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Trzy powtorzenia biologiczne w sekwencjonowaniu,
Siedem podtypow tkanki tarczycy do klasyfikacji,
Dziewieé liczb wektorow cech w obrazowaniu,

I jeden problem danych agregacji,

W uczeniu maszynowym przez heterogenie.

Jeden, by dane polqczyc, jeden, by cechy zgromadzic,
Jeden by probki odroznic¢ i w modelu zwigzac

W uczeniu maszynowym przez heterogenie.
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Streszczenie

Hodowle komoérek zdesynchronizowanych w fazie cyklu komoérkowego, tkanki no-
wotworowe zlozone z komorek roznych typow i o réznych profilach molekularnych, ko-
horty pacjentéw roznigcych sie stanem zaawansowania choroby, czynnikami genetycz-
nymi i Srodowiskowymi, zréznicowane populacje regionéw czy krajow. Dane kliniczne,
genomiczne, transkryptomiczne, proteomiczne i obrazowe, pochodzace z réznych zré-
det, o réznych typach, strukturze i wymiarowosci. Heterogenicznos¢ jest nieodigcznym
aspektem badan biomedycznych, przyczyna wielu zjawisk biologicznych i podstawa per-
sonalizowanej terapii. Analiza heterogenicznych danych prezentuje jednak szereg wy-
zwan — od zlego uwarunkowania numerycznego i utrudnionej estymacji parametrow

modelu, do obecnosci roznej liczby wektoréw cech dla poszczegodlnych obiektow.

Kluczowym problemem naukowym, ktorego rozwigzanie jest przedmiotem niniej-
szej rozprawy, jest wykorzystanie danych dla heterogenicznych obiektow w uczeniu
maszynowym. Prace doktorska stanowi cykl siedmiu artykuléw naukowych, obrazuja-

cych wlasne doswiadczenia autorki.

Pierwsza cze$¢ poswigcona jest heterogenicznosci wystepujacej na réznych pozio-
mach. W szczegélnosci omoéwiony jest dylemat pomiedzy budowaniem wspdlnego mo-
delu dla heterogenicznych grup, a niezalezng analiza podgrup czy pojedynczych obiek-
tow. Jako kompromis laczacy te strategie, zaproponowano autorskie, indywidualizowane
podejscie do estymacji parametrow (na przykladzie modelu epidemiologicznego), po-
legajace na estymacji czesci parametrow jako wspoélnych dla wszystkich obiektow, a
czesci jako niezaleznych. Zastosowanie indywidualizowanego modelowania pomogto
przezwyciezy¢ problem ztego uwarunkowania numerycznego, pozwalajac jednocze$nie
zachowac¢ elementy indywidualnej charakterystyki, co znalazto odzwierciedlenie w roz-

kladzie btedow dopasowania.



Druga cze$¢ rozprawy porusza problem heterogenicznosci struktury danych, czyli
obecnosci roznej liczby wektorow cech. Przedstawiono oryginalne strategie wykorzy-
stania takich danych w klasyfikacji (dla obrazowania proteomicznego) oraz modelowa-
niu przezycia (dla wielu gromadzen w obrazowaniu PET/CT) oparte na agregacji wek-
toréw cech lub agregacji wynikow modelowania. Otrzymane wyniki pokazuja, ze wy-
korzystanie informacji pochodzacej ze wszystkich dostepnych wektorow cech poprzez
zastosowanie agregacji pozwala na poprawe zdolnosci predykcyjnej modeli wzgledem

wykorzystania pojedynczego wektora cech.

Stowa kluczowe: heterogeniczne dane, uczenie maszynowe, klasyfikacja, indywi-

dualizowany model, analiza przezycia, agregacja



Summary

Cultures of cells desynchronised in cell cycle phase, tumour tissues composed of cells
of different types and molecular profiles, cohorts of patients differing in disease status,
genetic and environmental factors, diverse populations of regions or countries. Clini-
cal, genomic, transcriptomic, proteomic and imaging data, from different sources, with
different types, structure and dimensionality. Heterogeneity is an inherent aspect of bio-
medical research, the cause of many biological phenomena and the basis of personalised
therapy. However, the analysis of heterogeneous data presents a number of challenges
— from poor numerical conditioning and difficult estimation of model parameters, to the

presence of different numbers of feature vectors for individual objects.

The key research problem addressed in this dissertation is the use of data represen-
ting heterogeneous objects in machine learning. The dissertation consists of a series of

seven research articles, illustrating the author’s own experience.

The first part addresses heterogeneity occurring at different levels. In particular, the
dilemma between building a common model for heterogeneous groups or independent
analysis of subgroups or individual objects is discussed. As a compromise combining
these strategies, an original individualised approach to parameter estimation (using an
epidemiological model as an example) is proposed, which involves estimating some pa-
rameters as common to all objects and some as independent. The use of individualised
modelling helped overcome the problem of poor numerical conditioning, while allowing
elements of individual characteristics to be retained, as reflected in the distribution of

prediction errors.

The second part of the dissertation describes the problem of heterogeneity of the data
structure, i.e. the presence of different numbers of feature vectors. Original strategies for

the use of such data in classification (for proteomic imaging) and survival modelling (for
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multiple uptakes in PET/CT imaging), based on aggregation of feature vectors or ag-
gregation of modelling results are presented. The obtained results show that the use of
information from all available feature vectors through aggregation improves the predic-

tive ability of models relative to the use of a single feature vector.

Keywords: heterogeneous data, machine learning, classification, individualized mo-

del, survival analysis, aggregation



Rozdzial 1
Wprowadzenie

Ludzkosc. Setki spoleczenstw, zamieszkujacych rézne srodowiska, zorganizowanych
w rézny sposob. Osiem miliardow ludzi, w r6znym wieku, réznym stanie zdrowia, pro-
wadzacych rézny tryb zycia. W kazdym czlowieku dziesiatki tkanek, dziesiatki trylio-
n6w komorek — wilasnych i bakteryjnych, w kazdej z nich tysigce réznych metabolitow,
biatek, transkryptow. I w kazdej komoérce DNA, zlozone z miliardow par zasad, ktore
moze podlega¢ mutacjom i modyfikacjom. Pojawiajaca sie na kazdym mozliwym pozio-
mie heterogenicznosc jest nieodtacznym elementem zycia i przedmiotem licznych badan
w dziedzinie biomedycyny.

Heterogeniczno$¢ ma miedzy innymi istotne znaczenie kliniczne, zwlaszcza w cho-
robach nowotworowych [8, 9, 10, 11]. Poniewaz nie ma dwoch takich samych pacjen-
tow, rowniez kazdy nowotwor jest inny. Co wigcej, obecnos¢ heterogenicznych i ciagle
ewoluujacych populacji komorek, zar6wno nowotworowych jak i tworzacych mikro-
srodowisko guza, warunkuje szybkos¢ rozwoju choroby, sktonnos$¢ do przerzutowania,
a nawet podatnos¢ lub opornos¢ na terapie. Nowe mozliwosci oznaczen molekularnych
i obrazowych, w polaczeniu z prowadzonymi na caltym §wiecie badaniami translacyj-
nymi, prowadza do wyodrebniania coraz bardziej zawezonych podtypow nowotworow,
co mozna zaobserwowac chocby na przykladzie raka piersi [12, 13, 14]. Rownoczes$nie
zmienia sie tendencja podejscia terapeutycznego, dazacego w kierunku medycyny per-
sonalizowanej, w ktorej charakterystyka genetyczna, epigenetyczna, transkryptomiczna
czy proteomiczna ma pozwala¢ na dobor leczenia o najwyzszej skutecznosci przy moz-

liwie najmniejszych skutkach niepozadanych [15, 16, 17, 18].
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Zréznicowanie samych komorek, tkanek czy pacjentow nie jest jedynym Zrodlem he-
terogenicznosci danych biomedycznych. W badaniach wykorzystywane sg dane z wielu
modalnosci, takich jak kliniczne, molekularne czy obrazowe, charakteryzujace sie zroz-
nicowang strukturg, wymiarowoscig czy typem [19, 20]. Analiza wielomodalnych da-
nych wymaga zastosowania metod integracji oraz fuzji, przy czym dodatkowym wy-
zwaniem jest fakt, ze pomiar dla poszczegdlnych modalnosci czesto wykonywany jest
na réznych probkach. Do heterogenicznosci danych medycznych wykorzystywanych w
uczeniu maszynowym przyczynia sie tez ich pochodzenie z réznych zrédel, na przyktad
z kilku szpitali [21, 22, 23]. Jezeli dane dla kohorty pacjentow zbierane sa na przestrzeni
wielu lat, zmiennos¢ moze rowniez wynikac z ewolucji narzedzi diagnostycznych czy
wytycznych terapeutycznych.

Zaréwno zroznicowanie badanych obiektow jak i danych, ktore je opisuja, rodzi po-
trzebe stosowania dedykowanych metod w ich modelowaniu. Niniejsza rozprawe dok-
torska stanowi cykl siedmiu artykutéw naukowych, obrazujacych wlasne doswiadczenia
autorki z analiza heterogenicznych danych biomedycznych. W pierwszej czesci opisane
sa przyklady heterogenicznosci na réznych poziomach, od poziomu komérkowego az
do populacji krajow, oraz wyzwania, jakie pojawiajg sie w analizie heterogenicznych
danych réznych modalnosci. Druga cze$¢ rozprawy poswiecona jest modelowaniu da-
nych o heterogenicznej strukturze, szczegélnie w sytuacji, w ktérej modelowane obiekty

opisane sg rozng liczbg wektorow cech.



Rozdzial 2

Cele i tezy pracy

Celem niniejszej pracy jest:

1.

Opis heterogenicznosci wystepujacej na réznych poziomach w danych biome-

dycznych.

. Opracowanie algorytmoéw pozwalajacych na analize i modelowanie heterogenicz-

nych populacji oraz kohort.
Przedstawienie problematyki strukturalnej heterogenicznosci danych.

Zaproponowanie metod agregacji umozliwiajgcych wykorzystanie informacji z
roznej liczby wektoréw cech odpowiadajacych poszczegdélnym modelowanym obiek-

tom.

W rozprawie przedstawiono nastepujace tezy:

1.

Indywidualizacja modeli dla kohorty obiektéw pozwala zmniejszy¢ ryzyko zlego

uwarunkowania numerycznego zadania estymacji parametrow.

