testing dataset
with a different confidence threshold for selected models (RetinaNet model trained with
10 epochs (RN10) and the RetinaNet trained with 30 epochs (RN30)). We compared the
results obtained for both types of models in order to check the impact of loss function values
on the performance of object recognition.

It should be noted that the confidence threshold plays an instrumental role. Accuracy
of identification and counting significantly depends on the appropriate confidence thresh-
old setting. The values of different measures to estimate the accuracy of the recognition
and counting of blood cells for testing data were presented in Tables 4-10.

To visualize the operation of the proposed labeling and blood cell counting method, we
presented one of the images from the validation set. Figure 6 shows an original blood smear
image, and Figure 7 shows the same image with automatically drawn bounding boxes,
labels, and probabilities of each marked blood cell. It was returned by our application using
the RN30 model with the confidence threshold of 0.35. Recognized cells were automatically
marked on the bounding boxes according to their type. Orange bounding boxes mark
RBCs, light blue mark WBCs, and dark blue mark platelets. It is seen in Figure 7 that WBCs
and platelets are detected without error. Almost all RBCs are correctly labeled. However,
three erroneous orange frames are also noticed, which includes a part of two neighboring
RBC cells.
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Figure 6. An example of blood smear image from the validation dataset.

Figure 7. An example of blood smear image with recognized RBCs, WBC and platelets by the RN30 model.
4.1. Results for the RN10

Table 4 contains the determined values of accepted quality measures for the RetinaNet
model after 10 learning epochs (RN10) for 15 test images. Table 5 includes an assessment of
WBCs counting quality in 131 images, and Table 6 contains the results of counting platelets
in 64 images. Table 7 contains the ground truth of cells and cell numbers counted by our
application for the confidence thresholds considered.
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Table 4. The accuracy, precision, recall, and Fl-score of automatic counting of RBCs using RetinaNet
model for 10 epochs (15 images).

Threshold Accuracy [%] Precision [%] Recall [%] F1-Score [%]
0.20 86.68 81.30 93.80 87.10
0.25 96.91 87.23 90.01 88.60
0.30 93.47 90.66 84.74 87.60
0.35 85.24 93.69 79.86 86.22
0.40 78.05 95.64 74.64 83.85
0.45 71.68 97.17 69.65 81.14
0.50 64.76 98.39 63.72 77.35
0.55 59.22 99.35 58.84 73.91
0.60 53.51 99.79 53.40 69.57
0.65 47.64 99.88 45.94 62.93
0.70 41.60 100.0 41.60 58.76
0.75 34.80 100.0 34.80 51.63
0.80 28.38 100.0 28.38 4421
0.85 19.92 100.0 19.92 33.23

Table 5. The accuracy, precision, recall, and F1-score of automatic counting of WBCs using RetinaNet
model for 10 epochs (131 images).

Threshold Accuracy [%] Precision [%] Recall [%] F1-Score [%]
0.20 18.51 18.25 98.61 30.80
0.25 31.17 30.74 98.61 46.86
0.30 45.71 45.08 98.61 61.87
0.35 66.67 64.81 97.22 77.78
0.40 79.56 77.35 97.22 86.15
0.45 92.90 89.68 97.20 93.29
0.50 97.30 93.24 96.50 94.85
0.55 97.22 96.43 93.75 95.07
0.60 94.44 98.53 93.06 95.71
0.65 90.28 98.46 90.14 94.12
0.70 81.25 99.15 81.69 89.58
0.75 70.83 99.02 72.14 83.47
0.80 52.78 97.37 52.86 68.52
0.85 36.11 100.0 37.14 54.17

Table 6. The accuracy, precision, recall, and Fl-score of automatic counting of platelets using
RetinaNet model for 10 epochs (64 images).

Threshold Accuracy [%] Precision [%] Recall [%] F1-Score [%]
0.20 69.18 68.56 98.97 81.01
0.25 86.36 82.93 95.90 88.94
0.30 98.72 91.68 90.85 91.26
0.35 88.45 96.08 86.09 90.81
0.40 81.39 97.48 79.84 87.78
0.45 72.79 99.47 73.06 84.24
0.50 63.80 99.80 64.50 78.36
0.55 53.79 100.0 54.49 70.54
0.60 45.96 100.0 46.86 63.81
0.65 38.25 100.0 39.11 56.23
0.70 30.94 100.0 31.54 47.96
0.75 2221 100.0 22.21 36.34
0.80 14.25 100.0 14.25 24.94
0.85 8.09 100.0 8.09 14.96
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Table 7. Ground truth and the estimated number of blood cells at different confidence thresholds for

the RN10.
RBC WBC Platelets
Threshold
Ground truth  Estimated  Ground Truth  Estimated  Ground Truth  Estimated

0.20 1822 2102 144 778 779 1126
0.25 1822 1880 144 462 779 902
0.30 1822 1703 144 315 779 769
0.35 1822 1553 144 216 779 689
0.40 1822 1422 144 181 779 634
0.45 1822 1306 144 155 779 567
0.50 1822 1180 144 148 779 497
0.55 1822 1079 144 140 779 419
0.60 1822 975 144 136 779 358
0.65 1822 868 144 130 779 298
0.70 1822 758 144 117 779 241
0.75 1822 634 144 102 779 173
0.80 1822 517 144 76 779 111
0.85 1822 363 144 52 779 63

4.2. Results for the RN30

Table 8 contains the calculated values of the adopted quality measures for the Reti-
naNet model after 30 learning epochs (RN30) for 15 test images. Table 9 includes an
assessment of the WBCs counting quality in 131 images, and Table 10 contains the results
of counting platelets in 64 images. Total estimated numbers of cells of different types for
different confidence threshold values are presented in Table 11.

Table 8. The accuracy, precision, recall, and F1-score of automatic counting of RBCs using RetinaNet

model for 30 epochs (15 images).

Threshold Accuracy [%] Precision [%] Recall [%] F1-Score [%]
0.20 91.24 81.18 88.41 84.64
0.25 99.67 86.44 86.54 86.49
0.30 91.99 90.51 83.35 86.78
0.35 86.39 93.20 80.60 86.45
0.40 80.90 9491 76.87 84.94
0.45 75.30 96.43 72.69 82.89
0.50 70.25 97.11 68.30 80.19
0.55 65.81 97.75 64.40 77.64
0.60 62.18 98.23 61.15 75.38
0.65 58.29 98.59 57.53 72.66
0.70 53.35 99.18 52.97 69.05
0.75 48.35 99.66 48.08 64.86
0.80 43.14 99.87 43.02 60.14
0.85 37.87 100.0 3791 54.98
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Table 9. The accuracy, precision, recall, and F1-score of automatic counting of WBCs using RetinaNet
model for 30 epochs (131 images).

Threshold Accuracy [%] Precision [%] Recall [%] F1-Score [%]
0.20 13.51 13.52 100.0 23.82
0.25 21.02 21.02 100.0 34.74
0.30 30.38 30.38 100.0 46.60
0.35 41.38 41.38 100.0 58.54
0.40 53.33 53.33 100.0 69.57
0.45 65.75 64.84 98.61 78.24
0.50 75.39 73.82 97.92 84.18
0.55 86.75 84.34 97.22 90.32
0.60 96.00 92.67 96.53 94.56
0.65 98.61 97.89 96.53 97.20
0.70 97.22 99.29 96.53 97.89
0.75 95.14 100.0 95.14 97.51
0.80 90.97 100.0 90.97 95.27
0.85 79.86 100.0 79.86 88.80

Table 10. The accuracy, precision, recall, and Fl-score of automatic counting of platelets using
RetinaNet model for 30 epochs (64 images).

Threshold Accuracy [%] Precision [%] Recall [%] F1-Score [%]
0.20 67.33 66.55 98.97 79.59
0.25 82.43 80.00 97.05 87.70
0.30 93.29 87.90 94.22 90.95
0.35 97.82 92.78 90.76 91.76
0.40 89.73 95.71 85.88 90.53
0.45 83.95 97.40 81.77 88.90
0.50 77.79 98.84 76.89 86.50
0.55 69.96 99.27 69.45 81.72
0.60 62.77 99.59 62.52 76.81
0.65 55.84 100.0 55.84 71.66
0.70 47.37 100.0 47.37 64.29
0.75 40.56 100.0 40.56 57.72
0.80 30.94 100.0 30.94 47.25
0.85 21.44 100.0 21.44 35.31

Table 11. Ground truth and the estimated number of blood cells at different confidence thresholds

for the RN30.
RBC WBC Platelets
Threshold
Ground Truth  Estimated Ground Truth  Estimated  Ground Truth  Estimated
0.20 1822 1997 144 1066 779 1157
0.25 1822 1828 144 685 779 945
0.30 1822 1676 144 474 779 835
0.35 1822 1574 144 348 779 762
0.40 1822 1474 144 270 779 699
0.45 1822 1372 144 219 779 654
0.50 1822 1280 144 191 779 606
0.55 1822 1199 144 166 779 545
0.60 1822 1133 144 150 779 489
0.65 1822 1062 144 142 779 435
0.70 1822 972 144 140 779 369
0.75 1822 881 144 137 779 316
0.80 1822 786 144 131 779 241
0.85 1822 690 144 115 779 167

As it is apparent from Table 8, in order to count RBCs, it is best to use the optimal
threshold of 0.25. However, to count WBCs and platelets, the threshold is much higher
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(0.65 and 0.35 sequentially for Tables 9 and 10). Thus, appropriate thresholds for each type
of cells are selected as follows:

¢  RBCs—Confidence Threshold: 0.25,
¢ WBCs—Confidence Threshold: 0.65,
¢  Platelets—Confidence Threshold: 0.35.

For the RN10 model, the optimal confidence thresholds determined based on Tables 46
are as follows: 0.25 for RBCS, 0.60 for WBCs, and 0.30 for platelets. Thus, the thresholds in
the counting of WBCs and platelets in the RN30 model are higher and increased as a result
of learning the RN'10 for another 20 epochs. Higher confidence thresholds give greater
certainty of correct recognition of individual blood cells.

The growth of the confidence threshold, which occurs in the RetinaNet model due
to the network learning process, can be seen by analyzing and comparing Tables 4-11, as
well as analyzing Figures 8-10, which shows the impact of the value of the confidence
threshold on the number of counted cells concerning ground truths. From this figure, you
can also effortlessly determine the optimal confidence thresholds for the three blood cell
classes considered.
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Figure 8. Number of detected RBCs vs. threshold value.
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Figure 9. An example of blood smear image with recognized RBCs, WBC and platelets by the
RN30 model.
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Figure 10. An example of blood smear image with recognized RBCs, WBC and platelets by the
RN30 model.

Figure 11 and shows the original image from the testing dataset. It was processed by
our application, which automatically drew the bounding boxes, labels, and probabilities of
each marked blood cell. An image processed using the RN30 model with the established
confidence threshold of 0.45 is in Figure 12. Labels have determined colors, relevant names,
and a probability value for each blood cell. At an established confidence threshold of
0.45, the WBC was correctly recognized and all platelets have been correctly recognized,
labeled, and counted. The vast majority of RBCs are recognized and labeled correctly. At
this confidence threshold, the RN30 model counts RBCs with an accuracy of about 75 %. It
is seen in Figure 12 that there are only a few unchecked RBCs (typical for this threshold
value), especially the RBCs that are overlapped or trimmed near the edge of the image.
The application correctly recognized and counted one WBC. It also correctly recognized
and counted 9 platelets and 123 RBCs when the ground truth is 135. The application
also returns the probability values of each marked cell and the average probability of all
recognized cells depending on their type. In this case, the average probability for WBCs
was 0.905, for RBCs it was 0.875, and for platelets it was 0.784.

Figure 11. An example of blood smear image from the testing dataset.
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Figure 12. An example of blood smear image with recognized RBCs, WBC, and platelets by the
RN30 model.

4.3. Comparison with the State-of-the-Art

To evaluate the performance of the proposed approach, we used the accuracy, preci-
sion, recall, and Fl-score metrics, which are used most often for counting purposes. We
compared the performance of the proposed approach with those obtained by other authors
who dealt with the subject of cell counting for RBC, WBC, or platelet counting. It must be
noted that only a few methods aimed to count both RBCs, WBCs, and platelets at the same
time [24]. The selected methods work on the basis of deep learning as well as traditional
image processing. Alam et al. [24] proposed an approach that employs YOLO to detect
all three types of blood cells simultaneously. Their method does not require any greyscale
conversion or binary segmentation and the whole process is fully automated. It is very
similar to our approach because it uses deep neural networks to detect and count three
types of cells. Dvanesh et al. [35] presented a method to digitally analyze the image of
blood cells and find the RBC and WBC count values from the blood smear microscopic
images using Digital Image Processing. Acevedo et al. [17] proposed a system for the auto-
matic classification of peripheral blood cells (WBCs and platelets) by means of a transfer
learning approach using convolutional neural networks. Di Ruberto et al. [36] proposed a
system for detecting and quantifying red and white blood cells, which is based on the Edge
Boxes method. That method is an approach for generating object bounding box proposals
directly from edges.

A comparison of the RBC, WBC and platelet counting results with the results obtained
by the other authors are reported in Tables 12-14. As can be observed, the proposed
approach improves the counting performances; in particular, it significantly enhances
accuracy. To highlight the performances obtained with the proposed method, in Table 12,
we also report the number of images or ground truths used by the authors to test their
approaches. The method proposed by [36] performed a higher precision, recall, and
F1-score than our method.
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Table 12. RBCs counting performance compared with the state-of-the-art.

Alam [24] Dvanesh [35] Acevedo [17] Ruberto [36] Our Approach
Model Tiny YOLO ABCCS - Region proposal approach RetinaNet50
No. images 60 63 - 108 15
Ground truths 792 - - - 1822
Accuracy 96.09 91.0 - 95.6 99.67
Precision - - - 98.4 86.44
Recall - - - 95.0 86.54
F1-score - - - 96.6 86.49
The WBC counting results are reported in Table 13, which again have been directly
compared with the results obtained by the other authors. The numerical results shown
in Table 13 confirm the good performance of our approach, as it is able to detect WBCs
with higher accuracy and precision than other methods. Only one method [36] performed
higher recall and F1-score while losing accuracy and precision.
Table 13. WBC counting performance compared with the state-of-the-art.
Alam [24] Dvanesh [35] Acevedo [17] Ruberto [36] Our Approach
Model Tiny YOLO ABCCS Vgg-16 Region proposal approach RetinaNet50
No. images 60 63 1919 108 131
Ground truths 61 - - - 144
Accuracy 86.89 85.0 96.20 97.0 98.61
Precision - - - 97.6 97.89
Recall - - - 98.7 96.53
F1-score - - - 98.0 97.20
The platelet counting results are reported in Table 14, which have been compared with the
results obtained by the same authors. The proposed approach obtained better accuracy than
presented by Alam et al. [24] a and is slightly worse than presented by Acevedo et al. [17].
Table 14. Platelet counting performance compared with the state-of-the-art.
Alam [24] Dvanesh [35] Acevedo [17] Ruberto [36] Our Approach
Model Tiny YOLO - Vgg-16 - RetinaNet50
No. images 60 - 1919 - 64
Ground truths 55 - - - 144
Accuracy 96.36 - 99.61 - 97.82
Precision - - - - 92.78
Recall - - - - 90.76
F1-score - - - - 91.76

The obtained results are very satisfactory if we take into account that we are dealing
with the recognition and counting of three types of cells simultaneously. However, it should
be noted that similar to our approach was present only in one of the selected works [24]
and in comparison to it, we obtained better performance in recognizing all three types of
cells. Other works concerned the simultaneous recognition of two types of cells-WBCs and
RBCs [35,36] or WBCs and platelets [17]. However, it should be noted that the compared
results were obtained when tested on different datasets. For an accurate comparison of
the results obtained, the approaches should be tested under the same conditions using
the same datasets. Furthermore, the images used to test our approach contained average
resolution images with a large number of cells (typically 100-150 cells per image) and the
cells often overlapped each other, which impeded their correct recognition and counting.
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5. Discussion

The results listed in Tables 4-11 indicate that each cell type has its optimal confidence
threshold. For optimal thresholds, the highest accuracy of recognizing and counting in-
dividual cells was obtained. Using one common confidence threshold generally cannot
provide accurate results, because when choosing an indirect common threshold, for exam-
ple, 0.55, all counting indicators will be worse and the application will not count exactly
individual cells, as in the case of optimal confidence thresholds. Thus, each type of cells
should be counted separately with the individually selected confidence threshold to obtain
the most accurate results.