. Zastosowanie agregacji w przypadku roznej liczby wektorow cech dla poszczegol-

nych obiektow skutkuje poprawa jakosci predykcji modelu wzgledem wykorzy-

stania tylko jednego wektora na obiekt.
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Rozdzial 3

Heterogenicznos$¢ na réznych

poziomach

Niezaleznie od tego, czy zajmujemy sie badaniami epidemiologicznymi, kohorto-
wymi, analizg tkanek czy nawet komorek, w biomedycynie niemal zawsze bedziemy
mie¢ do czynienia z heterogenicznymi populacjami. Moga to by¢ populacje ludzi r6znia-
cych sie stanem zdrowia, ttem socjoekonomicznym lub czynnikami srodowiskowymi;
moga to by¢ populacje réznych gatunkow bakterii tworzacych mikrobiote; moga to by¢
populacje réznych typow komorek w tkankach. Nawet jezeli analizujemy komorki jed-
nej linii komoérkowej, w obrebie hodowli zaobserwujemy komorki o réznych profilach
molekularnych wynikajacych chociazby z desynchronizacji w fazie cyklu komoérkowego
[24, 25, 26]. Mimo, ze taki stan odzwierciedla heterogeniczno$¢ wystepujaca w ludzkim
organizmie, moze podczas analizy przystania¢ zmiany zwigzane z badanym efektem bio-

logicznym.

3.1 Poziom komoérkowy

[1] Zarczynska I, Gorska-Arcisz M, Cortez AJ, Kujawa KA, Wilk AM, Sklada-
nowski AC, Stanczak A, Skupinska M, Wieczorek M, Lisowska KM, Sadej R, Ki-
towska K. p38 Mediates Resistance to FGFR Inhibition in Non-Small Cell Lung
Cancer. Cells. Nov 30;10(12):3363. (2021)
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Cel. Identyfikacja molekularnej charakterystyki nabytej opornosci na inhibitor FGFR w

liniach komorkowych niedrobnokomorkowego raka ptuc.

Inhibicja receptora czynnika wzrostu fibroblastoéw (FGFR) jest obiecujacym kierun-
kiem terapeutycznym w raku ptuc [27, 28]. Nowe leki, zanim otrzymajg akceptacje do
wykorzystania w klinice, poddawane sg szeregowi testow — badan klinicznych i przed-
klinicznych, na przyklad na liniach komérkowych. W przypadku terapii celowanych
niezwykle istotne jest miedzy innymi okreslenie, jaka grupa pacjentow ma najwieksza
szanse odpowiedzi na leczenie — sam status amplifikacji FGFR nie jest jeszcze nieza-
wodnym kryterium. W pracy [1] linie komoérkowe wykorzystano do badania nabytej

opornosci na inhibitor CPL304110 w niedrobnokomoérkowym raku ptuc (NSCLC).

Sposrod panelu linii nowotworowych NSCLC wykazujacych amplifikacje genu FGFR1
wybrano dwie, ktore okazaly sie najbardziej wrazliwe na inhibitor: NCI-H1581 i NCI-
H1703. Stosujac coraz wyzsze stezenia CPL304110, wyprowadzono warianty oporne li-
nii, a nastepnie zaré6wno wariant wrazliwy i oporny poddano badaniom molekularnym:
aCGH (Array Comparative Genomic Hybridization, oparta na technolgii mikromacierzy
technika stuzaca do oznaczania liczby kopii genéw) oraz RNAseq (sekwencjonowanie

RNA, wysokoprzepustowa technika umozliwiajgca oznaczenie poziomu transkryptow).

Podobnie jak w wielu badaniach na liniach komérkowych, istotny problem stanowi
wielkos¢ proby [29, 30], w szczegolnosci rozrdéznienie pomiedzy powtdrzeniem biolo-
gicznym i technicznym. Poniewaz linie komoérkowe, nawet pochodzace z kilku réznych
bankéw komoérkowych, wyprowadzone zostaly oryginalnie od jednego pacjenta, zaleca
sie, aby weryfikowac uzyskane wyniki dla wiecej niz jednej odpowiednio dobranej linii.
Jednakze, w szczegdlnosci w przypadku linii nowotworowych, w ktorych przewaznie
obcigzenie mutacyjne jest wysokie, nawet dla linii reprezentujacych ten sam podtyp no-
wotworu obserwowa¢ mozna znaczne roznice (Fig. 3.1a). Rowniez dla analizy transkryp-
tomu, analiza gtownych sktadowych (PCA) pokazala, ze nawet wobec wariantu zwigza-
nego z opornoscia, ponad 70% zmiennosci odpowiada kierunkowi separujacemu dwie

rozne linie komorkowe.

Przy tak niewielkiej probie, laczna analiza réznicowa dla obu linii komérkowych pod
katem réznic miedzy wariantem wrazliwym i opornym prowadzita do wynikéw o ni-
skim znaczeniu biologicznym — dla wigkszosci genodw znaczna réznica dla jednej z linii

byla wystarczajaca, aby uzyskac istotnosé¢ statystyczng mimo braku réznic w drugie;.
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Fig. 3.1: Heterogeniczno$¢ obserwowana w liniach komérkowych niedrobnokomoérkowego raka ptuc. (a)
Zmienno$¢ liczby kopii genow miedzy wrazliwymi (,,dzikimi”) wariantami linii NCI-H1581 i NCI-H1703.
(b) Analiza réznic pomiedzy wariantem wrazliwym i opornym osobno dla kazdej linii. (¢) Wynik analizy
RNAseq - geny réznicujace dla obu linii, o takim samym kierunku zmiany.

Ostatecznie zdecydowano si¢ na analize niezaleznie dla kazdej linii komoérkowe;j (Fig.
3.1b). Jednakze, po wyznaczeniu gendw réznicujacych w obu poréwnaniach okazato sie,
ze wyniki w dalszym ciggu byly trudne do interpretacji, poniewaz nawet mimo odpo-
wiedniej sily zmiany, jej kierunek mogl by¢ rézny. Zastosowanie warunku wymagaja-
cego jednakowego kierunku zmiany dla genéw réznicujacych (Fig. 3.1¢c) w polaczeniu z
analizg funkcjonalng i zestawieniem danych genomicznych i transkryptomicznych po-

zwolilo na wyznaczenie szlaku p38 jako potencjalnego mediatora opornosci na inhibicje
FGFR.

Whniosek. Poniewaz dla matych prob zmiennos¢ zwigzana z réznicq pomiedzy typami
komorek moze przystonic¢ efekt biologiczny, czasem korzystna jest niezalezna analiza dla
poszczegolnych podgrup i poszukiwanie wspolnych elementow przy pomocy odpowiednich

warunkow.
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Wktad autorki w cytowanq prace. Analiza bioinformatyczna zmiennosci liczby ko-
pii — ekstrakcja cech genomicznych z surowych danych dla macierzy aCGH, preprocessing
(normalizacja, korekcja GC i cy3/cy5, centrowanie), estymacja liczby kopii genéw, ana-
liza roznicowa; analiza bioinformatyczna danych RNAseq — preprocessing (analiza jakosci,
usuwanie adapterow, mapowanie i annotacja, wyznaczenie macierzy zliczen), normaliza-
cja, analiza roznicowa; analiza nienadzorowana i wizualizacja danych z eksperymentow

wysokoprzepustowych; analiza szlakow sygnatowych — GSEA.

3.2 Poziom tkankowy i réznice miedzy pacjentami

Jednym z powodoéw, dla ktorych nowotwory czesto sa wykrywane w poéznym sta-
dium, jest brak wiarygodnych, uniwersalnych markeréw diagnostycznych. Jako ze ko-
morki nowotworowe charakteryzujg sie specyficzng aktywnoscig metaboliczng, meta-

bolomika jest rozwazana jako jedno z potencjalnych Zrodet biomarkeréw [31].

[2] Mrowiec K, Debik J, Jelonek K, Kurczyk A, Ponge L, Wilk A, Krzempek M,
Giskeodegard GF, Bathen TF i Widlak P. Profiling of serum metabolome of bre-
ast cancer: multi-cancer features discriminate between healthy women and pa-
tients with breast cancer. Front. Oncol. 14:1377373. (2024)

Cel. Metabolomiczna charakterystyka raka piersi, identyfikacja sygnatury wspélnej dla

roznych nowotworow, konstrukcja klasyfikatora metabolomicznego.

W pracy przeanalizowano profile metabolomiczne z osocza zdrowych dawcow, a
takze pacjentow chorych na nowotwory piersi, ptuc, jelita grubego oraz glowy i szyi.
Na podstawie analizy statystycznej wyselekcjonowano metabolity odrézniajace zdrowe
kontrole od kazdego typu nowotworu (ze wzgledu na zmiany profilu metabolomicznego
zachodzace wraz z wiekiem, dla kontroli oraz pacjentek z rakiem piersi wyselekcjono-
wano podgrupy dopasowane strukturg wieku do pozostatych nowotworéw). Wspélna
,wielo-nowotworowa sygnatura” zawierata 6 aminokwasow (Ala, Asp, Glu, His, Phe,
Leu+lle), 2 diglicerydy, 2 triglicerydy, oraz 13 lizofosfatydylocholin (a takze catkowity
poziom lizofosfatydylocholin).

Nastepnie korzystajac z wyznaczonej sygnatury skonstruowano klasyfikator pozwa-
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lajacy rozrézni¢ zdrowe kontrole od pacjentek z rakiem piersi. Po przetestowaniu roz-
nych modeli oraz wartosci hiperparametréw, zdecydowano sie na maszyne wektorow
wspierajacych (SVM) z radialng funkcja jadra. Jakos$c¢ klasyfikacji oszacowano w proce-
durze 500-krotnej kroswalidacji Monte Carlo przeprowadzonej na zbiorze probek, ktore
nie byly wykorzystywane do selekcji wielo-nowotworowej sygnatury. Aby sprawdzic,
czy klasyfikator sprawdzi sie rowniez dla innych europejskich populacji, model nauczony
na zbiorze polskich pacjentek testowano na zbiorze pacjentek norweskich. Otrzymany
klasyfikator cechowat sie bardzo wysoka zdolnoscia predykcyjna, osiagajac w walidacji
mediany czulosci=0.97, swoistosci=0.92 i AUC=0.98.

Whniosek. Pomimo roznic miedzy typami nowotworéow, da sie wyselekcjonowaé wspolng
sygnature, dla ktorej mozliwa jest klasyfikacja z wysokq doktadnosciq polskich i norweskich

pacjentek z rakiem piersi.

Wktad autorki w cytowanq prace. Uczenie i walidacja modeli uczenia maszyno-
wego, badanie wptywu hiperparametrow, opracowanie schematu testowania modeli w celu

zbadania generalizowalnosci dla roznych kohort, udziat w przygotowaniu manuskryptu.

3.3 Poziom populacji — indywidualizowane modele

Mimo, iz niezalezna analiza podgrup, jak linii komoérkowych w pracy [1] czy typow
raka w [2], moze sie wydac kuszgca, poniewaz pozwala na zachowanie indywidualnego
charakteru w heterogenicznych kohortach, nie zawsze jest ona wykonalna. Przyczyna
moze by¢ na przyklad nieestymowalnos¢ parametrow, co wymaga zastosowania alter-

natywnego podejscia.

[3] Wilk AM, Lakomiec K, Psiuk-Maksymowicz K i Fujarewicz K. Impact of go-
vernment policies on the COVID-19 pandemic unraveled by mathematical mo-
delling. Scientific Reports 12, 16987 (2022)

Cel. Ocena wplywu niefarmakologicznych interwencji rzqdowych na rozprzestrzenia-
nie si¢ pandemii COVID-19.

W pierwszej fazie pandemii COVID-19, przed wprowadzeniem szczepien, jedyna
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metoda walki z rozprzestrzenianiem si¢ wirusa SARS-CoV-2 byly interwencje niefar-
makologiczne, w tym obostrzenia takie jak zamkniecie szko6t czy odwotanie wydarzen
publicznych, $rodki ekonomiczne oraz srodki zwigzane z systemem zdrowia [32]. Wiele
badan poswieconych bylo oszacowaniu skutecznosci poszczegdlnych interwencji, pod-
stawowa przeszkoda byl jednak fakt, ze zwykle wprowadzane one byly w pakietach,

przez co czesc¢ byla silnie skorelowana [33].
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Fig. 3.2: Przewidywanie rozprzestrzeniania si¢ pandemii COVID-19 w krajach europejskich przy pomocy
indywidualizowanych modeli. (a) Trzy wykorzystywane podejscia estymacji parametrow: A — niezalezne,
B — wspdlne, C — indywidualizowane (b) Nierozroznialne funkcje przebiegu obostrzen dla Polski (c) Te
same obostrzenia z uwzglednieniem wszystkich analizowanych krajow. (d) Wyniki predykecji dla testo-
wego okresu czasu dla Polski. Niebieskie punkty to dzienne zachorowania, zielona linia to 7-dniowa $red-
nia ruchoma z liczby zachorowan, zétta, czerwona i fioletowa linia to odpowiednio predykcje dla modelu
niezaleznego, wspoélnego i zindywidualizowanego.

Rozwazmy model SEIR, jeden z najpopularniejszych kompartmentalnych modeli epi-

demiologicznych, w ktérym populacja podzielona jest na cztery kompartmenty:

« Susceptible, czyli osoby podatne na zakazenie,

« Exposed, czyli osoby, ktore mialy kontakt z patogenem i zostaly zakazone, ale same



16 Rozdziatl 3. Heterogenicznos¢ na roznych poziomach

jeszcze nie zarazaja,
« Infected, czyli osoby zakazone, ktére moga zaraza¢ innych,

« Removed, czyli osoby, ktore nie sa podatne na zakazenie, czy to przez nabycie

odpornosci czy przez Smierc.

Model dla kraju k£ mozna zapisa¢ w formie rownan [34]:

Sk(t) _ */Bk(t)}g\i(t)fk(t)

Ek(t) _ 51@(75)5]1%5;)[1@(0 — kprEg(t)

]k(t) = kE[Ek(t> — /f]R]k<t)

Ri(t) = kirlk(t)

gdzie warunki poczatkowe to Si(0) = Ny — Iy, Ex(0) = 0, I,(0) = Iy, Ri(0) = 0.
Wielkos¢ populacji Ny, przyjeto jako stala.

Parametr 3(t) okresla szybko$¢ rozprzestrzeniania sie¢ pandemii. Mozemy przyjac,
ze jego wartos¢ zalezna jest od pewnej wartosci bazowej b, poziomow obostrzen o; oraz

skutecznosci tych obostrzen a;:
B(t) = b(1 = a101(t) — az05(t) — - - - — ay0r(1)), (3.2)

Aby zachowa¢ specyfike poszczegodlnych krajow, naturalna bylaby estymacja pa-
rametréw dla kazdego kraju niezaleznie. W przypadku pokrywajacych sie funkcji ob-

ostrzen, przykladowo o; = o; = o;; (patrz Fig. 3.2b),

B(t) =b(1 —ao1(t) — - -+ — a;0;(t) — ajoi(t) — -+ — ay0.(t)),
Bt) = b1 —ar01(t) — -+ — a;05(t) — ajoy(t) — -+ — ayor(t)),

Bt) =b(1 —aro(t) — - —oi(t)(a; + a;) — - — ay0.(t)),
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Parametry a; oraz a; sa wowczas nieestymowalne, poniewaz zmiane wartosci jed-
nego z nich mozna dowolnie kompensowa¢ wartoscia drugiego. Mozliwym rozwiaza-
niem jest estymacja parametréw wspolnie dla catej kohorty krajow (Fig. 3.2c). Wpraw-
dzie niweluje to problem nieestymowalnosci, ale zatraca si¢ rowniez indywidualny cha-
rakter poszczegolnych obiektow.

Zaproponowano rozwigzanie kompromisowe, modelu indywidualizowanego, pole-
gajace na estymacji cze$ci parametréw razem dla wszystkich krajow (w tym przykladzie
przyjeto, ze wspolnymi parametrami sa skutecznosci obostrzen a;), a czesci niezaleznie
(tu: wspotczynnik bazowy b). Podejscie takie pozwala na zmniejszenie liczby estymowa-
nych parametréw, zachowanie pewnego odzwierciedlenia heterogenicznosci obiektow
kohorty i zmniejszenie ryzyka niewlasciwego uwarunkowania numerycznego problemu
estymacji. Trzy wspomniane podejscia do estymacji parametréw przedstawiono sche-

matycznie na Fig. 3.2a.

Najpierw, dla kazdego kraju wyznaczono [3,,; na podstawie wartosci zachorowan ra-
portowanych przez rzadowe agencje. Nastepnie, parametry a; oraz b estymowane sg przy
pomocy nieliniowej metody najmniejszych kwadratow (NLNK). Estymacji parametrow
dokonano na okresie uczacym obejmujacym czas od poczatku pandemii do konca listo-
pada 2020, natomiast dwa kolejne miesigce (od poczatku grudnia 2020 do konca stycz-
nia 2021, kiedy wprowadzono szczepienia) potraktowano jako okres testowy. Jako miare
jakosci dopasowania przyjeto znormalizowany btad sredniokwadratowy (NRMSE). Dla
Polski (Fig. 3.2d) modele wspélny i zindywidualizowany daly podobne rezultaty, bliskie
obserwowanego przebiegu. Model niezalezny natomiast obarczony jest znacznym bfe-

dem.

Tab. 3.1: Skutecznos¢ poszczeg6lnych strategii estymacji parametrow modelu SEIR (dla kg = 0.2605 i
krr = 0.1020). Przedstawiono $rednig i odchylenie standardowe (SD) dla NRMSE oraz liczbe krajow, w
ktorych dany model byt najlepszy (w przypadku takiej samej wartosci NRMSE dla dwoch modeli, liczone
sg oba).

Podsumowanie jakosci predykcji

Wspolny model | Niezalezne mo- | Indywidualizowane

dele modele
Srednie NRMSE 2.374 4.920 1.682
SD NRMSE 4414 5.906 2.222

Najlepszy model 17 10 17
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Dla calej kohorty krajow modele wspolny oraz indywidualizowane wykazuja wy-
soka jakos¢ predykcji, z przewaga modeli indywidualizowanych pod wzgledem s$red-
niego btedu oraz rozrzutu bledow (Tabela 3.1). Mimo, iz zastosowanie wspdolnego mo-
delu réwniez pozwolilo przezwyciezy¢ problemy numeryczne, jego ograniczona zdol-
nos¢ dopasowania do danych dla heterogenicznej kohorty skutkowata bardzo wysokimi
wartosciami btedow dla niektérych krajow (co odzwierciedla odchylenie standardowe
NRMSE). Ponadto, w przypadku modeli niezaleznych, wartosci estymowanych parame-
trow czesto osiggaly nierealistyczne poziomy. Przykladowo, interwencja ,Zamkniecie
szkol” miata wspolezynnik 0.225 dla modelu wspolnego, 0.149 dla modeli indywidualizo-
wanych, oraz miedzy -0.443 a 0.718 dla modeli niezaleznych. Bioragc pod uwage przyjeta
funkcje rozprzestrzeniania sie wirusa w zaleznosci od obostrzen (réwnanie 3.2) ozna-
czaloby to, ze w niektorych krajach zamkniecie szkot przyspieszylo rozwoj pandemii.
Jakos¢ dopasowania modeli niezaleznych dato si¢ poprawic¢ poprzez zastosowanie ogra-
niczen wartosci parametrow, ale jednym z zatozen, ktoérymi kierowano sie w pracy, byt

brak koniecznosci wiedzy o dopuszczalnych wartosciach parametréw a priori.

Whniosek. Zastosowanie indywidualizowanego podejscia do estymacji parametrow mo-
deli dla kohorty obiektow pozwala na ograniczenie ryzyka niewltasciwego uwarunkownia

numerycznego bez catkowitej utraty indywidualnego charakteru obiektow.

Wktad autorki w cytowanq prace. Przygotowanie zbioru danych — pozyskanie z
zewnetrznych baz danych (zachorowania, obostrzenia, populacje), odfiltrowanie brakow,
zapis w formacie odpowiednim do dalszej analizy; estymacja wptywu obostrzen — imple-
mentacja modelu wspolnego, niezaleznych i indywidualizowanych; walidacja modeli na te-
stowym przedziale czasowym — estymacja liczby zachorowan z modelu SEIR, ocena bledu

dopasowania; wizualizacja wynikow; przygotowanie manuskryptu.

We wszystkich oméwionych dotad przypadkach, problem sprowadzat sie do analizy
i modelowania heterogenicznych obiektow oraz wykrycia ogélnych prawidlowosci bez
catkowitej utraty ich indywidualnego charakteru. Mimo wystepujacych na wielu pozio-
mach réznic pomiedzy obiektami, za kazdym razem byty dla nich dostepne analogiczne
dane — zmiana liczby kopii genoéw, poziom ekspresji, profil metabolomiczny czy wek-
tor poziomu obostrzen. Zagadnienie heterogenicznosci moze jednak dotyczy¢ nie tylko

samych obiektow, ale takze danych, ktore je opisuja.



Rozdzial 4
Heterogenicznos$¢ strukturalna

Standardowo, dane wejsciowe dla modeli predykcyjnych majg jednakowa strukture
dla kazdego analizowanego obiektu. W uproszczeniu, na podstawie wektora cech wy-
znaczana jest funkcja celu, a jej wartos¢ pozwala na dokonanie predykecji, ktorg moze
by¢ na przyklad przypisanie kategorii w przypadku klasyfikacji czy wartosci cigglej dla
regresji. Moze si¢ jednak zdarzy¢, ze dla pewnych obiektow mozliwe jest pozyskanie
wiecej niz jednego wektora cech, przy czym ich liczba nie jest stala (patrz Fig 4.1). W
rezultacie otrzymujemy dane o heterogenicznej strukturze, ktérych wykorzystanie w

modelu jest nietrywialne.