For the Retina model, after 30 epochs (RN30), at the confidence threshold of 0.25,
the accuracy of RBCs counting by application is 99.7%, precision is 86.4%, and recall is
86.5%. Accuracy of WBCs counting by application at a confidence threshold of 0.65 is
98.6%, the counting precision is 97.9%, and recall is 96.5%. In the case of counting platelets,
for the optimal threshold of 0.35, the accuracy is 97.8, precision is 92.8%, and recall is 90.8%.
Almost all quality indicators for the RN10 model are slightly lower than for the RN30. Only
in an assured range of confidence thresholds, the accuracy and precision of counting cells
in the RN10 model is better than in the RN30. However, comparing F1-score values, the
maximum value of this metric was obtained for the RN30 model.

In the light of the results presented above, general conclusions can be made. The
model RN10 after the relatively short learning process (10 epochs) may quite accurately
count the blood cells. Furthermore, learning up to 30 epochs improves almost all counting
performance metrics, and it also grows the confidence threshold for the best results. The
model trained by 40 epochs shows signs of overtraining visible on preliminary results for
validation data. The presented results, however, partially present the complexity of the
problem of counting blood cells. Regarding the selection of the optimal model for blood cell
counting applications, we came to the conclusion that it is a difficult, complex, and time-
consuming process because the accuracy of counting depends on the confidence threshold,
the time of learning, the number of epochs, selection of performance evaluation metrics and
perhaps many other factors which we did not include in this work. With such a wide study,
the optimal confidence thresholds have been established, for which the application counted
cells very accurately with high precision. We can dispose of redundant and incorrect
estimates of the number of cells by selecting an appropriate confidence threshold for each
cell type instead of a general threshold for all blood cells. The results obtained are very
satisfactory for the recognition and counting of three cell types simultaneously compared to
other works on cell counting, and we achieved better quality measure values for assessing
the effectiveness of our approach for most of them.

Finally, we have to mention that a very big advantage of the application, in addition
to the precise counting, is the appropriate marking of all recognized cells with labels and
probabilities. It allows for easy verification of the obtained results. Marking recognized
cells so far is still a rare functionality used in counting methods. Our method works in
images of high resolution and dimensions. Different methods must divide a large image
into a smaller one with a few number of cells in the individual image, which gives our
method an additional advantage.

6. Conclusions

This article presents a machine learning approach to automatic identification and
counting of blood cells from a smear image based on CNN RetinaNet. The proposed
method is evaluated on the basis of publicly available datasets. The developed methods
have been tested on different types of cells with different cell density in the images and
they show promising results. The developed application returns the results in numerical
and graphical form, which enables their simple verification. Additionally, the graphical
results, i.e., labeled cells, ensure the probability of correct recognition of the right cell. We
observed that in the case of the testing dataset, our method accurately recognizes and
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counts RBCs, WBCs, and platelets. However, the counting accuracy depends on the proper
selection of the confidence threshold for individual cell classes.

An essential advantage is that the medical images do not require preliminary prepa-
ration, and all results are obtained after a single presentation of an image. All calculated
metrics allow for in-depth and comprehensive evaluation of the quality of RetinaNet
models. Due to the accuracy and performance of the detection, the proposed method has
the potential to replace the manual identification of blood cells and the counting process.
The developed application would allow for speeding up cell counting and increasing
its accuracy.
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Abbreviations

The following abbreviations are used in this manuscript:

CBC  Complete blood count
CNN  Convolutional neural network
DNN  Deep Neural Network

FN False Negative

FP False Positive

FPN Feature Pyramid Network
MSE  Mean Square Error

RBC Red Blood Cell

ReLU Rectified Linear Unit

TN True Negative

TP True Positive

WBC  White Blood Cell
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ABSTRACT

Background. Next Generation Sequencing (NGS) techniques dominate today’s land-
scape of genetics and genomics research. Though Illumina still dominates worldwide
sequencing, Oxford Nanopore is one of the leading technologies currently being used by
biologists, medics and geneticists across various applications. Oxford Nanopore is auto-
mated and relatively simple for conducting experiments, but generates gigabytes of raw
data, to be processed by often ambiguous set of alternative bioinformatics command-
line tools, and genomics frameworks which require a knowledge of bioinformatics to
run.

Results. We established an inter-collegiate collaboration across experimentalists and
bioinformaticians in order to provide a novel bioinformatics tool, free for academics.
This tool allows people without extensive bioinformatics knowledge to simply process
their raw genome sequencing data. Currently, due to ICT resources’ maintenance
reasons, our server is only capable of handling small genomes (up to 15 Mb). In this
paper, we introduce our tool, NanoForms: an intuitive and integrated web server for
the processing and analysis of raw prokaryotic genome data, coming from Oxford
Nanopore. NanoForms is freely available for academics at the following locations: http:
/manoforms.tech (webserver) and https:/github.com/czmilannamanoforms (GitHub
source repository).

Subjects Bioinformatics, Genomics, Microbiology, Computational Science
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INTRODUCTION

Next Generation Sequencing technologies, such as Illumina (Gloor et al., 2010), Pacific
BioSciences (Rhoads & Au, 2015) and Oxford Nanopore (Jain et al., 2016), dominate
today’s landscape of genetics and genomics research. Each technology has its advantages,
disadvantages and market share in specific applications and niches. The applications of
Oxford Nanopore technology include eDNA extraction and sequencing (i.e., Garlapati et
al., 2019), rapid viral sequencing (including the current challenge of SARS-CoV2 (Wang
et al., 2020)), human genome comparative sequencing (De Coster et al., 2019) and many
others. Short-read sequencing technologies such as Illumina have made bacterial genome
sequencing relatively cheap and accessible. However, the procedure of closing microbial
genomes is often costly and laborious. Assembly of short reads from genomes that are
repetitive and/or have extreme %GC content remains challenging. These difficulties can
be mostly overcome by using single-molecule, long-read sequencing technologies such as
the Oxford Nanopore. Nanopore helps with closing bacterial genomes (Risse et al., 2015;
Kawalek et al., 2020), can deliver two strategies for bacterial genome assembly (Goldstein et
al., 2019), even helps to obtain complete bacterial chromosomes from microbiomes (Moss,
Maghini ¢ Bhatt, 2020) or is used in routine microbial genome sequencing (Wick et al.,
2017a). Two main strategies are used to assemble bacterial genomes using long read
sequencing. In the first, nanopore reads are used for long read only genome assembly
followed by polishing with Illumina reads. Alternatively, long reads are used to enhance
genome assemblies that are generated from short-read Illumina data. In such case nanopore
reads can scaffold contigs generated by short read sequencing. It is also now possible to
extract 3D structures of the genome using Oxford Nanopore (Ulahannan et al., 2019).
Oxford Nanopore is relatively user-friendly, easily operated, inexpensive, and can
be simply adjusted to allow for rapid sample processing (including outdoor usage).
The downside is, after the experiment is done, researchers are left with a huge amount
of raw data. There is a wide variety of software tools available to perform taxonomic
classification of the raw data. There are also many comparative studies that evaluate the top
performing bioinformatics tools, provide recommendations for use cases, and show how
to run these tools (McIntyre et al., 2017; Escobar-Zepeda et al., 2018; Simon et al., 2019).
An inexperienced user, however, could easily become overwhelmed by the complexity
of the data, the fast pace of tool development, and the version updates, command changes,
installation problems, etc.

MATERIALS & METHODS

We used the following technologies to create the NanoForms server: Python language,
Linux/UNIX/BSD operating system, Django application server, Workflow Description
Language and Cromwell, Crontab, Docker and BioContainers (Da Veiga Leprevost et al.,
2017), and a custom set of bioinformatics tools. The NanoForms server is freely available for
academic use and a commercial release of the server (for non-academics, businesses, etc.) is
planned. We also provide its source code (under GPLv3 license) for non-commercial uses.
The server is fully virtualized, with about 30 processor cores and 120 GB RAM available
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on average. The infrastructure is also hosted in a virtual environment. It can handle about
5-10 parallel jobs (taking into account dataset size limits of 15 GB). In general, single run
processing time depends on configuration, sample size and the assembly type (short reads,
long reads or both). It takes nearly two hours to process a 220 MB sample of ONT data,
yielding the results. Computation time grows in a near linear manner, with a 1 GB dataset
taking about five hours. Hybrid assemblies, which include a Unicycler polishing stage, can
take up to 10 h for a 1 GB dataset combined (300 MB of ONT and 600 MB of Illumina
data). However, actual run times will depend on server usage, so for complete control over
timings one can install a local version of nanoforms. The detailed diagram of the server
workflow is shown in Fig. 1.

The current version of the server includes the use of the following bioinformatics
applications: Nanoplot 1.32.0 NanoFilt 2.7.1 (De Coster et al., 2018), FastQC 0.11.9
(https:/www.bioinformatics.babraham.ac.uk/projectsffastqc/), Flye 2.8.1 (Lin et al., 2016),
Bandage 0.8.1 (Wick et al., 2015), Rebaler 0.2.0 (https:/github.com/rrwick/Rebaler), Medaka
1.0.1 (https:/github.com/manoporetech/medaka), Quast 3.2 (Mikheenko et al., 2018),
Fitlong 0.1.0 (https:/github.com/rwick/Filtlong), Prokka 1.14.6 (Seemann, 2014), Kraken
Tools 0.1 (Davis et al., 2013), Kraken 2.1.0 (Wood, Lu & Langmead, 2019) and Krona
2.7.1 (Ondov, Bergman & Phillippy, 2011). For hybrid genome assembly, we use Unicycler
0.3.0b (Wick et al., 2017b) and Fastp 0.18.0 (Chen et al., 2018) for filtering data from
Mlumina. A hybrid assembly strategy has been developed to overcome the limitations of
both Illumina and Oxford Nanopore sequencing and to unlock their full potential for
genome assembly. Oxford Nanopore long reads can scaffold contigs generated by Illumina
short reads to disambiguate regions of the assembly graph that cannot be resolved by
[lumina short reads alone, as implemented in the Unicycler assembler (Chen, Erickson ¢
Meng, 2020).

The human genome comprises approximately 3 Gb of nucleotides while a typical raw
data set from Oxford Nanopore sequencing (before base-calling) exceeds 1 TB. This makes
it difficult to upload the data with even high-speed bandwidth (a 100 Mbps transfer would
take over 24 h to transfer the data alone). In addition, such large amounts of data would
require substantial funding for computing resources as the required calculations would be
considered Big Data. Because of these technological issues, we narrowed the analyses to
genomes of prokaryotic sizes (up to 15 Mb in length, up to 15 GB in file size) but our server
also can handle small eukaryotic genomes (such as S. cerevisiae). Unicycler may not be the
best tool for yeast genomes but Flye and nanopore assembly pipeline from NanoForms,
might be easily used for small euakryotic genomes (see: Martin-Herndndez et al., 2021).
After deploying this server and gathering remarks from the users, we are considering
designing another milestone which might address this problem. We also plan to launch
the commercial version of the server for institutional clients.

RESULTS

We introduce NanoForms: an intuitive and integrated web server for the processing and
analysis of raw data from small genomes, yielding from Oxford Nanopore technology. The
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Figure 1 NanoForms server workflow. Subsequent computation steps are run but in between, the user is
given the partial results can take action, i.e., give more specific parameters for the next programmes, based
on the data available (i.e., quality, quantity etc.). In the end, the report is generated and sent in a form of a
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user uploads an archived, single sequence file (FASTQ) or a list of archived, sequence files,
then the data is preprocessed. The user then chooses several options on the go and, after
subsequent steps, the user obtains the DNA/RNA sequence in a form of FASTA file as well
as the HTML summary with reports, images or statistics of the calculations performed.
The initial output from the NanoPlot program (read length vs. the read quality) gives
the user a quick outlook (as shown in Fig. 2) that helps him or her decide whether to
continue the analysis or to go back to the lab to fix the sample. The final output of the
NanoForms service is an assembled genome in fasta format, prokka annotation files
and Bandage diagram, allowing for easy graphical assessment of assembly completeness.
An example, derived for the Bacillus subtilis, is depicted in Fig. 3. Since the MinION is
marketed as needing only minor laboratory skills to operate, NanoForms needs practically
no bioinformatics skills to produce the sequence (however more skilled users can benefit
from extra, but optional, commands and options that they can provide during the course of
the analysis). Therefore, we claim that our NanoForms server, in combination with Oxford
Nanopore technology, has ultimately made NGS available for all, including both biologists
and bioinformaticians, as specialized skills are no longer needed to perform certain NGS
tasks and analyses. On the server website, after logging in, there are several toy datasets
already provided to the user. Users can use these datasets for quality tests or data assembly
using the respective forms provided in NanoForms, such as Bacillus subtilis SRX6978160.

DISCUSSION

We performed a detailed analysis and comparison of similar services available for
researchers. The first service to be tested was the CGE (Larsen et al., 2017) server. We
checked and tested this service at the very beginning of this project and at that time, it
was an up-to-date and convenient service, and easy to use for biologists without technical
knowledge. Shortly before drafting this manuscript, the part of the server dedicated to
genome assembly went offline, so the only input is the contigs in FASTA (Pearson, 1990)
format. The rest of the tools tested are free to use, but as standalone programs, they are
not interconnected with the comprehensive pipeline. In addition, no figures are generated,
which makes the qualitative analyses more difficult.

The Enterobase server (Zhou et al., 2020) is aimed at wgMLST analyses. This server is
mainly designed for genotyping isolates. Users can screen the database against specific
STRs etc., and the service can also generate phylogenetic trees. Enterobase is dedicated to
analyses of gut bacteria and supports Illumina or PacBio reads. The user only needs to
provide the FASTQ (Cock et al., 2010) files, which need to be compressed by the gzip tool
and also, manually curated, before running the service. The figures can be generated or
plotted, however this requires additional manual user intervention. The Enterobase server
does not accept nanopore data.

Another interesting tool, though with significantly diminished accessibility, is the
Galaxy Tools service (Cock et al., 2013). Our experience testing this service suggests that
the stand-alone version of the server needs to be installed and run locally for optimal
use, but for smaller analysis it can be also run on the public server. The server provides
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Figure 2 An example histogram for read length vs. the read quality, as the output from the NanoPlot
tool. Based on this information on the server website, the user can decide if the quality of the data is good
enough to continue the analysis and thus, save time of the project or decide to which extent to crop the
data to exclude low-quality short reads.
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workflows (though only an empty set, for the novel user) which the user can adjust upon
request. The tool supports both Illumina and long read (nanopore, PacBio) data input.
It is worth noting that both the CGE and Galaxy Tools offer additional applications for
practical genome analysis such as: resistance, serotype or virulence, and maintains the
updated databases of these genetic targets.

While preparing and programming our tool, a software report was published about
the new toolkit, NanoGalaxy, dedicated to the nanopore data processing (De Koning et
al., 2020). NanoGalaxy is an extension of the aforementioned Galaxy Tools, in the area
of support for nanopore data. In some ways NanoForms and NanoGalaxy seems to have
similar features and functionalities. Similar to standard Galaxy Tools, NanoGalaxy seems
to be more powerful but on the other hand it is aimed at more advanced user with more
bioinformatics skills. In our subjective opinion NanoForms is easier to use for non-
bioinformatics users but on the other hand can be treated as a quite bordered “black box”.
NanoGalaxy is more complex and has more functionalities, but getting familiar with the
numerous available algorithms requires some bioinformatics experience. NanoGalaxy and
NanoSPC (Xu et al., 2020) deliver similar results and has similar capabilities as our server.
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Figure 3 An example of a circular sequence, being assembled at the end, as visualized by the Bandage
tool. Sometimes the long-read nanopore data gives a few separate genome fragments as sequencing out-
put (contigs), so the hybrid assembly option, provided by NanoForms, can often resolve these ambiguities.
This image is normally the last stage of NanoForms sequencing protocol, however all figures and statistics
that arose on the course of sequencing, are delivered to the user as a report.

Full-size G4l DOI: 10.7717/peerj.13056/fig-3

NanoSPC is focused only on Nanopore data and as a result it is not possible to perform
e.g., hybrid assembly there. It is also focused mostly on metagenomics, identification of
pathogens and variant calling, but it seems to be easy to use also for users with limited
dry-lab knowledge.

Another tool we tested was Patric (Gillespie et al., 2011). This platform provides
bioinformatics analyses of all bacteria, with special focus on pathogens. It supports
hybrid genome assembly in the formula of short + long reads (PacBio and nanopore
are supported). Table 1 provides the comprehensive summary of the features about the
quoted services, compared based on NanoForms functionality, in terms of nanopore data
processing. We decided not to include “demultiplexing reads support” in our table as the
most current version of MinKnow software (the native software to Oxford Nanopore)
supports this feature already.

As we were pursuing this project in mid-2020, Oxford Nanopore announced the
availability of their EPI2ME (http:/epi2me.nanoporetech.com/,requireslogin) cloud-based
workflow to process raw nanopore data. The platform’s intended use is only nanopore
data analysis, without options for sequence assembly or trimming. After performing the

Czmil et al. (2022), PeerJ, DOI 10.7717/peerj.13056 713

107




PeerJ

Table 1 NanoForms server vs. other services: the comparison. Our service successfully fills in the gap for NGS genome assembly, in regard to the
fully automated (but interactive) pipelined nanopore data processing.

Feature CGE  Enterobase  Galaxy EPI2ME  NanoPipe Patric  Nano NanoSPC  NanoForms
tools galaxy
Raw data processing + + + + + + + + +
Interactive interface + + + + + + + + +
QA, reports + + + + + + + + +
Free for academics + + + + + + + + +
Sequence assembly - + + +° + + + +
Qualitative analyses: images - + + + + + + + +
Nanopore data processing + — + + + + + + +
Tools connected into the - + +/ =" — - +/ =" + + +
pipeline
Hybrid assembly: — - + — - + + - +
nanopore + Illumina
Special nanopore visualization — - —+ + - - + + +
tools
Summary report generated - — - — + — — + +
Ease of use + +/ - +/ - + + + + + +
Dry-lab knowledge unnecessary*  + + - - + — - 4 +

Notes.
*But not the novo assembly.

YThere are no automatic pipelines, but users can develop them themselves.

“Subjective assessments of the authors.

base calling, reads are uploaded to the server via the EPI2ME Agent, which is a stand-alone
program. The user can pick one of the several workflows (ie. microbiological classification
or human genome analysis) which are triggered and executed in real time. Also in the table,
the reader might find the characteristics of the last tool we reviewed: NanoPipe (Shabardina
etal, 2019).

CONCLUSIONS

In summary, our NanoForms server, freely available for all academics, bridges the high-
speed of prokaryotic genome assembly with an intuitive, interactive interface. According
to the Oxford Nanopore MinION specification product page, it is sufficient for the user to
have a mid-range laptop and the device to obtain the sequence of the sample. No further
resources are needed and the user can continue the genomic analyses after a short break in
sequencing with the use of NanoForms service.
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1. Motivation and significance

Classification is a data mining technique that is applied to
predict the membership of groups for data instances. There are
various classification methods to solve classification problems.
The most popular classification algorithms are logistic regression
(LR), naive Bayes (NB), k-nearest neighbors (KNN), decision tree
(DT), support vector machines (SVM), gene expression program-
ming (GEP) [1,2], etc. However, many classification methods do
not provide intelligible fuzzy or non-fuzzy classification rules.
In this paper, we are particularly interested in fuzzy rule-based
systems (FRBs) that act as classifiers automatically generated
from data using GEP methods.

The fundamental problem concerning classifier design is con-
structing accurate and interpretable (transparent) models. It is

* Corresponding author.
E-mail address: czmilanna@gmail.com (Anna Czmil).

https://doi.org/10.1016/j.s0ftx.2023.101362

necessary to reach a compromise between the interpretability
of its rules and the accuracy [3]. Measures of the accuracy of
such systems are straightforward and well known. However, in-
terpretability acknowledged as the main advantage of fuzzy rule-
based systems is challenging to measure. It depends on several
factors, mainly the model structure, the shape of the member-
ship functions of fuzzy sets, the number of rules, the number of
features, the number of linguistic terms, etc. The choice of appro-
priate interpretability measures remains an open problem [4].
Many algorithms have been proposed in the literature to con-
struct fuzzy rule-based classifiers [5-10]. They produce more or
less complicated fuzzy rules. However, the models built by these
algorithms do not employ two fuzzy sets with linear membership
functions, as GPR does. Usually, they use more fuzzy sets with
complicated membership functions, mainly when they come from
genetic programming-based methods. Similarly to [11,12], the
GPR algorithm does not adjust the membership functions of fuzzy

2352-7110/© 2023 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).
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sets because their adjustment can degrade the comprehensibility
of fuzzy rule-based systems. Therefore, GPR can be viewed as
an extremely simple algorithm since it uses only two fuzzy sets
with linear and complementary membership functions for every
continuous feature.

The article [13] proposed the design of a very simple binary
data-driven classifier called GPR. Its performance was tested on
16 datasets and compared with 22 other classification algorithms.
The results show that this classifier is among the best classifiers
when the quality criterion is the area under the ROC curve and
the classification accuracy. This classifier is based on fuzzy rules
and has the following features:

1. The modeled dataset may contain continuous and categor-
ical input variables (features),

2. The number of features in the dataset does not affect the
complexity of the metarules,

3. The classification procedure provides highly interpretable
fuzzy metarules that are equivalent to algebraic expres-
sions,

4. The algebraic expressions are obtained using the GEP tech-
nique,

5. The user can set a priori the number of metarules and their
complexity.

The above advantages make the GPR classifier attractive for
many applications, e.g., finding classification rules for medical
datasets [ 14-16]. The main drawback of the GPR implementation
described in [13] is that it relies on commercial software tools:
GeneXproTools and GeneXproServer from Gepsoft Limited (https:
|[www.gepsoft.com/). Furthermore, the user must manually ex-
tract metarules from the entire set of solutions in the form of
algebraic equations. Extracting metarules is a simple task, but
it requires commitment on the user’s part. Therefore, we have
implemented this algorithm in Python and provided a freeware
version to users instead of commercial software. Additionally,
we have made modifications/improvements to the original GPR
algorithm so that the software user gets the following additional
benefits:

1. The process of selecting linguistic “if-then” metarules is
entirely automatic; the user only provides data records
containing real numbers from the interval [0,1] and/or
labels from the set {0,1},

2. The antecedents of the generated metarules may contain
additional linguistic terms “low”, “high”, “medium” and
the linguistic hedge “very”, which are logically comprehen-
sible [17],

3. Each rule’s support (certainty or confidence factor) is gen-
erated.

2. Software description
2.1. The GPR algorithm description

A comprehensive study of the GPR algorithm was described
in [13]. Below, we briefly describe the idea of this algorithm by
assuming the most interesting case, when the original dataset
contains n-dimensional real input vectors (data records) with co-
ordinates (features), say, yx, (k = 1, ..., n), from finite intervals.
All input vectors should be transformed into distinct points in
a hypercube I" = [0, 1]". Let us assume that the P1-TS fuzzy
rule-based system models our dataset and consists of several
fuzzy “if-then” metarules [18-20]. The metarule is equivalent to
many single “if-then” fuzzy rules, where the antecedent of any
single rule refers to all input variables yj,..., ¥,. In contrast, the
antecedent of the metarule refers to the proper subset of the set
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Fig. 1. Membership functions of fuzzy sets defined for continuous normalized
inputs.

{¥1, ..., yn}. Every feature y, used in a rule or metarule refers
to one of two fuzzy sets (linguistic variables). The membership
function of the first fuzzy set is Py (yx) = Vi, and the second is
Ny (k) =1 —Pr(yy), fork=1,...,n, (see Fig. 1).

If all consequents of the metarules of the considered P1-TS
system are from the set {0, 1}, then all system variables can be
easily interpreted from the multivalued logic point of view. For
example, if y, < 6, where 6 is a threshold (usually, &6 = 0.5),
then yy is interpreted as “almost false” (Low or L); otherwise,
as “almost true” (High or H). An insightful theorem is presented
in [13]. It says that, for the inputs y, € [0, 1] of the P1-TS system,

after transforming all input variables from the set {yq,...,yn}
into the set of new inputs: {xq, ..., X2,}, such that x,;_1 = y;, and
Xok = 1 =y, for k = 1,...,n, the crisp output S of this system

can be expressed by the sum of products of variables “x)” as
follows

M
S:Zl_[xk’ (1)

r=1kekKy

where the products [ [, X« refer to the continuous features of
such data records that correspond to the class label “1”. The
subsets Kq,...,Ky < {1,...,2n} contain some indices, and
usually, 1 < M < 22" — 1. Additionally, any algebraic expression
in the form of (1) can be interpreted as a system of metarules
that defines some P1-TS rule-based system. Therefore, the main
problem we need to solve is finding an expression in the form
of Eq. (1) for a given dataset. It should be noted that the number
of possible solutions to our problem in the form of (1) is enor-
mous, so we propose to use the GEP algorithm [2] to solve it. Our
data may also contain records with categorical attributes (labels).
However, we do not discuss this (simpler) case, as the details
appear in [13]. In contrast to [13], we do not use a commercial
implementation of the GEP algorithm in this contribution.

2.2. Software functionalities

GPR is written in Python 3 and uses the Deap and Geppy
evolutionary computation frameworks and the NumPy numerical
package [21-23]. The core functionality of the algorithm is im-
plemented within the GPR class, which allows you to create an
instance of the class and call the two most important methods,
i.e., fit() and predict(). These methods follow the Scikit-learn li-
brary interface and are applied successively to train the algorithm
and predict using the already trained algorithm. Since the results
are returned similarly, it is possible to assess the prediction error
with the methods from the module sklearn.metrics. The GPR class
contains a private method _init_primitive_set() that produces a
set of possible linguistic terms “is_high” and “is_low” for each
attribute. These attributes are multiplied together to form a gene.
Many genes are linked to a chromosome, which is the sum of
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Table 1

Inputs and their complements expressed in fuzzy logic.
z1 z2 ylis Low y2is Low y1is High y2is High label
—1.000 2500 1.000 0.900 0.000 0.100 1
2.500 2.000 0.125 1.000 0.875 0.000 0
3.000 7.000 0.000 0.000 1.000 1.000 1
—0.200 6.300 0.800 0.140 0.200 0.860 1
0.500 5.000 0.625 0.400 0.375 0.600 1

the values of these genes using generate_chromosome(). Another
private method is _init_generate_population_function() which ini-
tializes the functions that Geppy invokes to generate genes, chro-
mosomes, and entire populations. The method _init_toolbox() is
responsible for initializing all available operations, i.e., muta-
tions, selection, and crossovers applied by Geppy to modify, se-
lect, and move the individuals. _init_stats() register all possible
statistical functions that will be applied to the data in each
subsequent generation to observe the results of individual popu-
lations. _init_evaluation_function() initializes the evaluation func-
tion used to assess the degree of fit of the chromosome to the in-
put data. The next two key functions are _compile_chromosome()
and _compliment_samples(). The first of them is used to trans-
late a chromosome in the form of literals into a Python func-
tion that can be used for classification. The second generates
the complements of the input variables from the final dataset.
The property _best_fit() returns the most fit individual that ever
lived in the population during evolution; _best_fit_function() is a
combination of the property _best_fit() and the function _com-
pile_chromosome(). This combined function can be used for clas-
sification based on the most suitable individual. The functions
_shorten_terminals() and _translate_terminal() are used to truncate
terminals in rules using the linguistic term “medium” and hedge
“very” and translate literals into human-readable markings in the
form of linguistic “if-then” rules. The function ranking() counts the
occurrences of each of the attributes of _best_fit() and generates
a ranking of these attributes. The function rules() generates rules
based on _best_fit().

3. Illustrative examples
3.1. Example 1

To demonstrate how the GPR algorithm works, let us consider
five raw data records described by two input variables (zq, z;) €
[—1, 3] x [2, 7] C R? which are labeled by the class CI € {0, 1} as
described in [13]. Every data record was rescaled into the range
[0,1] using the object MinMaxScaler from Scikit-learn. Table 1
shows the complemented inputs for normalized inputs which
have the following form: Low(y) = 1 — y and High(y) = y for
y€[0,1].

We apply GPR to generate the rules shown in Listing 1. First,
we initialize the random number generator with a seed of 1 to
ensure repeatability. Then, we define labels and attributes accord-
ing to Table 1. The attributes are then re-scaled to the range
[0,1] using the object MinMaxScaler, because the GPR algorithm
requires normalized data. To create a new instance of GPR, the
feature_names parameter is required. Other parameters such as
max_n_of_rules, max_n_of_ands or verbose sequentially refer to
the settings of the maximum number of rules, the maximum
number of AND operators in a single rule, and whether or not
to print the statistics. They are optional and have default val-
ues (see documentation at https://gpr-algorithm.readthedocs.io/).
The user can also set other parameters:

e target_names that display the class names in the rules in-
stead of the generic 0 and 1;
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e n_populations and n_generations, which represent the num-
ber of generations and the number of populations, respec-
tively;

e threshold that converts a score into a prediction; if the score
is greater than the threshold (set as default to 0.5), we
predict 1; otherwise, we predict 0;

e base_pb that indicates the probability of triggering an oper-
ation on the chromosome;

e eval_fun is used in a fitness function to calculate the match
of the chromosome with the training data in the same way
described in the original article. The user can change it to his
own function, which takes two arrays as input parameters;
the first consists of ground truth (correct) labels and the
second one of predicted labels. This function returns a single
number representing the score.

GPR has a similar interface to other classification algorithms
available in Scikit-learn, i.e., have the fit() and predict() methods in
the same format. The method fit() trains the GPR model according
to the training data. It requires a list of normalized attributes and
a list of labels and returns the fitted model. The method predict()
performs classification on normalized samples and returns class
labels for those attributes. The method rules() returns linguis-
tic “if-then” metarules, which can be printed on the console
after completing the fitting. The results obtained by GPR can
be evaluated using methods from the module sklearn.metrics,
e.g. accuracy_score(), auc(), etc.

Listing 1: An example usage of GPR on artificial data.

import random

import numpy as np

from sklearn.metrics import accuracy_score
from sklearn.preprocessing import MinMaxScaler
from gpr_algorithm import GPR

random.seed (1)

labels = np.array(
[1, 0, 1, 1, 1]

-
CVNOU A WN =

—_
jan

)
attributes = np.array(
[(-1.0, 2.5], [2.5, 2.0], [3.0, 7.0], [-0.2, 6.3],
[0.5, 5.01]

g
w N

14 )

15 attributes_normalized = MinMaxScaler().fit_transform(
attributes)

16

17  gpr = GPR(

18 feature_names=[’y1’, ’y2’],

19 max_n_of_rules=2, max_n_of_ands=2,
20 verbose=False

21 )

22 gpr.fit(attributes_normalized, labels)

23  predicted_labels = gpr.predict(attributes_normalized)
24

25 print(’Rules:’)

26 for rule in gpr.rules:

27 print (rule)

28

29 print (’Accuracy:’)

30 print(accuracy_score(labels, predicted_labels))

After executing the code shown in Listing 1, we obtained the
following rules:

IF y2 is High THEN 1 | Support : 0.6400
IF y1 is Low THEN 1 | Support : 0.6062

ELSE 0

The IF part of each rule is the premise (antecedent) of the rule
and refers to one attribute (feature) or more attributes. These
attributes are connected using the logical AND operator. The
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Fig. 2. The decision system boundaries visualization of the GPR algorithm fitted on 5 data records from Table 1, (Threshold = 0.5).

THEN part is the conclusion (consequent of the rule) and refers
to a specific class. The resulting rules are the same as in [13].

The degree of confidence in the rule is determined for each
rule, which is a number in the interval [0, 1], where 0 means no
confidence, while 1 means the highest confidence. Thus, for rule
“IF y2 is High THEN 17, the support is determined according to
columns “y2 is High” and “label” in Table 1 as:

(0.100 + 1.000 + 0.860 + 0.600)/4 = 0.6400.

Similarly, the support for the second rule “IF y1 is Low THEN 17, is
calculated according to columns “y1 is Low” and “label” in Table 1
as:

(1.000 +- 0.000 + 0.800 + 0.625)/4 = 0.6062.