4.1 ,Single-pixel approach” — klasyfikacja w oparciu

o przestrzenna proteomike

Jedna z dziedzin, w ktorych coraz czesciej pojawia sie opisany rodzaj heterogeniczno-
Sci strukturalnej, jest biologia molekularna. Rozwo6j nowoczesnych technologii pozwala
na uzyskanie danych proteomicznych, metabolomicznych czy transkryptomicznych dla
pojedynczych komorek [35, 36, 25, 37], lub dla siatki punktow w przypadku technologii
przestrzennych [38, 39]. W zaleznosci od technologii, dla kazdej probki otrzymujemy

wiec od kilkudziesieciu do nawet kilku tysiecy wektorow cech. Praca

[4] Kurczyk A., Gawin M., Chekan M., Wilk A., Lakomiec K., Mrukwa G., Frat-
czak K., Polanska J., Fujarewicz K., Pietrowska M. i Widlak, P. Classification of

19
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Fig. 4.1: Przykiad heterogenicznosci strukturalnej danych. A. Kazdemu obiektowi odpowiada jeden wektor
cech, mozna wiec zastosowac standardowe modele. B. Dla poszczegdlnych obiektéw dostepne sg analo-
giczne wektory cech, ale liczba wektorow jest rozna. Modelowanie wymaga zatem dodatkowych krokow.

Thyroid Tumors Based on Mass Spectrometry Imaging of Tissue Microarrays; a
Single-Pixel Approach. International journal of molecular sciences, 21(17), 6289,
(2022)

opisuje sposob wykorzystania tego typu danych do klasyfikacji tkanek tarczycy.

Cel. Klasyfikacja podtypow raka tarczycy w oparciu o heterogeniczne strukturalnie

dane z obrazowania spektrometriq mas.

Rak tarczycy jest najczesciej wystepujacym nowotworem endokrynnym — w 2022
roku zdiagnozowano ponad 800 tysiecy przypadkéw na $wiecie [40], w Polsce nato-
miast rocznie wystepuje okoto 4700 przypadkéw (dane na 2023 rok) [41]. Rokowanie
jest bardzo dobre dla wiekszosci pacjentow (w szczegdlnosci reprezentujacych zrdzni-
cowany podtyp), gorsze natomiast dla niskozréznicowanych podtypow [42, 43]. Diagno-
styka podtypu zwykle przeprowadzana jest na podstawie analizy preparatéw histopato-
logicznych, moze wigc by¢ subiektywna i w znacznym stopniu zalezy od doswiadczenia

i aktualnej dyspozycji patologa, a takze od jakosci przygotowania preparatu i jego cha-
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rakteru. Proces diagnostyczny moglaby poprawic identyfikacja molekularnych biomar-
kerow charakterystycznych dla poszczegdlnych podtypow.

W pracy przeanalizowano macierze tkankowe zawierajace tacznie 375 skrawkow
tkanek pochodzacych od 134 pacjentéw diagnozowanych w Narodowym Instytucie On-
kologii im. Marii Sktodowskiej-Curie — Panstwowym Instytucie Badawczym Oddziale

w Gliwicach (NIO). Reprezentowaly one siedem typow tkanki:
o NT (normal thyroid) — prawidlowa tkanka tarczycy,
« FA (follicular adenoma) — gruczolak pecherzykowy, nieztosliwy guzek tarczycy,

« MTC (ang. medullary thyroid carcinoma) — rak rdzeniasty tarczycy, rzadko wyste-

pujacy, niskozroéznicowany zlosliwy nowotwor tarczycy, o sSrednim rokowaniu,

« ATC (anaplastic thyroid carcinoma) — rak anaplastyczny tarczycy, rzadko wyste-

pujacy, niskozroéznicowany zlosliwy nowotwor tarczycy, o stabym rokowaniu,

« FTC (follicular thyroid carcinoma) — rak pecherzykowy tarczycy, czgsto wystepu-

jacy, zréznicowany zlosliwy nowotwor tarczycy, o dobrym rokowaniu,

« PTC-CV (papillary thyroid carcinoma classic variant) — podstawowy, ,klasyczny”
wariant raka brodawkowatego tarczycy — czesto wystepujacego, zréznicowanego

zlosliwego nowotworu tarczycy o dobrym rokowaniu,

o PTC-FV (papillary thyroid carcinoma follicular variant) — wariant pecherzykowy

raka brodawkowatego tarczycy.

Preparaty zostaly poddane obrazowaniu spektrometriag mas (MS, mass spectrometry) przy
pomocy techniki MALDI-MSI, ktora uzyskano $rednio 360 widm MS na skrawek.

Na podstawie walidacji réznych typéw modeli, do rozréznienia widm wybrano ma-
szyne wektorow wspierajacych (SVM, support vector machine) z liniowa funkcja jadra.
W celu uzyskania klasyfikacji wieloklasowej, problem zostal przeksztalcony do zada-
nia 1vsl. Dla kazdej pary klas zostal wytrenowany binarny model (facznie 21 klasyfi-
katorow). Jezeli decyzja byla ,jednoglosna”, czyli pewna klasa otrzymata tacznie szes¢
glosow (we wszystkich modelach poréwnujacych jg z pozostalymi klasami), byta ona
przypisywana do widma; w przeciwnym razie, widmo klasyfikowane byto jako "niedia-

gnostyczne". Rozwigzanie takie przyjete zostalo po konsultacji z patologiem, dla ktorego
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informacja, ze probka jest trudna do sklasyfikowania jest preferowana wzgledem niepra-

widlowej lub niepewnej diagnozy.
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Fig. 4.2: Zastosowanie agregacji dla klasyfikacji danych pochodzacych z obrazowania proteomicznego. (a)
Uproszczony schemat dziatania. (b) Tablica pomytek dla podejcia usrednionego widma — w wierszach
klasy eksperckie, w kolumnach przewidywane. (c) Tablica pomytek dla podejscia ,single-pixel” — w wier-
szach klasy eksperckie, w kolumnach przewidywane. Podejscie ,single-pixel” wykorzystujace pojedyncze
widma pozwala na osiaggniecie wyzszej doktadnosci klasyfikacji w poréwnaniu z usrednionym widmem.

Poniewaz standardowe modele uczenia maszynowego wykorzystuja jeden wektor
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cech przypadajacy na obserwacje, klasyfikacja calego skrawka wymaga zastosowania

agregacji. Przetestowano dwie strategie (Fig. 4.2a):

1. Usrednione widmo — dla skrawka generowane jest reprezentatywne widmo jako
$rednia arytmetyczna wszystkich pomiaréw. Jest to rozwigzanie ulatwiajace im-
plementacje klasyfikatora, w jego wyniku nastepuje jednak utrata wiekszosci po-

miaréw oraz informacji o heterogenicznosci tkanki.

2. ,Single-pixel” — strategia ,pojedynczego piksela”, w ktorej model jest budowany
na wszystkich dostepnych w zbiorze uczacym widmach. Podczas klasyfikacji no-
wego skrawka, kazdy z kilkuset wchodzacych w jego sklad punktow jest przy-
porzadkowany do klasy, a o ostatecznym wyniku decyduje ,glosowanie”, w kto-
rym przypisywana jest klasa wiekszosciowa (nawet, jezeli jest to klasa ,niedia-

gnostyczne”).

Zdolnosc¢ predykcyjna modeli r6zni sie w zaleznosci od klasy (Fig. 4.2b i 4.2c). Stosun-
kowo dobrze rozrozniana jest prawidlowa tkanka tarczycy od tkanek nowotworowych
(zaréwno tagodnych jak i ztosliwych), znaczne btedy obserwowane sa natomiast dla pod-
typow raka brodawkowatego oraz miedzy gruczolakiem i rakiem pecherzykowym. Nie-
zaleznie od klasy mozna jednak zaobserwowac, ze podejscie ,single-pixel” osigga wyzsza
jakosc¢ niz metoda oparta o usrednione widma — doktadnosc klasyfikacji dla tych strategii
to odpowiednio 0.67 i 0.52.

Whiosek. Predykcja na podstawie zagregowanych wynikow klasyfikacji dla wszyst-
kich dostepnych pomiaréow pozwala na osiggniecie wyzszej doktadnosci niz predykcja na

podstawie wyniku klasyfikacji reprezentatywnego usrednionego pomiaru.

Wktad autorki w cytowanq prace. Analiza nienadzorowana zbioru danych (PCA),
opracowanie i implementacja strategii usrednionego widma oraz ,single-pixel”, implemen-
tacja systemu gltosowania dla wieloklasowego modelu, zaprojektowanie schematu walidacji

uwzgledniajgcego powigzania miedzy probkami, wizualizacja.
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4.2 ,Multi-lesion radiomics” —agregacja w radiomicz-

nych modelach przezycia

Inng (obok wilasciwosci preparatu wykorzystanego do pomiaru) mozliwa przyczyna
dostepnosci réznej liczby wektorow cech opisujacych poszczegdlne modelowane obiekty,
jest zroznicowany stan samych obiektéw, na przyklad pacjentow nowotworowych. Trzy
nastepne prace wchodzace w skltad niniejszego cyklu opisuja kolejne kroki opracowa-
nia metodologii umozliwiajacej wykorzystanie heterogenicznych strukturalnie danych

w modelowaniu przezycia.

[5] Wilk AM, Kozlowska E, Borys D, D’Amico A, Fujarewicz K, Gorczewska I,
Debosz-Suwinska I, Suwinski R, Smieja J, Swierniak A. Radiomic signature ac-
curately predicts the risk of metastatic dissemination in late-stage non-small
cell lung cancer. Translational Lung Cancer Research 12(7):1372-1383. (2023)

Cel. Przewidywanie ryzyka przerzutow odleglych dla pacjentow z niedrobnokomorko-

wym rakiem ptuc na podstawie danych klinicznych i radiomicznych.

Rak ptuc jest drugim co do zapadalnosci (po raku piersi) nowotworem na $wiecie,
zajmuje jednak niekwestionowane pierwsze miejsce pod wzgledem $miertelnosci i od-
powiada za ok. 20% zgonéw spowodowanych nowotworami [40]. Piecioletnie przezycie
w raku ptuca ksztaltuje sie na poziomie ponizej 20%, co mozna w znacznej mierze przy-
pisa¢ typowo po6znej diagnozie spowodowanej niespecyficznymi objawami we wczesnej
fazie choroby, a takze znaczng inwazyjnoscia [44]. Granicznym momentem dla mozliwo-
Sci terapeutycznych jest pojawienie si¢ przerzutoéw odleglych, co odzwierciedlone jest
miedzy innymi w rekomendacjach Europejskiego Towarzystwa Onkologii Medycznej
(ESMO, European Society for Medical Oncology), ktore podzielone sg na raka niemetasta-
tycznego i przerzutowego [45, 46].

W aktualnej praktyce, przerzuty wykrywane sa na drodze regularnej kontroli przy
pomocy badan obrazowych. Podejscie takie ma pewne wady, zwigzane miedzy innymi
z ograniczong czestosciag wykonywania badan, wynikajacg z przepustowosci systemu
zdrowia oraz bezpieczenstwa (badania obrazowe, mimo iz generalnie uznawane za nie-
inwazyjne, rowniez nie moga by¢ wykonywane zbyt czesto), a takze z mozliwos$ciami sa-

mego obrazowania. Bioragc pod uwage rozdzielczos¢ technologii takich jak pozytonowa
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tomografia emisyjna (PET - positron emission tomography), niewielkie, nawet centyme-
trowe ogniska moga nie by¢ wykrywalne [47]. Znalezienie czynnikéw pozwalajacych
na stratyfikacje pacjentow pod wzgledem ryzyka przerzutéw odlegtych miatoby wiec

istotne znaczenie kliniczne.

W pracy [5] zbadana zostata mozliwos¢ wykorzystania cech klinicznych oraz cech
pozyskanych z obrazowania PET/CT wykonanego pod katem planowania radioterapii
do przewidywania przerzutéw odleglych. Biorac pod uwage, ze kohorty onkologiczne
czesto sa zbyt malo liczne, aby mozliwa byla konstrukcja wiarygodnego modelu opar-
tego na glebokim uczeniu [48], zdecydowano si¢ na podejscie radiomiczne. Radiomika to
galaz nauki zajmujaca sie ekstrakcjg z okreslonego obszaru obrazu, zwanego regionem
zainteresowania (RO region of interest), liczbowych cech opisujacych miedzy innymi
jego ksztalt i teksture [49].

Przeanalizowano kohorte 115 pacjentéw leczonych w NIO z powodu niedrobnoko-
morkowego raka ptuca (NSCLC, non-small cell lung cancer). Artykul zawiera podsta-
wowe statystyki opisowe, analize eksploracyjng oraz jednoczynnikowsa analize staty-
styczng dostepnych cech. Analiza wieloczynnikowa zostala przeprowadzona na dwa
sposoby — wykorzystujac podejscie oparte na klasyfikacji oraz na modelach przezy-
cia. Oba podejscia pokazaly, ze dostepne w badaniu cechy kliniczne, obejmujace wiek,
pleé, podtyp, lokalizacje guza, jego wielkos¢ i stopien regionalnego rozsiania nowotworu
wedlug klasyfikacji TNM (tumour, node, metastasis), nie stanowia dobrych predyktorow
ryzyka przerzutow. Korzystajac z cech radiomicznych jesteSmy natomiast w stanie po-
dzieli¢ pacjentéw na grupy istotnie statystycznie réznigce sie¢ prawdopodobienstwem

przezycia wolnego od przerzutow odlegtych (MFS, metastasis-free survival).

Whiosek. Cechy radiomiczne wyekstrahowane z obszaru zainteresowania obejmujg-
cego guz pierwotny wykazujq potencjat predykcyjny dla przewidywania ryzyka przerzu-
tow odlegtych w niedrobnokomorkowym raku ptuc. Standardowo zbierane cechy kliniczne
takie jak wielkos¢ guza czy rozsiew do weztow chtonnych nie wykazujq jednak istotnosci

dla przewidywania przerzutow.

Wktad autorki w cytowangq prace. Analiza nienadzorowana zbioru danych — PCA,
analiza korelacji; statystyka opisowa, analiza jednoczynnikowa, przewdywanie przezycia

wolnego od przerzutow i wolnego od zdarzen z wykorzystaniem metod klasyfikacji, kon-
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strukcja finalnego regresyjnego modelu przezycia, przygotowanie pierwszej wersji manu-
skryptu.

Jednym z wnioskéw z analizy danych klinicznych jest stwierdzenie, ze regionalne
rozsianie nowotworu, wyrazone czesciowo przez czlon ,N” w klasyfikacji TNM, nie
wplywa na ryzyko przerzutéw odleglych. Obserwacja ta, jakkolwiek z pozoru niein-
tuicyjna, pokrywa sie z aktualng teorig na temat mechanizmu metastazy w raku ptuc,
wedlug ktorej za powstawanie przerzutow odleglych odpowiedzialny jest przede wszyst-
kim rozsiew z guza pierwotnego, nie z wezléw chlonnych [50]. Oprocz guza pierwot-
nego i ewentualnie zajetych wezléw chlonnych, moga jednak wystepowac réwniez do-
datkowe ogniska raka (méwimy wtedy o nowotworze wieloogniskowym), ktore nie sg
odzwierciedlone w klasyfikacji TNM. Wszystkie te gromadzenia moga stanowi¢ regiony
zainteresowania (Fig. 4.3). Chociaz sama ich liczba nie jest czynnikiem prognostycznym
dla przerzutow odleglych (Fig. 4.3b), postawiono hipoteze, ze uwzglednienie wszystkich

regioné6w w modelowaniu przezycia moze poprawic zdolnos¢ predykcyjna modelu.
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Fig. 4.3: U wiekszosci pacjentéw w badanej kohorcie w obrazie PET ptuc dalo sie¢ zaobserwowac przynaj-
mniej dwa gromadzenia. (a) Czesto$¢ wystepowania poszczegdlnych liczb gromadzen — regionow zain-
teresowania. (b) Warto$¢ predykcyjna liczby ROI dla przewidywania przerzutow.

Podobnie jak w opisanym wczes$niej przypadku klasyfikacji danych z obrazowania
molekularnego [4], z perspektywy modelowania wyzwanie sprowadza sie do heteroge-
nicznej struktury danych, czyli dostepnosci roznej liczby (tu od jednego do dziesigciu)
wektorow cech radiomicznych przypadajacych na pacjenta. Dla rozwazanego problemu
przewidywania ryzyka przerzutéw, nalezy jednak wzia¢ pod uwage pewne dodatkowe

aspekty:.
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1. Inny typ zadania. W odro6znieniu od klasyfikacji, gdzie wynikiem jest przypisanie
obiektu do z goéry znanych grup (klas), modele przezycia wpisujg si¢ w problem
regresji. Wynikiem predykcji jest ciagla liczbowa wartos¢, interpretowana jako

ryzyko wystgpienia analizowanego zdarzenia.

2. Nieréwnowaznos¢ wektoréw cech. W przestrzennych technikach molekularnych,
kazdy pomiar dotyczy pewnego punktu siatki, ktora ,pokryta” jest tkanka. Mozna
zatem przyjac, ze wszystkie wektory cech sg rOwnowazne i nie jest mozliwe upo-
rzadkowanie ich wedlug zadnego logicznego kryterium. Tymczasem dla obrazo-
wania medycznego, jedna z oczywistych cech odrézniajacych wektory cech jest

wielkos¢ (objetos¢) regionu zainteresowania, z jakiego je wyznaczono.

3. Interpretowalnos¢ usrednionego wektora cech. Dla danych transkryptomicznych
czy proteomicznych, wartosci cech mozna interpretowaé jako stezenie RNA lub
biatka. Usrednione wartosci z wielu punktéw zachowujg swoja interpretacje, jako
stezenie dla wigkszej liczby komoérek. W przypadku radiomiki, wyznaczane cechy
sa Scisle powigzane z analizowanym regionem zainteresowania — opisujg miedzy
innymi jego ksztalt czy teksture. Usrednienie wartosci z kilku ROI sprawia, ze

wiele cech radiomicznych traci interpretowalnosc.

Kolejna praca stanowi pewnego rodzaju dowod stusznosci koncepcji, ze mimo powyz-
szych wzgledow, agregacja wektorow cech albo wynikow predykcji moze by¢ rozwia-
zaniem problemu heterogenicznosci struktury danych dla radiomicznych modeli prze-

zycia.

[6] Wilk AM, Kozlowska E, Borys D, D’Amico A, Gorczewska I, Debosz-Suwinska
I, Galecki S, Fujarewicz K, Suwinski R i Swierniak A. Improving the Predictive
Ability of Radiomics-Based Regression Survival Models Through Incorporating
Multiple Regions of Interest. W: Strumillo, P., Klepaczko, A., Strzelecki, M., Bo-
ciaga, D. (eds) The Latest Developments and Challenges in Biomedical Engine-
ering. PCBEE 2023. Lecture Notes in Networks and Systems, vol 746. Springer,
Cham. (2024)

Cel. Wykorzystanie wszystkich dostepnych regionow zainteresowania z obrazowania

PET/CT w modelu przezycia przewidujqgcym ryzyko przerzutow.
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W badaniu wykorzystano kohorte 115 pacjentéw z niedrobnokomoérkowym rakiem
pluca, ktora zostala przeanalizowana w pracy [5]. Tym razem, oprocz guza pierwotnego,
na obrazach PET/CT zostaly przez radiologa okonturowane wszystkie gromadzenia (Fig.
4.4a), ktore nastepnie postuzyly do wyznaczenia cech radiomicznych.

Analogicznie jak w przypadku obrazowania MALDI [4], zaproponowane metody
uwzglednienia w modelu wszystkich wektorow cech opieraja sie na dwoch mozliwych

strategiach (schematycznie przedstawionych na fig. 4.4a).

1. Agregacja ROI. Polega na wyborze lub wygenerowaniu jednego wektora cech,
ktory bedzie reprezentowaé¢ danego pacjenta, czyli sprowadzeniu danych do ho-
mogenicznej struktury zwykle wykorzystywanej w analizie. W wyniku modelo-
wania, dla kazdego pacjenta uzyskujemy jedng warto$¢ ryzyka. Zastosowane w

pracy metody agregacji ROI to:

largestROI — w modelu wykorzystane jest najwieksze ognisko, odpowiada-
jace guzowi pierwotnemu. Jest to podejscie wykorzystywane w wiekszosci

badan radiomicznych poswieconych nowotworom.
+ randomROI — w modelu wykorzystane jest losowe ognisko.

« arithmeticMeanROI — generowany jest reprezentatywny wektor cech, jako

$rednia arytmetyczna wszystkich przypadajacych na danego pacjenta.

« weightedMeanROI — generowany jest reprezentatywny wektor cech, jako
srednia wazona wszystkich przypadajacych na danego pacjenta, gdzie waga

jest objetos¢ odpowiadajacych ROL.

2. Agregacja ryzyka. Model stosowany jest niezaleznie dla wszystkich ROIL, w wy-
niku czego dla pojedynczego pacjenta moze wystepowac kilka wartosci ryzyka.
Nastepnie wyniki te sa agregowane tak, aby uzyska¢ pojedynczg wartosc. Zasto-

sowane metody to:
« allROIMin — pacjentowi przypisywana jest najnizsza z uzyskanych dla jego
ROI wartosci ryzyka.

« allROIMax — pacjentowi przypisywana jest najwyzsza z uzyskanych dla jego
ROI wartosci ryzyka.
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+ allROIMean — pacjentowi przypisywana jest Srednia arytmetyczna z uzyska-

nych dla jego ROI wartosci ryzyka.