Fig. 2 illustrates the decision boundaries of the GPR classifier
in the feature space (y1, y2) for the considered dataset from
Table 1 and the obtained fuzzy rules. The numerical values of the
variables y1 and y2 are from the unity interval [0, 1].

The abscissa in Fig. 2 corresponds to the degree to which
y1 is High (or Low). For example, “y1 is Low” means that the
numerical value of the first original feature, i.e., z1 in Table 1, is
near minimal. The ordinate corresponds to the degree to which
y2 is High (or Low), e.g., “y2 is High”, which means that the
numerical value of the second original feature, i.e., z2 in Table 1, is
near the maximal one. Of course, High is the logical complement
of Low and vice versa.

Suppose y represents a variable from the interval [0,1]. The
following linguistic interpretation applies to the antecedent part,
i.e., the “If” part, of any rule (metarule):

(y is High) AND (y is High) = (y is very High),
(y is Low) AND (y is Low) = (y is very Low),
(y is Low) AND (y is High) = (y is Medium),

(y is High) AND (y is Low) = (y is Medium),

where the sign “=" means equivalency; and the logical opera-
tor AND corresponds to the algebraic multiplication operation
(*). Such interpretation follows the analytical theory of fuzzy
systems [13,19].

3.2. Example 2

Listing 2 presents the usage of GPR for the Breast Cancer
Wisconsin (BCW) dataset [24]. It contains 699 records labeled as
class 1 for malignant breast cancer and 0 for benign. Data records
describe nine features that differ significantly between benign
and malignant cases.

The GPR algorithm generated the following outcome:

IF Bare Nuclei is High THEN Malignant | Support : 0.7340

IF Uniformity of Cell Size is High THEN Malignant |
Support : 0.6192

ELSE Benign

The received rules are similar to the rules presented in [13]. Fig. 3
shows the decision boundaries of the GPR classifier in the feature
space (Bare Nuclei, Uniformity of Cell Size) in the BCW dataset.

3.3. Example 3

Listing 3 demonstrates the usage of GPR on Haberman'’s sur-
vival dataset. The dataset includes 306 cases from a study ex-
amining the survival of breast cancer patients who underwent
surgery. The following attributes describe the data records: age
of the patient, year of operation, and number of positive axil-
lary nodes detected. The goal is to determine whether a patient
survived five years or longer or if the patient died within five
years.

The GPR algorithm generated the following outcome:

IF Age is Medium THEN Survived | Support : 0.2108

IF Positive is High THEN Survived | Support : 0.1434
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Fig. 3. The decision system boundaries visualization of the GPR algorithm fitted on 699 records in the BCW dataset, (Threshold=0.5).
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Fig. 4. The decision system boundaries visualization of the GPR algorithm fitted on 306 records in the Haberman dataset, (Threshold=0.5).

In this expression, the attribute age occurs three times, and

IF Age is High AND Positive is High THEN Survived | the attribute positive occurs twice. By dividing the number of

. occurrences of a given terminal by the number of all terminals
Support : 0.0609 ) . o .

in the expression, we obtain its rank value. For the expression
ELSE Died above, the importance values are as follows:
which is equivalent to the following expression: Age: 0.6, Positive:0.4.
Age is High x Age is Low + Positive is High Fig. 4 illustrates the decision boundaries of the GPR classifier
+ Age is High « Positive is High in the feature space (Positive, Age) in the Haberman dataset.
5
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Listing 2: An example usage of GPR on the breast cancer
Wisconsin dataset.

Listing 3: An example of the use of GPR on the Haberman
survival dataset.

1 import random

2 from pathlib import Path

3 import numpy as np

4 import pandas as pd

5 from sklearn.metrics import accuracy_score

6 from sklearn.preprocessing import MinMaxScaler

7 from gpr_algorithm import GPR

8

9 random.seed (0)

10 df = pd.read_csv(

11 Path(__file__).parent.joinpath(’data’).joinpath(’
bew.csv’)

12 )

13

14 target_names = [’benign’, ’malignant’]

15 feature_names =

16 ’Clump Thickness’, ’Uniformity of Cell Size’,

17 ’Uniformity of Cell Shape’, ’Marginal Adhesion’,

18 ’Single Epithelial Cell Size’, ’Bare Nuclei’,

19 ’Bland Chromatin’, ’Normal Nucleoli’, ’Mitoses’

20 1]

21

22  labels = df[’Class’].values

23 labels[labels == 2] = 0

24 labels[labels == 4] = 1

25 attributes = df [feature_names].values

26 attributes_normalized = MinMaxScaler().fit_transform(

attributes)

27

28 gpr = GPR(

29 target_names=target_names,

30 feature_names=feature_names,

31 max_n_of_rules=3,

32 max_n_of_ands=3,

33 n_generations=20,

34 n_populations=20,

35 verbose=False

36 )

37

38 gpr.fit(attributes_normalized, labels)
39 pred_labels = gpr.predict(attributes_normalized)

4. Impact

The paper [13], shows that the data-driven GPR algorithm is
among the best classifiers when the quality criterion is the area
under the ROC curve or the classification accuracy. It ranks high
for its direct competitors in the form of classifiers that provide
interpretable models. This classifier is an extension of the P1-TS
rule-based system [18-20]; it corresponds to the well-known and
widely used Takagi-Sugeno-Kang fuzzy system [25]. Thus, we
think that our proposed implementation will interest researchers
interested in fuzzy logic and its applications. Classifiers play an
essential role in machine learning methods. The GPR algorithm
provides very simple and highly interpretable fuzzy “if-then”
metarules. Thus, it is compatible with the currently intensively
developed explainable artificial intelligence. This fact strengthens
the argument that a Python implementation will enjoy popularity
in the machine-learning community. Unlike the previous imple-
mentation, our software tool requires minimal user intervention,
i.e., it only requires normalizing the data to the interval [0,1]
and/or encoding the labels for the categorical data with numbers
from the set {0,1}.

5. Conclusions

We have presented GPR, a Python-based implementation of
an extremely simple classifier, which combines the features of
GEP and the algebraic representation of the “if-then” fuzzy rules
theory of the Takagi-Sugeno fuzzy inference system. We aim to

1 import random

2 from pathlib import Path

3 import numpy as np

4 import pandas as pd

5 from sklearn.metrics import accuracy_score

6 from sklearn.preprocessing import MinMaxScaler

7 from gpr_algorithm import GPR

8

9 random.seed(0)

10 df = pd.read_csv(

11 Path(__file__).parent.joinpath(’data’).joinpath(’

haberman.csv’)

12 )

13

14 target_names = [’Died’, ’Survived’]

15 feature_names = [

16 ’Age’, ’Year’, ’Positive’

17 1

18

19 labels = df[’Survival’].astype("category").cat.codes.
values

20 attributes = df [feature_names].values

21 attributes_normalized = MinMaxScaler().fit_transform(
attributes)

22

23 gpr = GPR(

24 target_names=target_names,

25 feature_names=feature_names,

26 max_n_of_rules=5,

27 max_n_of_ands=5,

28 n_generations=20,

29 n_populations=20,

30 verbose=False

31 )

32

33 gpr.fit(attributes_normalized, labels)
34 pred_labels = gpr.predict(attributes_normalized)

widen the accessibility of this algorithm through an open-source
Python implementation. Our implementation of GPR shares a
consistent interface with Scikit-learn. Example code snippets of
GPR usage and output results are explained and detailed to
demonstrate how it works and give an overview of its capabilities.
The code is available on GitHub under the MIT license.
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Abstract: The use of machine learning in medical decision support systems can improve diagnostic
accuracy and objectivity for clinical experts. In this study, we conducted a comparison of 16 different
fuzzy rule-based algorithms applied to 12 medical datasets and real-world data. The results of this
comparison showed that the best performing algorithms in terms of average results of Matthews
correlation coefficient (MCC), area under the curve (AUC), and accuracy (ACC) was a classifier based
on fuzzy logic and gene expression programming (GPR), repeated incremental pruning to produce
error reduction (Ripper), and ordered incremental genetic algorithm (OIGA), respectively. We also
analyzed the number and size of the rules generated by each algorithm and provided examples
to objectively evaluate the utility of each algorithm in clinical decision support. The shortest and
most interpretable rules were generated by 1R, GPR, and C45Rules-C. Our research suggests that
GPR is capable of generating concise and interpretable rules while maintaining good classification
performance, and it may be a valuable algorithm for generating rules from medical data.

Keywords: fuzzy rule-based system; interpretability; clinical decision support; medical diagnostic
systems

1. Introduction

Accurate diagnosis of patients with various illnesses and diseases is a challenging
area of medical research. The key is predicting an outbreak of a disease, preventing
the progression of chronic disease and saving lives if patients receive medical treatment
immediately after diagnosis [1]. However, even the most experienced physician can become
confused when a disease has several symptoms similar to another condition. A patient may
also have a set of symptoms that can indicate various diseases, and these symptoms may
not be easily quantifiable. When these symptoms occur, physicians at different professional
and clinical levels can differ in their diagnosis, potentially resulting in a misdiagnosis.
Moreover, patients are often uncertain of their symptoms, making the diagnosis more
difficult. Therefore, computers have become crucial for medical diagnosis and prognosis in
providing consistent results, especially with the growing amount of medical information [2].
However, machines cannot fully replace expert knowledge. Combining human expertise
and computational models for advanced data analysis helps narrow the gap between
acquiring and understanding data, which is vital for medical research. Experts need tools
to transform raw and complex data into easily interpretable information, but the output of
the algorithm alone is not sufficient for making an accurate diagnosis; expert knowledge
is also required [3]. As diagnostic decision-making becomes more complex, developing
highly effective and reliable medical decision support systems (MDSS) to support the
complex and evolving diagnostic process is challenging [1].

Although data analytics for healthcare is gaining recognition rapidly, there are still lim-
itations associated with machine learning algorithms that are black boxes. These algorithms
contain a complex mathematical function, e.g., support vector machines (SVMs), or require
an understanding of the distance function and the representation space, e.g., k-nearest
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neighbors (KNN), which are very challenging to explain and to be understood by experts
in practical applications. However, the application of black-box algorithms in medicine has
raised concerns in the academic community due to their opacity and lack of trustworthi-
ness [4]. To summarize the performance of a model, it is necessary to report several metrics,
since no single metric captures all the desired properties. Nevertheless, tools such as CACP
simplify this task by allowing the assessment of classification efficiency, reproducibility,
and statistical reliability while maintaining the objectivity of model comparisons [5].

Classification quality is crucial, but it is also essential to understand how a record is
classified. MDSS rely on knowledge management to obtain clinical advice based on multiple
factors in patient-related data. In these applications, models based on patterns, rules, or
decision trees are more useful and easier for experts to comprehend in practical applications.
In particular, rule-based systems (RBS) represent knowledge in the form of a set of rules
that suggest what to do in various situations. They consist of a set of “if-then” rules, a set of
facts, and interpreters that control the application of the rules. The idea of an expert system
is to use the experience and facts in a knowledge base and encode it into a set of rules. If
the expert system has access to the same data, it will behave similarly to the expert. RBS
are straightforward models that can be adapted and applied to numerous problems [6].
Rule-based systems are known as white-box models because they provide a model closer
to human language, making them easy for experts to understand [7]. The interpretability
of a classification model is particularly important for MDSS. When designing classifiers,
it is crucial to reach a compromise between interpretability and accuracy [8]. Accuracy is
a well-known method for validating machine learning models in classification problems
due to its popularity and relative simplicity. However, there is no widely accepted measure
of the interpretability of machine learning models [9]. As it depends on several factors,
mainly the structure of the model, the shape of the membership functions, the number of
rules, attributes, and linguistic terms, it can be difficult to measure [8].

After introducing fuzzy rule-based systems (FRBS), which are models based on fuzzy
sets proposed by Zadeh [10], many of their applications emerged in different areas such as
artificial intelligence, robotics, decision-making, expert systems, power engineering, and
medicine [11-14]. A fuzzy logic approach is an effective way to represent and understand
data containing both patient information and clinical reasoning used by physicians to
conclude patients’ health that is inherently uncertain and vague in medical problems. It has
proven to be a powerful tool in developing decision support systems, such as rule-based
medical decision support systems [3]. Many algorithms have been proposed for designing
FRBS, including one rule (1R), C4.5 and its extensions, the exemplar-aided constructor
of hyperrectangle (EACH), and repeated incremental pruning to produce error reduction
(Ripper). 1R is a simple algorithm that uses a single rule to make predictions [15]. C4.5 and
its extensions are decision tree learning algorithms that use fuzzy logic to make decisions
at each node of the tree [16]. EACH is a clustering algorithm that uses fuzzy logic to
group data into clusters [17], and Ripper is an algorithm that uses fuzzy logic to prune,
or remove, unnecessary rules from a fuzzy rule-based system [18]. Genetic algorithms
have been successfully applied to the generation of fuzzy rules and the adjustment of
the membership functions of fuzzy sets [19]. Examples of these algorithms include hy-
brid decision tree-genetic algorithm (DT_GA), which combines a decision tree learning
algorithm with a genetic algorithm [20], and the oblique decision tree with evolutionary
learning (DT_Oblique), which uses evolutionary learning to improve the performance of
an oblique decision tree [21]. Other examples include structural learning algorithm in a
vague environment (SLAVEv0) and its extensions, which use genetic algorithms to learn
the structure of a fuzzy rule-based system [22], the classifier based on fuzzy logic and gene
expression programming (GPR) that combines fuzzy logic with gene expression program-
ming to generate fuzzy rules for classification tasks [8], and hierarchical decision rules
(Hider), which use genetic algorithms to generate fuzzy rules for classification tasks [23].
Organizational co-evolutionary algorithm for classification (OCEC) is another example of a
genetic algorithm applied to fuzzy rule-based systems. This algorithm uses co-evolutionary
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learning, in which multiple populations of solutions are evolved simultaneously, to im-
prove the performance of a fuzzy classifier [24]. Ordered incremental genetic algorithm
(OIGA) [25] and Pittsburgh genetic interval rule learning algorithm (PGIRLA) [26] are
both examples of genetic algorithms that are specifically designed for learning fuzzy rules.
These algorithms use genetic operations to generate and refine a set of fuzzy rules that can
be used to make decisions.

2. Related Work

Fuzzy logic is used extensively for medical applications by researchers for diagnosis
and classification. For example, Aamir et al. used a fuzzy rule-based algorithm to predict
the severity of diabetes in patients [27]. Adeli and Neshat found that a fuzzy rule-based
algorithm was effective in diagnosing heart disease from electrocardiogram (ECG) data [28].
Improta et al. utilized a fuzzy rule-based algorithm for the evaluation of renal function
in posttransplant patients [29]. Rotshtein proposed an approach for building a fuzzy
expert system for the differential diagnosis of ischemia heart disease [30]. Mohammadpour
et al. determined the accuracy of fuzzy rule-based classification that could non-invasively
predict CAD based on the myocardial perfusion scan test and clinical-epidemiological
variables [31]. Al-Dmour et al. presented the usage of fuzzy logic techniques in a warning
system to categorize patients’ status or medical conditions [32]. RBS and FRBS have also
been used to develop many MDSS in recent decades [31,33-46]. These systems represent
the symptoms of MDSS patients and are based on an inference algorithm to process
the information using linguistic terms. Domain knowledge is embedded as rules in the
knowledge base.

Many studies demonstrate the potential of using different fuzzy rule-based algo-
rithms in medical applications while simultaneously comparing different fuzzy algorithms.
Steimann investigated the impact of fuzzy set theory on medical artificial intelligence
and pointed out its most appreciated features [47]. Gupta et al. reviewed various fuzzy
models that are being used in healthcare systems for making decisions. Mousavi et al. pro-
posed an intelligent classification algorithm using a fuzzy rule-based approach to classify
medical datasets and compared it with selected fuzzy rule-based algorithms [48]. Kluska
and Madera proposed a new design for a very simple data-driven binary classifier and
conducted an empirical study of its performance using other state-of-the-art algorithms
and datasets from multiple disciplines, including medicine [8]. There are also many re-
views in the literature on various fuzzy rule-based systems [49-52]. These works highlight
important contributions, current trends, and challenges in the field.