Do analizy przezycia wykorzystano regularyzowana regresje Coxa (Coxnet), zawie-
rajaca w sobie rowniez selekcje cech. Aby uzyskaé bardziej miarodajne poréwnanie po-
miedzy metodami, zastosowano kroswalidacje typu Monte Carlo (MCCV, Monte Carlo
Cross-validation), z 1000 losowymi podziatami zbioru pacjentéw na zbidr uczacy i te-
stowy w stosunku 2:1 (w przypadku metod agregacji ryzyka ostatecznie wykorzysty-
wane zbiory zawieraja wszystkie ROI od odpowiednich pacjentow, maja wiec rdzna licz-
nos¢ w poszczegdlnych iteracjach). Jako wskaznik jakosci predykeji przyjeto c-indeks
Harrella, jedna z najczesciej stosowanych miar dopasowania modeli przezycia. Jest to
wspolczynnik zgodnosci opisujacy stosunek liczby ,zgodnych” par obserwacji (czyli ta-
kich, w ktorych obserwacji o wyzszym ryzyku odpowiada krotszy czas do zdarzenia)
do wszystkich mozliwych par. Okreslany jest jako przezyciowy odpowiednik pola pod
krzywg ROC — przyjmuje wartosci od 0 do 1, przy czym 0.5 oznacza model losowy, a 1

oznacza nieomylny model.

Tab. 4.1: Por6wnanie metod przetwarzania wielu ROI w modelu przezycia.

Metoda Typ metody Mediana Min Max

c-indeksow c-indeks c-indeks
largestROI agregacja ROI 0.581 0.206 0.862
randomROI agregacja ROI 0.534 0.217 0.828
arithmeticMeanROI  agregacja ROI 0.557 0.290 0.892
weightedMeanROI  agregacja ROI 0.592 0.206 0.835
allROIMin agregacja ryzyka 0.566 0.193 0.817
allROIMax agregacja ryzyka 0.617 0.349 0.880
allROIMean agregacja ryzyka 0.616 0.369 0.827

Tabela 4.1 przedstawia podsumowanie osiggnietych przez poszczegoédlne metody ja-
kosci predykcji. Dla standardowego podejscia, opartego na uwzglednieniu jedynie guza
pierwotnego, mediana c-indeksow z 1000 iteracji MCCV wyniosta 0.581. Gorsze wy-
niki uzyskano dla metod randomROI, arithmeticMeanROI oraz allROIMin. Nie jest to
zaskakujace, poniewaz w przypadku losowego ROI ryzyko dla pacjenta moglo zostac
oszacowane na przyklad na podstawie bardzo matego gromadzenia, dla ktorego cechy

teksturowe sg mniej informatywne [51, 52]. Dla ROI wygenerowanego przy pomocy
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sredniej arytmetycznej, ROI o r6znych rozmiarach traktowane sg tak samo, co prowadzi
do obnizenia jakosci. Lepiej, przewyzszajac mediang c-indekséw model oparty tylko na
guzie pierwotnym, zadzialala metoda weightedMeanROI, w ktorej wektory cech skalo-
wane byty wzgledem wielkosci ROIL Najwyzsza jakos¢ predykceji uzyskano dla metod
allROIMax oraz allROIMean. Co wigcej, metody te okazaly si¢ by¢ bardziej odporne na

probkowanie, osiggajac wyzsze minimalne c-indeksy.

Whniosek. Roznq liczbe wektorow cech radiomicznych wyznaczonych z gromadzen wy-
krytych w obrazowaniu PET/CT mozna uwzgledni¢ w modelu przezyciowym poprzez za-

stosowanie agregacji ROI lub agregacji ryzyka.

Wktad autorki w cytowang prace. Konceptualizacja, opracowanie i implementacja
metod agregacji; analiza statystyczna, testowanie modeli przezycia, wizualizacja, przygo-

towanie manuskryptu.
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Fig. 4.4: ,Multi-lesion radiomics” — uwzglednienie réznej liczby regionéw zainteresowania w modelach
przezycia przez zastosowanie odpowiednich metod agregacji. (a) Glowna idea. (b) Wyniki 1000-krotnej
kroswalidacji dla zbioru PET — mediany c-indekséw dla poszczegdlnych schematéow (c) Wyniki 1000-
krotnej kroswalidacji dla zbioru PET_CT — mediany c-indeksow dla poszczegdlnych schematéw. Nieza-
leznie od zbioru i modelu, jakos¢ osiaggang dla jednego ROI odpowiadajacego guzowi pierwotnemu da sie
poprawi¢ wykorzystujac wszystkie gromadzenia.

Uzyskane wyniki byly na tyle obiecujace, ze postanowiono rozszerzy¢ wykonane
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badanie, sprawdzajac, czy podobna tendencja utrzyma si¢ dla innych modeli przezycia.
Zastanawiajaca byla takze najwyzsza jakos¢ predykcji osiggnieta przez metoda allRO-
IMax oraz niska jakos¢ dla metody allROIMin. W przypadku pacjentéw o wiekszej niz
jeden liczbie gromadzen naturalne jest, ze wynikiem predykcji bedg zaréwno wyzsze jak
i nizsze wartosci ryzyka. Przypisanie takim pacjentom najwyzszej z uzyskiwanych war-
tosci ryzyka okazalo si¢ najskuteczniejsza strategia, mimo, ze sama liczba ROI nie jest
predyktorem ryzyka przerzutéw (Fig. 4.3b). Postawiono zatem hipoteze, ze nie liczba,
a zréznicowanie pomiedzy ROI, moze by¢ zwigzane z wyzszym ryzykiem przerzutow

odlegtych.

[7] Wilk AM, Swierniak A, d’Amico A, Suwinski R, Fujarewicz K i Borys D. To-
wards the use of multiple ROIs for radiomics-based survival modelling: finding
a strategy of aggregating lesions. Preprint arXiv: 2405.17668 [stat.AP]. (2024)

Praca w recenzji w czasopismie Computers in Biology and Medicine

Cel. Ocena heterogenicznosci pomiedzy ROIL rozwoj metod uwzglednienia wielu ognisk
nowotworu w modelach przezyciowych, sprawdzenie, czy agregacja poprawia jakosc pre-
dykcji dla roznych modeli i parametrow ekstrakcji cech radiomicznych oraz porownanie z

metodami opisanymi w literaturze.

Badania ponownie przeprowadzono na opisanym wyzej zbiorze danych dla pacjen-
tow NSCLC. Przetestowano natomiast dwa zbiory cech radiomicznych (dla obu prze-
prowadzono standaryzacje obrazow PET wzgledem znormalizowanej wartosci absorp-
cji uwzgledniajacej mase ciata SUVbw) — w oryginalnej rozdzielczosci PET (zbior PET)
oraz w rozdzielczosci interpolowanej do CT przy pomocy metody najblizszych sasiadow
(zbior PET_CT).

Ocena heterogenicznos$ci pomiedzy ROI wymagala zdefiniowania liczbowych indek-
sOw zréznicowania. Jako ze cechy radiomiczne moga przyjmowac ujemne wartosci, nie-
mozliwe bylo zastosowanie indeks6w opartych na entropii, skupiono si¢ zatem na réz-

nych miarach odleglosci:

1. odleglos¢ Canberra,
2. odlegtos¢ euklidesowa,

3. odlegtos¢ Minkowskiego,
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4. odleglos¢ Kendalla (oparta na wspotczynniku korelacji Kendalla),

5. odleglos¢ Spearmana (oparta na wspotczynniku korelacji Spearmana; ze wzgledu
na znaczne roznice rzedéw wielkosci miedzy cechami wspolczynnik korelacji Pe-

arsona okazal sie niepraktyczny).

Dla kazdego pacjenta przyjeto, ze indeks heterogenicznosci ma wartos¢ zero jezeli do-
stepny jest tylko jeden wektor cech (czyli jedno ROI), oraz wartos¢ odpowiadajaca sred-
niej odlegtosci dla kazdej unikalnej pary ROI w przeciwnym przypadku. Dla analogii
wzgledem testu dla liczby ROI (Fig. 4.3b) ponownie podzielono zbiér pacjentow na trzy
podgrupy (wedtug tercyli wartosci indeksoéw) i poréwnano przy pomocy testu log-rank.
Dla zbioru PET grupy wydzielone na przyklad na podstawie odleglosci euklidesowej
r6znily sie istotnie MFS (p=0.026).

Jednym z celéow pracy [7] bylo poréwnanie zaproponowanych metod z istniejacymi.
Szczegolowe przeszukanie literatury pokazalo jednak, ze jakkolwiek idea ,multi-region
radiomics” jest znana i zyskuje coraz wieksza popularnosc, jej rozumienie jest przewaz-
nie inne niz w opisywanym badaniu. Polega bowiem na wykorzystaniu cech radiomicz-
nych wyekstrahowanych z wielu regionéw, ktore sa jednak analogiczne dla kazdego
pacjenta i stanowig raczej modyfikacje definicji ROI (przyktadowo guz i obszar okotogu-
zowy, lub wydzielone podobszary guza) niz odrebne ogniska. Rozumiane w ten sposob
dodatkowe obszary nie generuja zatem nowych wektoréw cech, a jedynie zwiekszaja
liczbe cech dostepnych dla kazdego pacjenta. W jedynej znalezionej pracy dotyczacej
integracji radiomiki dla wielu niezaleznych obszaréw, Zhao i wspoétautorzy [53] wpro-
wadzili metode ,meta histogramu”. Szeregujac wartosci cechy radiomicznej w kolejnosci
od najwiekszego do najmniejszego ROL tworzony jest ,meta histogram”, dla ktérego na-
stepnie wyznaczane sa Srednia, wariancja, skosnos¢, kurtoza, energia, entropia i suma,
ktore wprowadzane sa jako cechy do modelu. Metoda ta zostala przez autoréw wyko-
rzystana w problemie klasyfikacji dla pacjentow z gruczolakorakiem ptuc, u ktorych
wystepowaly co najmniej dwa ogniska przerzutowe.

Ostatecznie, oprocz metod agregacji opisanych w pracy [6], uwzgledniono takze me-

tody:

« largestROIdiversitylndex — agregacja ROI, w ktorej do wektora cech wyznaczo-
nych dla guza pierwotnego konkatenowane sa opisane wyzej indeksy heteroge-

nicznosci,
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« randomROIdiversitylndex — analogicznie jak w poprzedniej metodzie, indeksy he-

terogenicznosci dodawane sa jednak do cech wyekstrahowanych z losowego ROI,

 MetaHistogram — metoda opisana w pracy [53], ktora rowniez mozna zaklasyfi-

kowa¢ jako agregacje ROI,

« allROIWeightedMean — agregacja ryzyka, w ktorej pacjentowi przypisywana jest
srednia wazona ryzyka dla wszystkich jego ROI, gdzie wagg jest objetos¢ ROL

Podobnie jak wczesniej, zastosowano kroswalidacje Monte Carlo z 1000 iteracji, po-

rownujac tacznie osiem modeli przezycia:

« CoxStepAIC — regresja Coxa z selekcja krokowa na podstawie kryterium infor-
macyjnego Akaike (AIC, Akaike Information Criterion), czyli metoda najczesciej

stosowana w literaturze medycznej,
« Coxnet — regularyzowana regresja Coxa,
« Weibull — boosting oparty na modelu Weibulla,
+ Loglog — boosting oparty na modelu log-log,
« Lognormal — boosting oparty na modelu log-normal,
« randomForest — losowy las przezyciowy,

« SVMregression — przezyciowa wersja maszyny wektorow wspierajacych z mode-

lem regresji i addytywna funkcja jadra,

« SVMvanbellel — przezyciowa wersja maszyny wektorow wspierajacych z mode-

lem van Belle i addytywna funkcja jadra.