Among the different reviews in the literature, choosing the type of fuzzy rule-based
algorithm for particular medical applications remains a challenging task. The comparison of
available algorithms is not straightforward, as researchers use various datasets and criteria
for their evaluations. Another challenge is selecting an appropriate metric to evaluate the
calculated results. Available research has not yet comprehensively investigated the validity
of the outcomes of fuzzy rule-based algorithms using a wide range of available algorithms
and metrics. Therefore, this study has two main objectives. First, we compare all commonly
used, state-of-the-art algorithms and assess their performance. The comparison is made
against the results of all selected algorithms compared in every dataset, calculated using
10-fold cross-validation. Our findings demonstrate a ranking of the algorithms in terms of
the most popular performance metrics. Second, we analyze fuzzy rule-based classifiers in
terms of rules’ size metrics and provide examples of rules generated by every algorithm
to objectively determine which of these algorithms is worth using when applied to issues
in clinical decision support. The use of some of those algorithms in the field of medicine
is novel.

The remainder of the paper is structured as follows. Section 3 provides the details of
the experimental datasets. Section 4 describes the applied fuzzy rule-based classification
algorithms and their settings. Section 5 presents the classification assessment methods.

125




Sensors 2023, 23,992

4 0of 20

Then in Section 6, the experimental results of the comparison are presented. Finally,
Section 7 contains a discussion, observations, and conclusions.

3. Experimental Datasets

This article focuses on the medical applications of fuzzy rule-based classifiers, so
only medical data are considered. Datasets were downloaded from the KEEL—dataset
repository [53], and actual medical data were collected during other scientific research, as
detailed below. We used standard classification datasets without missing values. Each
dataset defines a supervised classification problem, and each example has some nominal
and numerical attributes and a nominal output attribute. The datasets have different levels
of class imbalance. Table 1 presents a summary of the datasets, including the number of
records, attributes, classes, and class imbalance.

Table 1. Summary of datasets used in experiments.

Dataset Records Attributes Classes Class Imbalance Source
1 Appendicitis 106 7 2 0.2471 KEEL
2 Breast cancer 277 9 2 0.4133 KEEL
3 Haberman 306 3 2 0.3600 KEEL
4 Heart 270 13 2 0.8000 KEEL
5 Hepeatitis 80 19 2 0.1940 KEEL
6  Mammographic 830 5 2 0.9438 KEEL
7 Saheart 462 9 2 0.5298 KEEL
8 Spectfheart 267 44 2 0.2594 KEEL
9 WDBC 569 30 2 0.5938 KEEL
10 Wisconsin 683 9 2 0.5383 KEEL
11 Complications 107 8 2 0.8136 Real
12 Diabetes 230 9 2 1.0000 Real

3.1. Appendicitis

The dataset includes 7 medical measures taken from 106 patients, along with a class
label that indicates whether the patient has appendicitis (label 1) or not (label 0) according
to the research by S. M. Weiss and C. A. Kulikowski [54].

3.2. Breast Cancer

The dataset of 277 instances with no missing values is characterized by 9 attributes
provided by the Institute of Ljubljana Oncology. These attributes include both linear and
nominal values, e.g., age, tumor nodes, and tumor size.

3.3. Haberman

The dataset contains 306 records described by 3 attributes of a study on the survival of
patients who had undergone breast cancer surgery at Billings Hospital at the University of
Chicago between 1958 and 1970. The task is to predict whether the patient survived for
five years or more after surgery (positive) or died within five years (negative).

3.4. Heart

The heart disease database includes 270 instances with 13 attributes, each labeled
with a class label indicating the absence (1) or presence (2) of heart disease. This dataset
can be used to analyze various factors and characteristics that may be associated with
heart disease.

3.5. Hepatitis

The dataset contains information on 80 patients affected by hepatitis, including a
mixture of 19 integer and real-valued attributes. The task is to predict whether these
patients will die (1) or survive (2).
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3.6. Mammographic

The dataset includes 5 attributes related to the severity (benign or malignant) of a
mammographic mass lesion in 830 patients, based on the characteristics of BI-RADS and
the patient’s age.

3.7. Saheart

The dataset contains information on 462 men living in a high-risk region for coronary
heart disease in the Western Cape, South Africa. It is characterized by 9 attributes. The class
label indicates whether the person has coronary heart disease: negative (0) or positive (1).

3.8. Spectfheart

The dataset contains information on the diagnosis of single proton emission computed
tomography (SPECT) images of the heart in 267 patients. Each record is described by
44 attributes, and each patient is classified into one of two categories: normal (0) or
abnormal (1).

3.9. Wisconsin Diagnosis Breast Cancer (WDBC)

The dataset contains 569 records with 30 features computed from a digitized image of
a breast mass. These attributes describe the characteristics of the cell nuclei present in the
image. The task is to predict whether the tumor found is benign or malignant.

3.10. Wisconsin Breast Cancer Original (Wisconsin)

The dataset contains 9 attributes with 683 cases from a study of patients who had
undergone breast cancer surgery. The task is to predict whether the detected tumor is
benign (2) or malignant (4).

3.11. Complications

The dataset contains 107 cases of perioperative complications of radical hysterectomy
in patients with cervical cancer described by 8 attributes. The task is to determine the
presence or absence of perioperative complications [13].

3.12. Diabetes

Data was collected from 230 schoolchildren between the ages of 6 and 18 under the
care of a pediatric diabetes clinic. It contains 9 parameters, including weekly physical
activity parameters. The task is to determine the presence or absence of type 1 diabetes [55].

4. Fuzzy Rule-Based Classification Algorithms

This section contains descriptions of the classification algorithms used in these ex-
periments. The algorithms implementations, except for GPR, come from KEEL Included
Algorithms [53] and belong to the Rule Learning for Classification family. We used a custom
implementation of GPR [56], and set the parameters to default values.

4.1. One Rule (1R-C)

1R is an algorithm that ranks attributes according to their error rate, with the attribute
with the lowest error rate chosen for the decision tree. The range of values for the selected
attribute is then divided into several disjoint intervals, with the number of intervals deter-
mined by the value of the SMALL parameter. Finally, the algorithm uses these intervals to
create a one-level decision tree, which is a tree with a single decision node that classifies
objects based on the chosen attribute [15]. The SMALL parameter was set to 6.

4.2. C4.5(C4.5-C)

C4.5-C is probably the most widely used machine learning algorithm for generating a
decision tree [16]. It is an extension of Quinlan’s earlier ID3 algorithm [57]. The pruned
parameter that determines whether the algorithm will prune the decision tree was set
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to TRUE. The confidence parameter determines the minimum confidence required for a
rule to be considered significant, and in this case it was set to 0.25. The instances per leaf
parameter determines the minimum number of instances that must be present at a leaf
node and it was set to 2.

4.3. C4.5Rules (C45Rules-C)

C45Rules-C is an algorithm that reads the decision tree or trees produced by C4.5 and
generates a set of rules for each tree and all trees together [57,58]. The confidence factor,
item sets per leaf, and threshold parameters can be adjusted to fine-tune the generated
rules for optimal performance. In the current implementation, the confidence factor was
set to 0.25, the item sets per leaf parameter was set to 2, and the threshold was set to 10.

4.4. C4.5Rules Simulated Annealing Version (C45RulesSA-C)

C45RulesSA-C is a version of the C45Rules-C algorithm with a general-purpose local
search method called Simulated Annealing that generates an approximate solution within
a range close to the current solution and accepts the approximate solution if the objective
function improves [57,58]. The user-defined parameters such as confidence, item sets per
leaf, and threshold are used to fine-tune the generated rules, while the max coldings, max
trials, mu, phi, and alpha parameters are used to control the behavior of the Simulated
Annealing method. In the current implementation, these parameters were set to 0.25, 2, 10,
10, 0.5, 0.5, and 0.5 respectively.

4.5. Hybrid Decision Tree-Genetic Algorithm (DT_GA-C)

DT_GA-C is a hybrid decision tree/genetic algorithm method that allows discovering
knowledge from data expressed as easy-to-interpret high-level classification rules [20]. A
genetic algorithm aims to generate rules covering examples belonging to small disjuncts,
whereas a conventional decision tree algorithm aims to produce rules covering examples
of large disjuncts. The user-defined parameters of DT_GA-C, such as confidence was set
to 0.25, the instances per leaf parameter was set to 2, and the genetic algorithm approach
parameter was set to GA-LARGE-SN. The threshold S to consider a small disjunt parameter
was set to 10, the number of total generations for the GA parameter was set to 50, and the
number of chromosomes in the population parameter was set to 200. Crossover probability
was set to 0.8, and the mutation probability parameter was set to 0.01.

4.6. Oblique Decision Tree with Evolutionary Learning (DT_Oblique-C)

DT_Oblique-C uses evolutionary algorithms to optimize split criteria during construct-
ing oblique trees [21]. This allows the algorithm to quickly and efficiently find high-quality
split criteria that accurately classify the data. In the current implementation, the number of
total generations for the genetic algorithm was set to 25, indicating that the algorithm will
run for up to 25 generations before stopping.

4.7. Exemplar-Aided Constructor of Hyperrectangles (EACH-C)

EACH-C implements the nested generalized exemplar (NGE) theory. It makes pre-
dictions and classifications based on examples that it has seen in the past. The algorithm
compares new examples with those it has seen before and finds the closest example in
memory. Distance measure aims to determine what is closest [17]. The feature adjustment
rate was set to 0.2, and the use second chanse parameter was set to TRUE.

4.8. Classifier Based on Fuzzy Logic and Gene Expression Programming (GPR)

GPR is an extremely simple classifier that consists of highly interpretable fuzzy
metarules [8]. It uses only two fuzzy sets with linear and complementary membership
functions for every continuous feature. The number of populations was set to 500, the num-
ber of generations was set to 10, threshold was set to 0.5, and the probability of triggering
an operation on the chromosome was set to 0.1.
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4.9. Hierarchical Decision Rules (Hider-C)

Hider-C uses an approach based on evolutionary algorithms to learn rules in continu-
ous and discrete domains. The algorithm produces a hierarchical set of rules. It uses real
and binary coding for individuals in the population [23]. The population size, number
of generations, mutation probability and cross percent parameters are used to control the
behavior of the genetic algorithm component. In this case, these parameters are set to 0.25,
100, 100, 0.5, and 80 respectively. The extreme mutation probability, prune examples factor,
penalty factor, and error coefficient parameters are used to fine-tune the generated rules
and control the behavior of the decision tree component of DT_Oblique-C. In this case, the
extreme mutation probability is set to 0.05, the prune examples factor is set to 0.05, the
penalty factor is set to 1, and the error coefficient is set to 0.

4.10. New Structural Learning Algorithm in a Vague Environment (NSLV-C)

NSLV-C is an extention of the iterative scheme of SLAVE that aims to improve the
efficiency of the learning process by obtaining complete rules in each iteration and reducing
the learning time [59]. It modifies the iterative scheme and the genetic algorithm to remove
the bias of the class order and find the best rule in each iteration without fixing the class.
We set the study parameters in this study as follows: the population size was set to 100,
the maximum number of iterations allowed without change was set to 500, the binary
mutation probability was set to 0.01, the integer mutation probability was set to 0.01, the
real mutation probability was set to 1.0, and the crossover probability was set to 1.0.

4.11. Organizational Co-Evolutionary Algorithm for Classification (OCEC-C)

OCEC-C causes the evolution of sets of examples and, finally, extracts rules from
these sets at the end of the evolutionary process [24]. Due to the differences between
the individuals in traditional evolutionary algorithms and organizations formed from
these sets of examples, three evolutionary operators and a selection mechanism have
been developed for realizing the evolutionary operations performed on organizations. It
prevents evolutionary processes from producing meaningless rules. The number of total
generations was set to 500, and the number of migrating/exchanging members was set
to 1.0.

4.12. Ordered Incremental Genetic Algorithm (OIGA-C)

OIGA-C address incremental training of input attributes for classifiers [25]. OIGA
learns input attributes one after another, and the resulting classification rule sets are also
incrementally evolved to accommodate the new attributes. The attributes are arranged in
different orders when their discriminating abilities are evaluated. The parameters were set
as follows: the mutation probability was set to 0.01, the crossover rate was set to 1.0, the
population size was set to 200, the number of rules was set to 30, the stagnation limit was
set to 30, the generation limit was set to 200, the survivors percent was set to 0.5, and the
attribute order was set to descendent.

4.13. Pittsburgh Genetic Interval Rule Learning Algorithm (PGIRLA-C)

PGIRLA-C uses genetic algorithms with real genes to evolve the classification rule sets.
The rule sets are evolved by genetic algorithms using the Pittsburgh approach [26]. We set
the number of generations to 5000, the population size to 61, the crossover probability to
0.7, the mutation probability to 0.5, and the number of rules to 20.

4.14. Repeated Incremental Pruning to Produce Error Reduction (Ripper-C)

Ripper-C is a rule-based classification algorithm proposed by Cohen that derives
a set of rules from the training set that match or exceed the performance of decision
trees [18]. The three stages of RIPPER-C are growing, pruning, and optimizing. The
grow_pct parameter was set to 0.66, and k to 2.
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4.15. Structural Learning Algorithm in a Vague Environment v0 (SLAVEv0-C)

SLAVEv0-C is a classifier based on fuzzy rules that is generated evolutionarily. Fuzzy
rules are evolved for each two-class problem using a Michigan iterative learning approach
and integrated using the fuzzy round-robin class binarization scheme [22]. The parameters
were set as follows: the population size was set to 20, the number of iterations allowed
without change was set to 500, the mutation probability was set to 0.5, the crossover
probability was set to 0.1, and lambda was set to 0.8.

4.16. Structural Learning Algorithm in a Vague Environment 2 (SLAVE2-C)

SLAVE2-C is a modification of the original SLAVE learning algorithm, including new
genetic operators to reduce learning time, improve understanding of the rules obtained,
and a new way to penalize the rules in the iterative approach that allows the system’s
behavior to improve [60]. The following parameters were set: the population size was set
to 20, the number of iterations allowed without change was set to 500, the binary mutation
probability was set to 0.5, the binary crossover probability was set to 0.1, the real mutation
probability was set to 1.0, the real crossover probability was set to 0.2, and lambda was set
to 0.8.

5. Performance Metrics

The selection of metrics that measure the performance of algorithms is an essential
step in machine learning approaches. Each metric has specific characteristics and measures
properties that may be different from the predicted results. The metrics used to evaluate
the performance of the proposed work are listed below.

Accuracy (ACC) is calculated by dividing the number of correctly classified samples
by the total number of samples in the evaluation dataset. If the model’s predictions for a
sample exactly match the true labels for that sample, the subset accuracy is 1.0; otherwise, it
is 0.0. The fraction of correct predictions over ns;mples is calculated using the accuracy_score
function from the sklearn.metrics module defined as follows:

1 Nsamples -1
ACC(y,9) = P Y. 1Wi=w) ey
samples i=0

where 7; is the predicted value of the i-th sample, y; is the true value for that sample, and
1(x) is the indicator function.

Precision (Pre) is calculated as the ratio of correctly classified samples to all samples
assigned to a particular class. Pre is the ability of the classifier to not label a negative sample
as positive. It is bounded between 0 and 1, where 1 is the best possible value and 0 is the
worst possible value. The metrics for each label, and averages weighted by support, are
calculated. It is defined by:

1
Pre = ———— P(y;, 7 2
Sre ] [€ZL|yz| (. 91) 2

where y the set of true (sample, label) pairs, § the set of predicted (sample, label) pairs,
L the set of labels, y; the subset of y with label I, s and §; are subsets of §, P(A, B) :=
ANB
| 5 |
sklearn.metrics module.
Sensitivity (Sen) (also known as the Recall) is calculated as the ratio between correctly
classified positive samples and all samples assigned to the positive class. Sen is the ability

of the classifier to correctly classify all positive samples as positive. It is defined as follows:

for some sets A and B. It is calculated using the precision_score method from the

Sen

1
= R(y, 9 3
YieLlvi] l;\yﬂ (v, 91) (3)
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where y the set of true (sample, label) pairs, i the set of predicted (sample, label) pairs, L
the set of labels, y; the subset of y with label /, §; and §; are subsets of §, R(A, B) := %.
It is calculated using the recall_score method from the sklearn.metrics module.