Wyniki kroswalidacji (mediany c-indeksow) przedstawione sg na Fig. 4.4b dla zbioru PET
oraz Fig. 4.4c dla zbioru PET_CT. Jakos¢ predykecji rozni sie w zaleznosci od zbioru, czyli
od metody ekstrakcji cech radiomicznych, oraz od modelu. Mimo to, stosujac metody
agregacji pozwalajace na uwzglednienie informacji o wszystkich obecnych w obrazo-
waniu gromadzeniach, za kazdym razem mozliwe jest uzyskanie jakosci wyzszej niz dla

metody largestROI w obrebie tego samego zbioru i modelu.
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Whiosek. Zastosowanie agregacji ROI lub agregacji ryzyka pozwala na osiggniecie

wyzszej jakosci predykcji niz w modelu opartym jedynie na guzie pierwotnym.

Wktad autorki w cytowang prace. Konceptualizacja — okreslenie problemu badaw-
czego, przeglqd istniejgcych rozwiqzan, zaprojektowanie badania; Metodologia — opraco-
wanie i implementacja metod agregacji; analiza statystyczna, testowanie modeli przezycia,

wizualizacja, przygotowanie manuskryptu.
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Rozdzial 5

Podsumowanie

Heterogeniczno$¢ jest nieodigcznym aspektem danych biomedycznych. Wymusza
ona nieustanne poszukiwanie kompromisu pomiedzy uogélnieniem zapewniajacym wyz-
sza moc wnioskowania statystycznego, a jak najdokladniejszym uchwyceniem niuan-
sOW 1 roznic, tak istotnych miedzy innymi dla personalizacji terapii. Stanowi z jednej
strony wyzwanie dla mozliwosci analizy, z drugiej motor napedowy rozwoju technolo-
gii i klucz do pelnego zrozumienia zjawisk i proceséw biologicznych.

W niniejszej rozprawie, stanowiacej cykl siedmiu artykulow, przedstawiono bada-
nia, stanowigce oryginalny wklad autorki w dziedzine inzynierii biomedycznej, ktore

pozwolity na realizacje nastepujacych celow:

1. Opis heterogenicznosci wystepujacej na poziomie komérkowym [1], tkankowym
[2] oraz populacyjnym [3], dla obiektow scharakteryzowanych przez roézne typy

danych, w tym genomiczne, transkryptomiczne, metabolomiczne czy obrazowe

[5].

2. Opracowanie algorytmu indywidualizowanej estymacji parametréw modelu [3],
pozwalajacego na uzyskanie nizszych bledow predykcji niz dla niezaleznej lub

wspolnej estymacji.

3. Przedstawienie problematyki strukturalnej heterogenicznosci danych, w szczegol-
nosci sytuacji, w ktorej liczba dostepnych wektoréow cech rozni sie dla poszczegol-
nych obiektow, na przyklad w przestrzennych badaniach molekularnych [4] oraz

w obrazowaniu medycznym regionalnie zaawansowanego nowotworu [6, 7].

37
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4. Zaproponowanie metod agregacji wektoréw cech lub wynikéw modelu, znajduja-
cych zastosowanie zar6wno dla modeli klasyfikacyjnych [4] jak i przezyciowych
6, 7].

Opracowane algorytmy uczenia maszynowego moga by¢ stosowane dla réznych ty-
pow danych. Nie ograniczaja sie takze do konkretnego problemu biologicznego czy mo-
delu, dzigki czemu posiadaja szeroki potencjat zastosowania w badaniach, w ktorych

wazne jest uwzglednienie heterogenicznosci, migdzy innymi:
« w badaniach epidemiologicznych,
« dla kohort pacjentow onkologicznych (lub w innych jednostkach chorobowych)

« w technikach molekularnych, generujacych informacje dla pojedynczych komo-

rek lub punktow w przestrzeni.

Zaprezentowane wyniki badan potwierdzaja stusznos¢ postawionych w rozprawie
tez.

Indywidualizacja modeli dla kohorty obiektow pozwala zmniejszy¢ ryzyko
zlego uwarunkowania numerycznego zadania estymacji parametréow. W modelu
pandemii COVID-19 uwzgledniajacym wptyw interwencji niefarmakologicznych na szyb-
kosé rozprzestrzeniania si¢ wirusa, silnie skorelowane poziomy obostrzen prowadzily do
trudnosci w estymacji odpowiadajacych im parametrow dla pojedynczego kraju. Mimo,
ze problem nieestymowalnosci da sie¢ w tym przypadku rozwigza¢ konstruujac wspolny
model dla kohorty europejskich krajow, uogoélnienie prowadzi do wysokich wartosci
btedow dla czesci krajow. Zastosowanie indywidualizowanych modeli pozwolilo na po-
prawe uwarunkowania numerycznego, jednoczesnie umozliwiajac lepsze dopasowanie
do danych niz wspolny model.

Zastosowanie agregacji w przypadku roznej liczby wektorow cech dla po-
szczegolnych obiektow skutkuje poprawa jakosci predykcji modelu wzgledem
wykorzystania tylko jednego wektora na obiekt. W klasyfikatorze podtypu tkanki
tarczycy wykorzystujacym dane z obrazowania proteomicznego, agregacja predykcji dla
pojedynczych widm pozwolila na uzyskanie jakosci klasyfikacji znacznie wyzszej, niz
wykorzystanie w predykcji jedynie usrednionego widma. Rowniez dla modeli przezy-

ciowych przewidujacych ryzyko przerzutu odleglego w niedrobnokomoérkowym raku
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ptuc, wykorzystujac w modelu wszystkie dostepne gromadzenia uzyskano istotng po-
prawe jakosci predykcji wzgledem takich samych modeli zbudowanych tylko na pod-
stawie guza pierwotnego.

Stosujac zaproponowane strategie, czy to indywidualizacji estymacji parametrow,
czy agregacji wynikow modelowania, uzyskano znacznie lepsze wyniki w poréwnaniu
z podejsciem opartym na maksymalnej generalizacji i usrednieniu. Mozna wiec uznad,
ze heterogenicznos$¢ nie jest wrogiem, a raczej sprzymierzencem w analizie danych bio-

medycznych.
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Rozdzial 6

Introduction

Humanity. Hundreds of societies, living in different environments, organized in dif-
ferent ways. Eight billion people, of different ages, different states of health, different
lifestyles. In each person, dozens of tissues, tens of trillions of cells — own and bacterial;
in each of them thousands of different metabolites, proteins, transcripts. And in each
cell, DNA, composed of billions of base pairs, which can undergo mutations and mo-
difications. Emerging at every possible level, heterogeneity is inherent in life and the

subject of much research in the biomedical field.

Heterogeneity has important clinical implications, especially in cancer [8, 9, 10, 11].
Since no two patients are the same, also every cancer is different. Moreover, the presence
of heterogeneous and constantly evolving cell populations (both cancer cells and cells
forming the tumour microenvironment) determines the rate of disease progression, pro-
pensity to metastasize, and even sensitivity or resistance to therapy. New molecular and
imaging capabilities, combined with translational research being conducted worldwide,
are leading to the identification of increasingly narrowed cancer subtypes, as can be seen,
for example, in breast cancer [12, 13, 14]. Simultaneously, the trend in the therapeutic
approach is changing, moving towards personalized medicine, in which genetic, epige-
netic, transcriptomic or proteomic characteristics allow for the selection of treatment

with the highest effectiveness and the least possible adverse effects [15, 16, 17, 18].

The diversity of cells, tissues or patients themselves is not the only source of hete-
rogeneity in biomedical data. Studies use data from multiple modalities, such as clinical,

molecular or imaging, characterized by varying structure, dimensionality or type. [19,
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20]. Analysing multi-modal data requires the use of integration and fusion methods, with
the added challenge that assays for each modality are often performed on different sam-
ples. Also contributing to the heterogeneity of medical data used in machine learning
is the fact that they come from different sources, such as several hospitals [21, 22, 23].
If data for a cohort of patients are collected over many years, variability may also stem
from evolving diagnostic tools or therapeutic guidelines.

Both the heterogeneity of the studied objects and the data that describe them give rise
to the need for dedicated methods in their modelling. This dissertation comprises a series
of seven scientific articles, illustrating the author’s own experience with the analysis
of heterogeneous biomedical data. The first part outlines examples of heterogeneity at
different levels, from the cellular level to the populations of countries, and the challenges
that arise in analysing heterogeneous data of different modalities. The second part of the
dissertation is dedicated to modelling heterogeneous data, especially when the analysed

entities are described by a different number of feature vectors.
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Aims and theses of the work

The aims of this work are to:

1. Describe the heterogeneity occurring at different levels in biomedical data.

2. Develop algorithms to analyze and model heterogeneous populations and cohorts.
3. Present the problem of structural data heterogeneity.

4. Propose aggregation methods that enable the use of information from a different

number of feature vectors corresponding to the different objects being modelled.
In the dissertation the following theses are presented:

1. Individualizing models for a cohort of entities reduces the risk of poor numerical

conditioning of the parameter estimation task.

2. The use of aggregation in the case of a different number of feature vectors for each
entity results in improved model prediction quality relative to the use of only one

vector per object.
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Rozdzial 8
Heterogeneity on different levels

Whether we are performing epidemiological studies, cohort studies, tissue or even
cell analysis, in biomedicine we will almost always be dealing with heterogeneous popu-
lations. These may be populations of people who differ in health status, socioeconomic
background or environmental factors; they may be populations of different species of
bacteria that make up the microbiota; they may be populations of different cell types in
tissues. Even if we analyze cells of a single cell line, within a culture we will observe cells
with different molecular profiles resulting, for example, from desynchronization in the
cell cycle phase [24, 25, 26]. Although such a state reflects the heterogeneity found in
the human body, it can obscure changes associated with the biological effect of interest

during analysis.

8.1 Cellular level

[1] Zarczynska I, Gorska-Arcisz M, Cortez AJ, Kujawa KA, Wilk AM, Sklada-
nowski AC, Stanczak A, Skupinska M, Wieczorek M, Lisowska KM, Sadej R, Ki-
towska K. p38 Mediates Resistance to FGFR Inhibition in Non-Small Cell Lung
Cancer. Cells. Nov 30;10(12):3363. (2021)

Aim. Identification of molecular characteristics of acquired FGFR inhibitor resistance

in non-small cell lung cancer cell lines.