Other performance metrics are calculated using the well-known confusion matrix
which consists of four entries: the true positives (TP), false negatives (FN), false positives

(FP), and true negatives (TN) [61], as follows:

TP FN
M= < FP TN ) @)

True Positives (TP) refer to the number of samples correctly classified as positive, e.g.,
the number of records that have breast cancer correctly predicted as having breast cancer.
True Negatives (TN) refer to the samples correctly classified as negative, e.g., the number
of records without breast cancer correctly predicted to be non-breast cancer. False Positives
(FP) refer to the samples incorrectly classified as positive, e.g., the number of samples
without breast cancer incorrectly predicted to have breast cancer. False Negatives (FN)
refer to the samples incorrectly classified as negative, e.g., the number of records containing
breast cancer is incorrectly predicted not to have breast cancer.

Specificity (Spe) is calculated as the ratio between correctly classified negative samples
and all samples classified as negative. Spe is bounded to [0, 1], where 1 represents perfect
predictions of the negative class and 0 represents incorrect predictions of all samples in the

negative class. It is defined by:
TN

- TN +FP ©)

Area Under ROC Curve (AUC) measures the ability of a classifier to distinguish
between classes and is used to summarize the ROC curves. The higher AUC, the better
model’s performance in distinguishing between the positive and negative classes. The ROC
curve is plotted with Sen against the false positive rate (FPR, calculated as 1 — Spe). Sen is
on the y-axis, and FPR is on the x-axis.

Matthews Correlation Coefficient (MCC) is a correlation coefficient between true and
predicted classes. It reaches a high value only if the classifier achieves good results in all
entries in the confusion matrix. MCC is bounded to [—1, 1], where 1 represents a perfect
prediction, 0 random guessing, and —1 represents total disagreement between prediction
and observation [62]. MCC has become popular research applied in machine learning due
to its favorable properties in the case of imbalanced classes. It is defined as follows:

Spe

MCC — TP x TN — FP x FN ©)
/(TP + FP)(TP + FN)(TN + FP)(TN + FN)

Weighted Metric (WM) is a single performance indicator for multiple metrics that
was proposed in this study to make it easier to compare algorithms and select the optimal
algorithm:

30 x AUC +50 x Sen +5 x (ACC + Pre + Spe + MCC)

WM =
100

@)

According to some studies [63], the AUC is one of the most significant measures of
a classifier’s performance, so that it was included with a weight of 0.3. The Sen term is
also often used in health care and medical research to describe the confidence in results
and utility of testing. Therefore, it was weighted with 0.5 when calculating WM, and other
metrics were weighted with 0.05.

6. Experimental Results

A fuzzy rule-based algorithms’ performance is evaluated in this section. Algorithms
compared include: AdaBoost.NC-C, CART-C, C45-C, C45Rules-C, C45RulesSA-C, Chi-
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RW-C, EACH-C, FH-GBML-C, FURIA-C, DT_GA-C, MPLCS-C, DT_Oblique-C, OIGA-C,
OCEC-C, 1R-C, and GPR. Table 2 shows the average results of ACC, AUC, Pre, Sen, and Spe
obtained on all datasets using 10-fold cross-validation. The results in Table 2 are sorted in
descending order based on MCC, and the three best results for each metric are highlighted

in bold.

Table 2. Results of a comparison of fuzzy rule-based algorithms.

No. Algorithm MCC ACC AUC Spe Pre Sen WM
1 GPR 0.459 +0.342 0.807 +0.281 0.720+0.171 0.792+0.125 0.7724+0.167 0.792 + 0.125 0.753 + 0.145
2 OIGA-C  0.457 £0.337 0.860 +£0.253 0.714 £0.172 0.793 £0.114 0.782 £0.152 0.793 £ 0.114 0.755 + 0.138
3 Ripper-C  0.452 £0.319 0.676 =0.243 0.730 = 0.162 0.735 £ 0.158 0.780 0.139 0.735 £ 0.158 0.718 & 0.164
4 C45RulesSA-C  0.449 +0.343 0.7524+0.255 0.727 +0.172 0.769 +0.140 0.776 = 0.147 0.769 4+ 0.140 0.740 & 0.157
5 OCEC-C  0.447 £0.323 0.753 £0.221 0.726 +0.164 0.753 +0.145 0.771 £0.145 0.753 +0.145 0.730 £ 0.156
6 NSLV-C  0.446 £0.338 0.791+0.298 0.716 £0.171 0.795+0.122 0.771 £0.148 0.795+0.122 0.752 + 0.141
7 C45Rules-C  0.446 +0.340 0.738 £0.273 0.724 £0.173 0.768 +0.142 0.777 +0.141 0.768 £+ 0.142 0.737 4 0.159
8 DT GA-C  0442+0.329 0.799 £0.267 0.712+£0.163 0.784 £0.116 0.775+0.138 0.784 £0.116 0.746 £ 0.135
9 SLAVE2-C 0.438 £0.338 0.792+0.296 0.7124+0.170 0.786 £0.123 0.769 £0.148 0.786 4+ 0.123  0.746 £ 0.144

10 C45-C 0438 +0.343 0.785+0.264 0.710+0.171 0.782 £0.128 0.772+0.146 0.782 £0.128 0.743 £ 0.147
11 Hider-C  0.414 £0.336 0.797 £0.274 0.693 +0.167 0.767 =0.138 0.763 £0.144 0.767 4+ 0.138  0.728 £ 0.150
12 DT Oblique-C  0.402 £0.346 0.741+0.222 0.703+£0.173 0.745+0.146 0.754 £0.149 0.745+0.146 0.715 £ 0.160
13 SLAVEv0O-C  0.394 +0.374 0.761 £0.315 0.691 £0.182 0.7724+0.137 0.749 £0.161 0.772 £0.137 0.727 4 0.158
14 PGIRLA-C  0.327 £0.337 0.819 £0.269 0.655 +0.165 0.716 £0.193 0.668 +0.239 0.716 £0.193 0.681 £ 0.172
15 EACH-C 026440340 0.621 +0.417 0.626 +0.165 0.662 +0.185 0.675 4 0.238 0.662 4= 0.185 0.630 % 0.180
16 IR-C 0228 +£0.331 0.652+0.378 0.6104+0.160 0.703 +0.162 0.636 &= 0.211 0.703 + 0.162  0.645 & 0.160

GPR achieved the highest MCC of 0.459 + 0.342, while 1R-C achieved the lowest MCC
of 0.228 £ 0.331. In terms of ACC, OIGA-C (0.860 + 0.253), PGIRLA-C (0.819 + 0.269),
and GPR (0.807 £ 0.281) obtained the best results. Ripper-C had the highest AUC score of
0.730 = 0.162, followed by C45RulesSA-C and OCEC-C. The best Spe obtained NSLV-C
(0.795 £ 0.122), OIGA-C (0.793 £ 0.114), and GPR (0.792 £ 0.125). OIGA-C achieved
the highest Pre of 0.782 + 0.152. According to Sen, NSLV-C achieved the highest results
(0.795 £ 0.122), followed by OIGA-C (0.793 £ 0.114) and GPR (0.792 £ 0.125), and EACH-C
achieved the worst performance (0.662 £ 0.185). OIGA-C, GPR, and NSLV-C had the
highest WM scores of 0.755 £ 0.138, 0.753 % 0.145, and 0.752 =+ 0.141, respectively. The
algorithms with the lowest WM were EACH-C (0.630 + 0.180), 1R-C (0.645 =+ 0.160), and
PGIRLA-C (0.681 & 0.172).

The box plot in Figure 1 shows MCC of each algorithm in all datasets subjected to
10-fold cross-validation. The results are sorted in descending order by the median of the
MCC. OIGA-C had the highest MCC among all the fuzzy rule-based algorithms tested.
SLAVE2-C had the second-highest MCC, while GPR had the third-highest MCC. The plot
also shows several outliers that decrease the average results of the algorithms.

The box plot in Figure 2 shows the AUC of each algorithm in all datasets subjected to
10-fold cross-validation. The results are sorted in descending order by the median of the
AUC. The best results were obtained by the OCEC-C algorithm, followed by C45RulesSA-C,
OIGA-C, GPR, and Ripper-C. The plot also shows several outliers that decrease the average
results of the algorithms. The 1R-C and EACH-C algorithms are at the bottom of the list.

The box plot in Figure 3 shows the ACC of each algorithm in all datasets subjected to
a 10-fold cross-validation. The results are sorted in descending order by the median of the
ACC. GPR was found to be the most accurate among all the fuzzy rule-based algorithms
tested. Therefore, GPR is a good choice for general use. SLAVE2-C was ranked second
and NSLV-C was ranked third. The 1R-C and EACH-C algorithms again took the last two
places, similar to their positions in rankings for MCC and AUC.
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Figure 3. Distribution of ACC values for each algorithm in all datasets.

Table 3 presents the result of comparing the fuzzy rule-based classifier. They are
compared in terms of the following metrics, which are calculated as averages for every
algorithm in every dataset: ANC—the average number of characters per rule in the dataset,
ANR—the average number of rules in the dataset, ANA—the average number of attributes
per rule in dataset, ANUA—the average number of unique attributes per rule in dataset.
The results are sorted in ascending order by ANC. 1R-C generated an ANC of 106.54 with a
small average number of rules on the dataset (ANR of 3.31) and a small average number
of attributes on the dataset (ANA of 3.31). However, it achieved the worst results for
MCC, AUC, and other performance metrics, as shown in Table 2. The comparison result
places GPR near 1R-C also as an algorithm providing an extremely simple and concise
set of metarules. Its simplicity is expressed as an ANC of 156.23, which is over 208 times
smaller for GPR than for OIGA-C, which achieved the best results in terms of the WM
(Table 2). GPR generates an ANR of 4.0 and ANA of 6.69 while maintaining high MCC,
ACC, and other performance metrics, as shown in Table 2. DT Oblique-C generated the
most complicated rules (ANC of 32457.38, ANA of 1059.08).

Table 4 presents examples of linguistic “if-then” fuzzy rules generated by fuzzy rule-
based classifiers on the real Diabetes dataset. The results are sorted alphabetically. Parsing
the algorithms’ output files ensured that all the compared rules had the same format. The
number of digits in the ranges was not modified and depends on the KEEL implementation.
The table also provides information on the number and length of the generated rules.
In terms of syntax, GPR generated the shortest and most understandable rules, whereas
EACH-C generated the lowest number of rules. OCEC-C generated the largest number
of rules, while OIGA-C generated the largest number of characters. The study’s findings
suggest that a structure based on four features is at the limit of human processing capacity
and such a rule is very hard to understand [64]. Therefore, using algorithms containing
several or several dozen attributes is challenging.
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Table 3. Comparison of fuzzy rule-based classifiers in terms of rules’ size metrics.

Algorithm ANC ANR ANA ANUA
1 1IR-C 106.54 3.31 3.31 1.00
2 GPR 156.23 4.00 6.69 5.31
3 C45Rules-C 392.08 8.38 18.85 6.46
4 C45RulesSA-C 557.62 9.77 28.08 6.15
5 EACH-C 695.384 2.00 23.46 11.85
6 NSLV-C 824.08 8.92 28.46 8.23
7 Ripper-C 981.31 16.15 51.31 8.85
8 C45-C 1425.31 11.46 57.23 6.62
9 DT GA-C 2703.38 18.08 123.00 10.38
10 SLAVE2-C 4593.85 12.38 154.62 13.31
11 SLAVEv0-C 5101.92 14.69 168.08 13.38
12 PGIRLA-C 6330.54 18.69 115.31 12.31
13 Hider-C 11,468.85 18.08 425.15 11.08
14 OCEC-C 12,188.08 83.23 772.46 13.31
15 OIGA-C 20,958.08 30.00 399.23 15.85
16 DT Oblique-C 32,457.38 61.15 1059.08 11.69

Table 4. Example of “if-then” fuzzy rules generated by fuzzy rule-based classifiers on the real

Diabetes dataset.
: . Number Rules
Algorithm Rules Generated for the Diabetes Dataset of Rules Length
IF step count = [13072.0 , 55333.0) THEN 0
1R-C IF step count = [55333.0 , 58288.0) THEN 1 4 172
IF step count = [58288.0 , 60294.0) THEN 0
IF step count = [60294.0 , 114655.0] THEN 1
IF step count <= 60837.000000 AND vigorious <=
128.750000 AND weight <= 80.500000 THEN 0
Cas-C IF step count <= 60837.000000 AND vigorious <= 12 1828
128.750000 AND weight > 80.500000 THEN ...
IF height>1.61 AND age>14.0 AND weight<=52.0 THEN
1
IF vigorious>128.75 AND vigorious<=319.5 AND
CA5Rules-C age>8.0 AND moderate>214.916666666667 THEN 1 8 400
IF step count>60837.0 THEN 1
IF height>1.61 AND age>14.0 AND weight<=52.0 THEN
1
IF vigorious>128.75 AND vigorious<=319.5 AND
C45RulesSA-C age>8.0 AND moderate>214.916666666667 THEN 1 8 400
IF step count>60837.0 THEN 1
IF step count <= 60837.0 AND vigorious <= 128.75 AND
weight <= 80.5 THEN 0
DT GA-C IF step count <= 60837.0 AND vigorious <= 128.75 AND 19 2856
weight > 80.5 THEN 1
IF step count <= 60837.0...
IF -1.0*step count + 60837.0 >= 0 AND -1.0*vigorious
. + 128.75 >= 0 AND -1.0*weight + 80.5 >= 0 AND -
DT Oblique-C 1.0*height + 1.87 >= 0 AND 168.486174002403*sex + - 30 8625
178.36864022034422*age + -...
IF age in [6.0 , 18.0] AND weight in [19.3 , 98.8]
g AND height in [1.15 , 1.88] AND step count in
EACH-C [13072.0 , 60837.0] AND sedentary in [1343.16666666667 , 2 603
7813.33333333333] AND L.
IF step count is High THEN 1
GPR IF vigorious is High AND sedentary is High THEN 1 3 87

ELSE 0
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Table 4. Cont.

Number Rules

Algorithm Rules Generated for the Diabetes Dataset of Rules Length

IF age = [7.5, 17.5) AND weight = [29.15, 65.7)
AND step count = [ , 55096.5) AND sedentary =

Hider-C [2270.083333333335, 4964.916666666664) AND light = 14 3595
[356.875, 1330.833333333335) AND. ..
IF step count = { VeryLow Low} THEN 0

NSLV-C IF step count = { High VeryHigh} THEN 1 3 145

IF age = { Low High VeryHigh} AND moderate = { Low
VeryHigh} THEN 1

IF step count = 3 THEN 1
IF age = 2 AND sedentary = 1 THEN 1
OCEC-C IF sex = 0 AND vigorious = 1 THEN 1 62 6763
IF sex = 0 AND step count = 1 AND light = 1 THEN 0
IF height = 2 AND ste. ..

IF 1.6699878586619132 < sex < 1.1982191470913168
AND 9.4429624945491 < age < 16.56761035848586 AND
67.72250192298611 < weight < 85.23233850170679 AND
1.859257826523217 < height ...

IF sedentary = [3801.8675692824663, 5006.615988626676]
AND light = [1162.1170959360238, 2362.4439084883884]
AND moderate = [414.0390532025578,
474.55751714327096] AND vigorious ...

IF step count<=60837.0 AND height<=1.58 THEN 0

IF step count<=60837.0 AND moderate<=119.0 THEN 0
IF step count<=60837.0 AND vigorious<=127.5 AND
height>1.64 AND moderate>123...

IF age = { VeryLow Medium} AND weight = { Medium}
AND height = { High VeryHigh} AND step count = {
VeryLow Low} AND sedentary = { Medium} AND light
= { Low} AND moderate = { Low...

IF step count = { VeryLow Low} THEN 0

IF age = { VeryLow Low Medium VeryHigh} AND height
= { VeryLow Low Medium VeryHigh} AND step count =
{ Medium} AND sedentary = { Mediumj ...

OIGA-C 30 14312

PGIRLA-C 19 4340

Ripper-C

SLAVE2-C 8 2098

SLAVEv0-C 11 2814

The results indicate that GPR generates the shortest and most interpretable rules while
still achieving good classification performance. As a result, we decided to use the Wilcoxon
signed-rank test to statistically compare the results of GPR with those of other fuzzy rule-
based algorithms. Table 5 presents the results of the Wilcoxon signed-rank test. The results
of GPR and fuzzy rule-based algorithms for the MCC, AUC, and ACC measurements were
compared. X denotes a vector containing the mean values of the MCC (or AUC and ACC)
measure for the GPR algorithm, as calculated from ten random stratified folds for each
dataset. Y; denotes a vector containing the corresponding values for the ith algorithm tested
on exactly the same folds. The index i represents the name of the algorithm, where i belongs
to the set: {1R-C, C45-C, C45Rules-C, C45RulesSA-C, DT_GA-C, DT_Oblique-C, EACH-
C, Hider-C, NSLV-C, OCEC-C, OIGA-C, PGIRLA-C, Ripper-C, SLAVE2-C, SLAVEv0-C}.
Table 5 shows the probability (p-value) of a two-sided paired Wilcoxon test for the null
hypothesis Hy that the difference (X — Y;) follows a distribution with a zero median. The
two-sided p-value is calculated by doubling the most significant one-sided value.

According to the results in Table 5, for the MCC measure, the Wilcoxon signed-rank
test fails to reject the null hypothesis of no significant difference in the mean values of
MCC at the significance level of x = 0.05 when comparing GPR to the following nine
algorithms: C45-C, C45Rules-C, C45RulesSA-C, DT_GA-C, NSLV-C, OCEC-C, OIGA-C,
Ripper-C, and SLAVE2-C. However, according to the results in Table 5, the null hypothesis
can be rejected at the 5% level when comparing GPR to the following six algorithms: 1R-
C, DT_Oblique-C, EACH-C, Hider-C, PGIRLA-C, and SLAVEv0-C. Thus, the alternative
hypothesis Hj is accepted: there is a significant difference in the mean values of MCC for
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GPR compared to the 1R-C, DT_Oblique-C, EACH-C, Hider-C, PGIRLA-C, and SLAVEv0-
C algorithms. According to Wilcoxon’s rank test (Table 5) and the distribution of MCC
values as shown in Figure 1, from the perspective of the MCC criterion, GPR is worse
at the significance level of # = 0.05 than OIGA-C, and SLAVE2-C. For the same reasons,
GPR is better than the following six algorithms: 1R-C, DT_Oblique-C, EACH-C, Hider-C,
PGIRLA-C, and SLAVEv0-C.

Table 5. Comparison of fuzzy rule-based classifiers and GPR with Wilcoxon’s signed-rank test.

No Algorithm MCC p-Value AUC p-Value ACC p-Value
1 1R-C 0.0000 0.0000 0.0000
2 C45-C 0.8475 0.6052 0.2622
3 C45Rules-C 0.8690 0.0899 0.0027
4 C45RulesSA-C 0.6243 0.0583 0.0123
5 DT GA-C 0.9265 0.6479 0.3322
6 DT Oblique-C 0.0026 0.0592 0.0000
7 EACH-C 0.0000 0.0000 0.0000
8 Hider-C 0.0056 0.0016 0.0022
9 NSLV-C 0.5980 0.8152 0.7802

10 OCEC-C 0.0725 0.8430 0.0000
11 OIGA-C 0.6399 0.3130 0.8192
12 PGIRLA-C 0.0003 0.0004 0.0001
13 Ripper-C 0.5355 0.4273 0.0000
14 SLAVE2-C 0.2653 0.2346 0.4621
15 SLAVEv0-C 0.0012 0.0014 0.0023

According to the results in Table 5, for the AUC measure, the Wilcoxon signed-rank
test fails to reject the null hypothesis of no significant difference in the mean values of AUC
at the significance level of « = 0.05 when comparing GPR to the following algorithms:
C45-C, C45Rules-C, C45RulesSA-C, DT_GA-C, DT_Oblique-C, NSLV-C, OCEC-C, OIGA-
C, Ripper-C, and SLAVE2-C. Considering the p-values for the AUC measure in Table 5
and the distribution of AUC values for each algorithm across all datasets and 10 cross-
validation folds shown in Figure 2 it can be concluded that GPR is worse than OCEC-C,
C45RulesSA-C, and OIGA-C, but better than 1R-C, EACH-C, Hider-C, PGIRLA-C, Ripper-C,
and SLAVEv0-C.

According to the results in Table 5, for the ACC measure, the Wilcoxon signed-rank test
fails to reject the null hypothesis of no significant difference in the mean values of ACC at
the significance level of & = 0.05 when comparing GPR to the following algorithms: C45-C,
DT_GA-C, NSLV-C, OIGA-C, and SLAVE2-C. Based on the p-values for the ACC measure
in Table 5 and the distributions of ACC values shown in Figure 3, GPR is superior at the
significance level of & = 0.05 to the following algorithms: 1R-C, C45Rules-C, C45RulesSA-C,
DT_Oblique-C, EACH-C, Hider-C, OCEC-C, PGIRLA-C, Ripper-C, and SLAVEv0-C.

7. Discussion and Conclusions

Machine learning can be used to improve the accuracy and objectivity of clinical
experts in clinical decision-support systems. Generated rules can help identify the most
likely diagnosis and show how individual attributes contributed to the decision. However,
it can be difficult to select the most relevant rules from the many that are generated,
especially when they contain numerous attributes and are difficult to interpret. It is
important to choose the appropriate algorithm for the task at hand to ensure the best
results. This paper has proposed a comparative study of fuzzy rule-based algorithms that
were applied to issues in the field of clinical decision support. The proposed comparison
begins with applying 16 different rule-based fuzzy logic algorithms: 1R-C, C45-C, C45Rules-
C, C45RulesSA-C, DT_GA-C, DT_Oblique-C, EACH-C, GPR, Hider-C, NSLV-C, OCEC-
C, OIGA-C, PGIRLA-C, Ripper-C, SLAVE2-C, SLAVEv0-C to 12 clinical datasets and
generation of rules. We calculated performance metrics such as MCC, ACC, AUC, Spe,
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Pre, Sen, and WM based on the results obtained and compared them. Based on the WM
criterion, which takes into account the results obtained from all metrics, the best algorithms
are OIGA-C, GPR, and NSLV-C, and the worst are EACH-C, 1R-C, and PGIRLA-C. Then,
we presented the MCC, ACC, and AUC values distribution for each algorithm in all
datasets. The average length of the rules in the dataset, the average number of rules in
the dataset, and the average number of attributes and unique attributes per rule were
also included in the comparison. We also presented rules generated for a Diabetes dataset
considering the number of rules, their length, and their syntax. Most interpretable rules
were generated by 1R, GPR and C45Rules-C. The longest and most complicated rules
were generated by DT_Oblique-C, OIGA-C and OCEC-C. In conclusion, algorithms that
achieve high classification results tend to generate very complex and lengthy rules (such
as OIGA-C), while algorithms that produce simpler rules often have lower classification
results (like 1R-C).

The research indicates that GPR generates the shortest and most interpretable rules
while still achieving good classification performance. As a result, we decided to test GPR
statistically using the Wilcoxon signed-rank test. It was performed to compare the means
of every rule-based fuzzy logic classifier and GPR. According to the results of this test and
the distribution of ACC values for each rule-based fuzzy logic algorithm in all datasets, the
GPR algorithm outperformed at the significance level of & = 0.05 the 1R-C, C45Rules-C,
C45RulesSA-C, DT_Oblique-C, EACH-C, Hider-C, OCEC-C, PGIRLA-C, Ripper-C, and
SLAVEvO-C algorithms. Considering all the results, we can conclude that GPR can be used
successfully for generating rules from medical data.

However, theoretical results, particularly those related to the “no free lunch” theo-
rem [65], state that in the general case no algorithm can outperform every other algorithm
in all possible tasks. In other words, there is no one-size-fits-all solution to all problems. The
GPR algorithm also has some drawbacks. For example, it uses a genetic algorithm to gener-
ate metarules, which can be computationally intensive and slow to converge, especially for
large and complex problems. Furthermore, GPR requires the normalization of continuous
input data to the interval [0, 1], encoding of all data (continuous and categorical), and the
adoption of a threshold for the discriminant function (with a default value of 0.5). The
selection of a fitting function for the evolutionary algorithm (such as accuracy or sensitivity)
is also required.

This study has a few limitations that should be considered when interpreting the
results. First, we did not conduct a memory requirement test or measure run time. Second,
we use the default values for the hyperparameters, which could potentially be adjusted to
improve performance. Furthermore, the performance of the algorithms was tested only
on medical datasets with a relatively small number of records, so the results may not be
representative for larger datasets.

One potential area for future research is to conduct further research on the impact of
memory requirements and run time. Another idea for future research is to include a greater
number of algorithms and real-world datasets obtained through cooperation with various
medical organizations. To make our findings more accessible and user-friendly, we also
intend to develop a user interface based on our open-source code. This interface will enable
medical professionals to easily generate rules for specific medical problems and display
them in a unified way, using the most appropriate algorithm for the task at hand. Through
these efforts, we hope to enhance the utility and impact of our work in the field of medical
decision-making.
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Abbreviations

The following abbreviations are used in this manuscript:

ACC accuracy

ANA average number of attributes per rule in dataset

ANC average number of characters per rule in dataset

ANR average number of rules on dataset

ANUA average number of unique attributes per rule in dataset
AUC area under ROC curve

C45RulesSA-C  C4.5Rules simulated annealing version

DT_GA-C hybrid decision tree-genetic algorithm

DT_Oblique-C  oblique decision tree with evolutionary learning
EACH-C exemplar-aided constructor of hyperrectangles

FN false negatives

FP false positives

FPR false positive rate

FRBS fuzzy rule-based systems

GPR classifier based on fuzzy logic and gene expression programming
Hider-C hierarchical decision rules

KNN k-nearest neighbors

MCC Matthews correlation coefficient

MDSS medical decision support systems

NSLV-C New SLAVE

OCEC-C organizational co-evolutionary algorithm for classification
OIGA-C ordered incremental genetic algorithm

PGIRLA-C Pittsburgh genetic interval rule learning algorithm

Pre precision

RBS rule-based systems

Ripper-C repeated incremental pruning to produce error reduction
Sen sensitivity

SLAVEv0-C structural learning algorithm in a vague environment
SVM support vector machine

N true negatives

TP true positives

WDBC Wisconsin diagnosis breast cancer

WM weighted metric

Wisconsin Wisconsin breast cancer (original)
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Streszczenie

Niniejsza rozprawa doktorska stanowi jednotematyczny cykl publikacji naukowych do-
tyczacych zagadnien wykorzystania metod sztucznej inteligencji w celu usprawnienia
procesu diagnostycznego w medycynie. Zagadnienia obejmowaty problematyke zasto-
sowania metod sztucznej inteligencji do konstrukcji wybranych systeméw wspomagania
decyzji medycznych. Uwzgledniajac powyzsze, w pracy sformutowano hipoteze, ktora

zaktada, ze

MoZliwe jest wykorzystanie roznych metod sztucznej inteligencji do analizy
danych medycznych i automatyzacji wybranych procesow diagnostycznych,
pozwalajgce na uzyskanie akceptowalnych wynikow z doktadnoscig @ efek-

tywnosciqg nie gorszqg niz innych istniejgcych metod znanych z literatury.

Hipoteza zostata uprawdopodobniona przez realizacje nastepujacych zadan:

Zadanie 1. Zastosowanie metod sztucznej inteligencji do klasyfikacji cu-
krzycy typu 1 na podstawie danych uzyskanych za pomoca nieinwazyjnych
pomiaréw aktywno$ci fizycznej

Zadanie zostalo zrealizowane przez zastosowanie dziesieciu najpopularniejszych metod
sztucznej inteligencji do klasyfikacji cukrzycy typu 1. Wyniki uzyskane przez kazdy
z wybranych algorytméw zostaly zwalidowane za pomoca metryk wydajnos$ciowych,

a nastepnie poréwnane w celu wyboru optymalnego algorytmu do klasyfikacji.

Zadanie 2. Opracowanie metody pozwalajacej na automatyczne, jednocze-
sne rozpoznawanie i zliczanie czerwonych i bialtych krwinek oraz ptlytek
krwi na podstawie zdje¢ mikroskopowych z wykorzystaniem glebokich sieci
neuronowych

Zadanie zrealizowano przez wytrenowanie sieci RetinaNet do rozpoznawania i klasyfi-
kacji trzech rodzajow komorek krwi, a nastepnie manualng ocene wynikéw klasyfikacji
czerwonych i biatych krwinek oraz plytek krwi i obliczenie metryk wydajno$ciowych
dla uzyskanych wynikéw. Ustalono optymalna wartos¢ progowa do zliczania wszyst-
kich typéw komorek jednoczesnie, a otrzymane wyniki poréwnano z wynikami innych

autoréw zajmujacych sie¢ tematyka liczenia komorek krwi.
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Zadanie 3. Opracowanie aplikacji umozliwiajacej automatyzacje procesu
oceny, skladania i identyfikacji sekwencji genomowych uzyskanych za po-
mocg nowych metod sekwencjonowania przy uzyciu narzedzi korzystajacych
z metod uczenia maszynowego

Zadanie zostalo zrealizowane dzigki wykonaniu implementacji aplikacji-serwera Nano-
Forms, umozliwiajacego oceng jakosci danych z sekwencjonowania nanoporowego oraz
[Nlumina, a takze sktadanie genoméw bakteryjnych metodami de novo i hybrydowa.
Serwer zostat skonfigurowany oraz przekazany do niekomercyjnego uzytku publicznego,
a kod zrodtowy aplikacji-serwera zostat udostepniony w postaci otwartego oprogramo-

wania.

Zadanie 4. Implementacja w jezyku Python klasyfikatora opartego na lo-
gice rozmytej i programowaniu ekspresji genéw, sluzacego do generowania
wysoce interpretowalnych regut rozmytych

Zadanie zrealizowano przez wykonanie implementacji klasyfikatora GPR w jezyku Py-
thon, ktory osiaga bardzo wysokie wyniki pod wzgledem doktadnosci i pola pod krzywa
ROC. W implementacji algorytmu zaproponowano wiele usprawnien pierwotnej wersji,
a catos¢ oprogramowania udostepniono na licencji gwarantujacej dostep do kodu zro-

dtowego.

Zadanie 5. Opracowanie narzedzia pozwalajacego na eksperymentalne po-
rownanie wybranych rozmytych algorytmoéw opartych na regutach do kla-
syfikacji danych medycznych

Zadanie zostalo zrealizowane przez przygotowanie poréwnania wynikow metryk wy-
dajnosciowych osigganych przez wybrane algorytmy oparte na regutach, przeprowa-
dzonego na zbiorach danych medycznych. Przeprowadzono wiele analiz statystycznych
i porownawczych, pozwalajacych na wybor najlepszych algorytmoéw regutowych w za-

stosowaniach medycznych.

Stowa kluczowe: sztuczna inteligencja, algorytmy interpretowalne, diagnostyka me-

dyczna, metody sekwencjonowania nastepnej generacji, gtebokie sieci neuronowe

144



Abstract

This manuscript-based doctoral thesis addresses using artificial intelligence (AI) me-
thods to improve the medical diagnostic process. The aim of the dissertation was to
present the possibility of using artificial intelligence methods to enhance the quality
and efficiency of the medical diagnostic process. Based on this premise, the paper for-

mulates a hypothesis, which assumes that

It is possible to use a variety of artificial intelligence methods to analyze
medical data and automate selected diagnostic processes, which will pro-
duce interpretable results with accuracy and efficiency not worse than other

existing methods known from the literature.

The hypothesis was substantiated by achieving the following goals:

Goal 1. Application of artificial intelligence methods to classify type 1 diabe-
tes based on data obtained by noninvasive physical activity measurements
This goal was met by applying ten of the most popular artificial intelligence methods
to classify type 1 diabetes. The results obtained by each of the selected algorithms
were validated using performance metrics and then compared to select the optimal

algorithm to solve this problem.

Goal 2. Development of a method to automatically and simultaneously iden-
tify and count red and white blood cells and platelets from microscopic
images using deep machine learning methods

The goal was achieved by training RetinaNet to recognize and classify three types of
blood cells, then manually evaluating the results of classifying red and white blood
cells and platelets, and calculating performance metrics for the results obtained. The
optimal threshold value was determined to count all cell types simultaneously, and the

results obtained were compared with those of other authors working on blood counting.

Goal 3. Development of an application to automate the process of eva-
luating, assembling, and identifying genomic sequences obtained by new
sequencing methods using machine learning-based tools

This goal was achieved by developing the NanoForms application-server, which al-

lows the quality assessment of the ONT and Illumina sequencing data, as well as the
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assembly of bacterial genomes using de novo and hybrid methods. The server was con-
figured and made available for noncommercial public use, and the source code of the

application-server is open source.

Goal 4. A Python implementation of a classifier based on fuzzy logic and
gene expression programming to generate highly interpretable fuzzy rules
This goal was met by proposing a novel Python-based implementation of the GPR
classifier, which achieves very high results in terms of accuracy and area under the
ROC curve. The implementation of the algorithm includes several improvements to
the original version, and all the software was made available under a license that gu-

arantees access to the source code.

Goal 5. Developing a tool to experimentally compare selected fuzzy rule-
based algorithms for medical data classification

This goal was achieved by designing an experimental comparison of the performance
metrics achieved by selected rule-based algorithms, carried out on medical data sets.
A number of statistical and comparative analyzes were performed, allowing the selec-

tion of the best rule-based algorithms for medical applications.

Keywords: artificial intelligence, interpretable algorithms, medical diagnostics, next-

generation sequencing methods, deep neural networks
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Oswiadczenie wspotautoréow publikacji

Niniejszym podaje¢ procentowy wkiad autorski w publikacje pt. ,A method to detect type 1

diabetes based on physical activity measurements using a mobile device”. Wklad Anny Czmil

w powstanie publikacji obejmuje:

metodologii,

|

|

wspotautorstwo koncepcji artykutu,
wspolopracowanie metodologii i zadan badawczych,

dobér algorytméw sztucznej inteligencji do eksperymentéw z uwzglednieniem przyjetej

udzial w przeprowadzeniu eksperymentéw obliczeniowych,
udzial w opracowaniu i analizie wynikow,
udzial w przygotowaniyu rysunkéw i tabel,

wspélredakeje pracy.

Procentowy wklad autorski Anny Czmil wynosi: 33,33 %.

Imie i isko | P towy wklad

A Data i podpis wspélautora
wspolautora autorski

Sylwester Czmil 33,33 % UL 1002 Sforye Gwd
Damian Mazur 33,33 % 24.06.702% Domle /(,ﬂ e

149



e 2082003
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mgr inz. Sylwester Czmil
Wydzial Elektrotechniki i Informatyki
Politechnika Rzeszowska im. Ignacego Lukasiewicza

Oswiadczenie wspélautoréw publikacji

Jako wspélautor pracy pt. ,A method to detect type 1 diabetes based on physical activity
measurements using a mobile device” o§wiadczam, iz méj wlasny wkiad merytoryczny w przy-
gotowanie, przeprowadzenie i opracowanie badan oraz przedstawienie pracy w formie publikacji

stanowi:
— wspoltautorstwo koncepcji artykulu,
— wspoélopracowanie metodologii i zadari badawczych,
— udzial w przeprowadzeniu eksperymentéw obliczeniowych,
— udzial w opracowaniu i analizie wynikéw,
~ udzial w przygotowaniu rysunkéw i tabel,
— wspoélredakcja pracy.

Méj udzial procentowy w przygotowaniu publikacji okreslam jako 33,33 %.
Jednoczeénie wyrazam zgode na wykorzystanie w/w pracy jako cze$¢ rozprawy doktorskiej

mgr inz. Anny Czmil.

.............................................

(podpis odwiadczajacego)
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Politechnika Rzeszowska im. Ignacego Lukasiewicza

Oswiadczenie wspolautoréow publikacji

Jako wspotautor pracy pt. ,A method to detect type 1 diabetes based on physical activity
measurements using a mobile device” o§wiadczam, iz méj whasny wklad merytoryczny w przy-
gotowanie, przeprowadzenie i opracowanie badan oraz przedstawienie pracy w formie publikaciji

stanowi:

|

wspolautorstwo koncepcji artykulu,

— weryfikacja otrzymanych wynikéw,

pozyskanie wsparcia finansowego,

|

wspotredakeja pracy.

Mo6j udzial procentowy w przygotowaniu publikacji okreslam jako 33,33 %.
Jednocze$nie wyrazam zgode na wykorzystanie w/w pracy jako czes¢ rozprawy doktorskiej

mgr inz. Anny Czmil.

..........................................................

(podpis o$wiadczajacego)
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Os$wiadczenie wspotautoréw publikacji

Niniejszym podaje procentowy wktad autorski w publikacje pt. ,Automatic detection and coun-

ting of blood cells in smear images using RetinaNet”. Wklad Anny Czmil w powstanie publikacji

obejmuje:

- wspoétudzial w implementacji oprogramowania shuzacego do identyfikacji i zliczania ko-

morek na obrazach z rozmazéw krwi,

wspolopracowanie i analize wynikow,

— przygotowanie rysunkow oraz tabel,

wspélredakeje pracy.

wspolopracowanie metodologii i przeprowadzenie czesci eksperymentéw obliczeniowych,

Procentowy wklad autorski Anny Czmil wynosi: 33,33 %.

Imie i nazwisko

Procentowy wktad

Data i podpis wspoétautora

wspolautora autorski _
Grzegorz Dratus 33,33 % 13 b coz2 y/:)/fzf/z_:s
Damian Mazur 33,33 % 14.06. 2003 Davion Jgri
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wadzenie i opracowanie badan oraz przedstawienie pracy w formie publikacji stanowi:

wspoétautorstwo koncepcji artykutu,

- wspdtudzial w implementacji oprogramowania stuzacego do identyfikacji i zliczania ko-

morek na obrazach z rozmazéow krwi,

— wspolopracowanie metodologii i przeprowadzenie czedci eksperymentoéw obliczeniowych,

wspolopracowanie i analize wynikéw,
— wspblredakeje pracy.

Moj udzial procentowy w przygotowaniu publikacji okreslam jako 33,33 %.
Jednoczesnie wyrazam zgode na wykorzystanie w/w pracy jako czesé¢ rozprawy doktorskiej

mgr inz. Anny Czmil.
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Oswiadczenie wspoétautoréw publikacji

Jako wspotautor pracy pt. ,Automatic detection and counting of blood cells in smear images
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wadzenie i opracowanie badan oraz przedstawienie pracy w formie publikacji stanowi:

|
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weryfikacja otrzymanych wynikow,
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wspolredakeja pracy.
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Oswiadczenie wspoétautorow publikacji

Niniejszym podaje procentowy wktad autorski w publikacje pt. ,NanoForms: an integrated

server for processing, analysis and assembly of raw sequencing data of microbial genomes, from

Ozford Nanopore technology”. Wkiad Anny Czmil w powstanie publikacji obejmuje:
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Procentowy wktad autorski Anny Czmil wynosi: 10 %.

implementacje kluczowych funkcjonalnosci w aplikacji Nanoforms,

udzial w analizie danych genomowych uzyskanych podczas sekwencjonowania i opraco-

Imie i nazwisko

Procentowy wktlad

Data i podpis wspoétautora

wspolautora autorski
Dominik Strzatka 10 % Dot usdn -g‘hq-.pfb_)—
Michat Pietal 10 % / /C/ /0 ?
Marta Sochacka-Pigtal 10 % H Soiee Les - b~ §fat
Sylwester Czmil 10 % g%e}w (Lt
Michat Crmil 10 % Cw[/ S W
Michal Wronski 10 %
Jan Gawor 10 %
Tomasz Wolkowicz 10 %
Dariusz Plewczynski 10 %
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(miejscowosé, data)

dr hab. inz. Dominik Strzatka, prof. PRz
Zaklad Systeméw Zlozonych

Politechnika Rzeszowska im. Ignacego Lukasiewicza

Os$wiadczenie wspotautoréw publikacji

Jako wspoétautor pracy pt. ,NanoForms: an integrated server for processing, analysis and as-
sembly of raw sequencing data of microbial genomes, from Ozford Nanopore technology” odwiad-
czam, iz moj wlasny wklad merytoryczny w przygotowanie, przeprowadzenie i opracowanie

badarn oraz przedstawienie pracy w formie publikacji stanowi:
— wspolopracowanie metodologii i eksperymentow,
— pozyskanie wsparcia finansowego,
— wspoélredakcja pracy.

Méj udzial procentowy w przygotowaniu publikacji okreslam jako 10 %.
Jednocze$nie wyrazam zgode na wykorzystanie w/w pracy jako czeS¢ rozprawy doktorskiej

mgr inz. Anny Czmil.

(podpis o§wiadczajacego)
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.........................................................

(miejscowosé, data)

dr Michatl Pietal
Zaklad Systemoéw Zlozonych
Politechnika Rzeszowska im. Ignacego Lukasiewicza

Oswiadczenie wspoélautorow publikacji

Jako wspotautor pracy pt. ,NanoForms: an integrated server for processing, analysis and as-
sembly of raw sequencing data of microbial genomes, from Oxford Nanopore technology” oswiad-
czam, iz moj wlasny wklad merytoryczny w przygotowanie, przeprowadzenie i opracowanie

badan oraz przedstawienie pracy w formie publikacji stanowi:
— zaproponowanie koncepcji artykulu,
— wspoélopracowanie metodologii i eksperymentow,
— udzial w implementacji kodu 7rodlowego aplikacji-serwera,
— pozyskanie wsparcia finansowego,
- wspolredakcja pracy.

Mo6j udzial procentowy w przygotowaniu publikacji okreslam jako 10 %.
Jednoczesnie wyrazam zgode na wykorzystanie w/w pracy jako cze$é rozprawy doktorskiej

mgr inz. Anny Czmil.

(podpis oswiadezajacego)
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Lzeszdnd,. 13.06.2005........

(miejscowos¢, data)

dr Marta Sochacka-Pigtal
Katedra Biotechnologii i Bioinformatyki

Politechnika Rzeszowska im. Ignacego Lukasiewicza

Oswiadczenie wspolautoréw publikacji

Jako wspotautor pracy pt. ,NanoForms: an integrated server for processing, analysis and as-
sembly of raw sequencing data of microbial genomes, from Ozford Nanopore technology” oswiad-
czam, iz m6j wlasny wklad merytoryczny w przygotowanie, przeprowadzenie i opracowanie

badar oraz przedstawienie pracy w formie publikacji stanowi:

|

wspolopracowanie metodologii i przeprowadzenie eksperymentow,

|

udzial w implementacji kodu Zrédlowego aplikacji-serwera,

|

udzial w analizie danych genomowych uzyskanych podczas sekwencjonowania i opraco-

waniu wynikow,

wspotredakeja pracy.

M6j udzial procentowy w przygotowaniu publikacji okre§lam jako 10 %.
Jednoczeénie wyrazam zgode na wykorzystanie w/w pracy jako czesS¢ rozprawy doktorskiej

mgr inz. Anny Czmil.

”5@5@91@"/’:;/5% ............

(podpis oéwiadczajacego)
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(miejscowosé, data)

mgr inz. Sylwester Czmil
Wydzial Elektrotechniki i Informatyki
Politechnika Rzeszowska im. Ignacego Lukasiewicza

Oswiadczenie wspoélautoréow publikacji

Jako wspélautor pracy pt. ,NanoForms: an integrated server for processing, analysis and as-
sembly of raw sequencing data of microbial genomes, from Ozxford Nanopore technology” odwiad-
czam, iz méj wlasny wklad merytoryczny w przygotowanie, przeprowadzenie i opracowanie

badan oraz przedstawienie pracy w formie publikacji stanowi:

wspotopracowanie metodologii i eksperymentow,

udzial w implementacji kodu zrodlowego aplikacji-serwera,

— przygotowanie rysunkow i tabel,

|

wspoltredakcja pracy.

Méj udzial procentowy w przygotowaniu publikacji okreslam jako 10 %.
Jednoczesnie wyrazam zgode na wykorzystanie w/w pracy jako czes$é rozprawy doktorskiej

mgr inz. Anny Czmil.

.......... \,gfffﬁt...(fl.m.'t..L.............

(podpis odwiadczajacego)
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A4 VI 2013,

(miejscowos$é, data)

mgr inz. Michat Cmil
Zaklad Systemoéw Zlozonych

Politechnika Rzeszowska im. Ignacego Lukasiewicza

Oswiadczenie wspoétautoréw publikacji

Jako wspétautor pracy pt. ,,NanoForms: an integrated server for processing, analysis and as-
sembly of raw sequencing data of microbial genomes, from Oxford Nanopore technology” oswiad-
czam, iz mo6j whasny wklad merytoryczny w przygotowanie, przeprowadzenie i opracowanie

badan oraz przedstawienie pracy w formie publikacji stanowi:

|

udzial w analizie danych genomowych uzyskanych podczas sekwencjonowania i opraco-

waniu wynikow,

|

przygotowanie rysunkéw i tabel,

|

wspolredakeja pracy,

|

zapewnienie stalego wsparcia dla nzytkownikéw aplikacji NanoForms.

Moj udzial procentowy w przygotowaniu publikacji okre§lam jako 10 %.
Jednoczeénie wyrazam zgode na wykorzystanie w/w pracy jako czesé rozprawy doktorskiej

mgr inz. Anny Czmil.

(podpis o$wiadczajacego)
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Oswiadczenie wspoélautoréw publikacji

Niniejszym podaje procentowy wklad autorski w publikacje pt. ,GPR: A Python implementa-
tion of an extremely simple classifier based on fuzzy logic and gene erpression programming”.

Wklad Anny Czmil w powstanie publikacji obejmuje:

wspoélautorstwo koncepceji artykutu i metodologii,

— udzial w implementacji algorytmu GPR w jezyku programowania Python,

|

przeprowadzenie eksperymentéw obliczeniowych,

|

interpretacje otrzymanych regut klasyfikatora,

walidacje otrzymanych wynikéw,

|

przygotowanie grafik,

|

wspolredakeje pracy.

Procentowy wktad autorski Anny Czmil wynosi: 33,33 %.

Imie i nazwisko | Procentowy wkiad . .
Data i podpis wspoélautora
wspotlautora autorski
Jacek Kluska 33,33 % 24.04, 2023 Q. M"\
L4
Sylwester Czmil 33,33 % 24 06.707% %peﬁ(&u Gl
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(miejscowosé, data)

prof. dr hab. inz. Jacek Kluska
Katedra Informatyki i Automatyki

Politechnika Rzeszowska im. Ignacego Lukasiewicza

Oswiadczenie wspoétautoréw publikacji

Jako wspétautor pracy pt. ,GPR: A Python implementation of an extremely simple classifier
based on fuzzy logic and gene expression programming” o§wiadczam, iz moéj wiasny wklad me-
rytoryczny w przygotowanie, przeprowadzenie i opracowanie badan oraz przedstawienie pracy

w formie publikacji stanowi:

wspolautorstwo koncepcji artykutu i metodologii,

|

nadzér nad planowaniem i realizacjg poszczegélnych zadan,

|

udzial w przygotowaniu rysunkéw i tabel,

|

weryfikacja otrzymanych wynikow,

— pozyskanie wsparcia finansowego,

wspolredakeja pracy.

Moj udzial procentowy w przygotowaniu publikacji okreslam jako 33,33 %.
Jednoczesnie wyrazam zgode na wykorzystanie w/w pracy jako czes¢ rozprawy doktorskiej

mgr inz. Anny Czmil.

(podpis o$wiadczajacego)
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Seeviow... 20067223,

(miejscowosé, data)

mgr inz. Sylwester Czmil
Wydazial Elektrotechniki i Informatyki

Politechnika Rzeszowska im. Ignacego Lukasiewicza

Oswiadczenie wspolautoré6w publikacji

Jako wspotautor pracy pt. ,,GPR: A Python implementation of an extremely simple classifier
based on fuzzy logic and gene expression programming” o§wiadczam, iz moj wlasny wklad me-
rytoryczny w przygotowanie, przeprowadzenie i opracowanie badan oraz przedstawienie pracy

w formie publikacji stanowi:

wspoélautorstwo koncepcji artykutu i metodologii,

wspolopracowanie metodologii i zadan badawczych,

udzial w implementacji algorytmu GPR. w jezyku programowania Python,

wspolredakcja pracy.

Méj udzial procentowy w przygotowaniu publikacji okredlam jako 33,33 %.
Jednoczeénie wyrazam zgode na wykorzystanie w/w pracy jako czeéé rozprawy doktorskiej

mgr inz. Anny Czmil.

..............................................

( (podpis o§wiadczajacego)
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