Fibroblast growth factor receptor (FGFR) inhibition is a promising therapeutic direc-
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tion in lung cancer [27, 28]. Before they are approved for use in the clinic, new drugs
undergo a series of clinical trials and preclinical studies, for example on cell lines. In
the case of targeted therapies, it is extremely important to determine which group of
patients has the best chance of responding to treatment — FGFR amplification status
alone is not a perfect criterion. In the paper, [1] cell lines were used to study acquired
resistance to the CPL304110 inhibitor in non-small cell lung cancer (NSCLC).

From a panel of NSCLC cell lines exhibiting amplification of the FGFR1 gene, two
were selected that proved most sensitive to the inhibitor: NCI-H1581 and NCI-H1703.
Using increasing concentrations of CPL304110, resistant variants of the lines were deri-
ved, and both the sensitive and resistant variants were then subjected to molecular te-
sting: aCGH (Array Comparative Genomic Hybridization, a microarray-based technique
for determining gene copy number variation) and RNAseq (RNA sequencing, a high-

throughput technique that allows for transcript level quantification).
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Fig. 8.1: Heterogeneity observed in non-small cell lung cancer cell lines. (a) Gene copy number variation
for sensitive (,wild-type”) variants of the NCI-H1581 and NCI-H1703 lines. (b) Analysis of differences be-
tween sensitive and resistant variants separately for each line. (c) Result of RNAseq analysis - differentially
expressed genes for both lines with the same direction of change.
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As in many cell line studies, sample size is a significant issue [29, 30], in particular,
the distinction between biological and technical replicates. Since cells from a particular
line, even from several different cell banks, were originally derived from a single patient,
it is recommended that the results obtained be verified for more than one appropriately
selected line. However, particularly in the case of cancer lines, where the mutational
burden is usually high, even for lines representing the same tumour subtype, significant
differences can be observed (Fig. 8.1a). Also for the transcriptome analysis, principal
component analysis (PCA) showed that even despite the resistance-related variability,
more than 70% of the variance corresponds to the direction separating the two different

cell lines.

For such a small sample, joint differential analysis between sensitive and resistant va-
riants for both cell lines led to results of low biological significance — for most genes, a
significant difference for one of the lines was sufficient to achieve statistical significance
despite the absence of differences in the other. Finally, it was decided to analyze each
cell line independently (Fig. 8.1b). However, after determining the differentiation genes
in both comparisons, we found that the results were still difficult to interpret, because
even though the strength of the change was sufficient, the direction of the change could
vary. Using a filter requiring equal direction of change for differentially expressed genes
(Fig. 8.1c) combined with functional analysis and the compilation of genomic and trans-
criptomic data, allowed the identification of the p38 pathway as a potential mediator of

resistance to FGFR inhibition.

Conclusion. Because for small samples, the variability associated with differences be-
tween cell types can obscure the biological effect, it is sometimes advantageous to analyze
individual subgroups independently and look for common elements using appropriate fil-

ters.

Author’s contribution to the cited work. Bioinformatics analysis of copy number
variation - extraction of genomic features from raw data for aCGH array, preprocessing
(normalization, GC and cy3/cy5 correction, centering), gene copy number estimation, diffe-
rential analysis; Bioinformatics analysis of RNAseq data - preprocessing (quality analysis,
adapter removal, mapping and annotation, construction of count matrix), normalization,

differential expression analysis; unsupervised analysis and visualization of data from high-
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throughput experiments; analysis of signaling pathways - GSEA.

8.2 Tissue level and differences between patients

One of the reasons why cancers are often detected at a late stage is the lack of reliable,
universal diagnostic markers. As cancer cells are characterized by specific metabolic

activity, metabolomics is being considered as one potential source of biomarkers [31].

[2] Mrowiec K, Debik J, Jelonek K, Kurczyk A, Ponge L, Wilk A, Krzempek M,
Giskeodegard GF, Bathen TF, Widlak P. Profiling of serum metabolome of bre-
ast cancer: multi-cancer features discriminate between healthy women and pa-
tients with breast cancer. Front. Oncol. 14:1377373. (2024)

Aim. Metabolomic characterization of breast cancer, identification of a signature com-

mon to different cancers, construction of a metabolomic classifier.

In this study, metabolomic profiles were analysed for the plasma of healthy donors, as
well as patients with breast, lung, colorectal and head and neck cancers. On the basis of
statistical analysis, metabolites distinguishing healthy controls from each type of cancer
were selected (due to changes in the metabolomic profile with age, subgroups matching
the age structure of other cancers were selected for controls and breast cancer patients).
The common ,multi-cancer signature” included 6 amino acids (Ala, Asp, Glu, His, Phe,
Leu+Ile), 2 diglycerides, 2 triglycerides, and 13 lysophosphatidylcholines (as well as the
total level of lysophosphatidylcholines).

Then, using the determined signature, a classifier was constructed to distinguish be-
tween healthy controls and breast cancer patients. After testing various models and hy-
perparameter values, a support vector machine (SVM) with a radial kernel function was
decided upon. The quality of the classifier was estimated by a 500-fold Monte Carlo cross-
validation procedure performed on a set of samples that were not used for multi-cancer
signature selection. To test whether the classifier would also work for other European
populations, the model trained on a set of Polish patients was tested on a set of Norwe-
gian patients. The resulting classifier had very high predictive ability, reaching median
sensitivity=0.97, specificity=0.92 and AUC=0.98 in validation.
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Conclusion. Despite the differences between cancer types, it is possible to select a com-
mon signature for which it is possible to classify with high accuracy Polish and Norwegian

breast cancer patients.

Author’s contribution to the cited work. Training and validating machine learning
models, investigating the impact of hyperparameters, developing a model testing scheme to

test generalizability for different cohorts, contributing to the preparation of the manuscript.

8.3 Population level — individualized models

Although an independent analysis of subgroups, such as cell lines in the work of [1]
or cancer types in [Metabolomics], may seem tempting because it allows for individu-
ality in heterogeneous cohorts, it is not always feasible. The reason may be, for example,

the non-estimability of the parameters, which requires an alternative approach.

[3] Wilk AM, Lakomiec K, Psiuk-Maksymowicz K, Fujarewicz K. Impact of go-
vernment policies on the COVID-19 pandemic unraveled by mathematical mo-
delling. Scientific Reports 12, 16987 (2022)

Aim. Assessing the impact of non-pharmaceutical government interventions on the
spread of the COVID-19 pandemic.

In the first phase of the COVID-19 pandemic, prior to the introduction of vaccina-
tion, the only method of combating the spread of the SARS-CoV-2 virus was through
non-pharmaceutical interventions, including restrictions such as school closures or can-
cellation of public events, economic measures, and measures related to the health system
[32]. Many studies have been devoted to estimating the effectiveness of individual in-
terventions, but a primary obstacle was that they were usually introduced in packages,

making some highly correlated [33].
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Fig. 8.2: Predicting the spread of the COVID-19 pandemic in European countries using individualized mo-
dels. (a) Three parameter estimation approaches used: A — independent, B — common, C — individualized
(b) Indistinguishable policy functions in Poland (c) The same restrictions with all countries analyzed. (d)
Prediction results for the test time period for Poland. Blue points are daily infections, green line is the
7-day moving average of the number of infections, yellow, red and purple lines are the predictions for the
independent, common and individualized model, respectively.

Consider the SEIR model, one of the most popular compartmental epidemiological

models, in which the population is divided into four compartments:
« Susceptible,

« Exposed,
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« Infected,
» Removed.
The model for country £ can be described with equations [34]:

Sk(t) — _Bk(t)ikl'c(t)lk(t)

Ek(t) _ Be®)Sk(O)Ix(t) _ kprEy(t)

Ny
o k=1,...K (8.1)
Ii(t) = kprEp(t) — kigl(t)
Ri(t) = krpli(t)
with initial conditions S(0) = Ny — Iy, Ex(0) = 0, Ix(0) = Iy, Ri(0) = 0. The

population size N; was assumed constant.
Parameter [3(¢) determines the rate of spread of a pandemic. We can assume that
its value depends on a certain baseline value b, stringency of the policies 0; and the

effectiveness of these policies a;:

B(t) = b(1 — aj01(t) — ag0q(t) — - - - — a,0.(t)), (8.2)

In order to preserve country characteristics, it would be natural to estimate parame-
ters for each country independently. In the case of overlapping restriction functions, for

example o, = 0; = 0;; (see Fig. 8.2b),

B(t) =b(1 —aro1(t) — - — a;0i(t) — ajo;(t) — -+ — ay0.(t)),
B(t) =b(1 —aro1(t) — - -+ — a;0i5(t) — ajoy(t) — - — ar0.(1)),
B(t) =b(1 —aro1(t) — - -+ — oy5(t)(ai + aj) — -~ — ar0.()),

Parameters a; and a; are then non-estimable, since a change in the value of one
of them can be freely compensated by the value of the other. A possible solution is to

estimate the parameters jointly for the entire cohort of countries (Fig. 8.2c). While this
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mitigates the problem of non-estimability, the individual character of each object is also
lost.

A compromise solution, the individualized model, was proposed, consisting in esti-
mating part of the parameters together for all countries (in this example, it was assumed
that the common parameters are the effectiveness of the restrictions a;), and part inde-
pendently (here: the base coefficient b). Such an approach makes it possible to reduce
the number of parameters to be estimated, preserve some reflection of the heterogeneity
of the cohort objects and reduce the risk of inappropriate numerical conditioning of the
estimation problem. The three approaches to parameter estimation are shown schema-
tically in Fig. 8.2a.

First, beta,, was determined for each country based on the infection values reported
by government agencies. Then, the parameters a; and b were estimated using the nonli-
near least squares (NLLSQ) method. Parameter estimation was performed on a training
period covering the time from the beginning of the pandemic to the end of November
2020, while the following two months (from the beginning of December 2020 to the end
of January 2021, when vaccination was introduced) were treated as a test period. The
normalized root mean square error (NRMSE) was used as a measure of the goodness
of fit. For Poland (Fig. 8.2d), the common and individualized models produced similar
results, close to the observed pattern. The independent model, on the other hand, had a

significant error.

Tab. 8.1: Effectiveness of strategies for estimating SEIR model parameters (for kg = 0.2605 and k;p =
0.1020). The mean and standard deviation (SD) for the NRMSE and the number of countries where the
model was the best are shown (in the case of the same NRMSE value for two models, both are counted).

Summary of prediction quality

Common mo- | Independent Individualized
del models models

Mean NRMSE 2.374 4.920 1.682

SD NRMSE 4414 5.906 2.222

Best model 17 10 17

For the entire cohort of countries, the common and individualized models show high
prediction quality, with the individualized model having an advantage in terms of mean

error and error distribution (Table 8.1). Although the use of a common model also over-
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came numerical problems, its limited ability to fit to the data for a heterogeneous cohort
resulted in very high error values for some countries (as reflected by the standard devia-
tion of the NRMSE). In addition, for independent models, the values of the estimated pa-
rameters often reached unrealistic levels. For example, the intervention ,School closing”
had a coefficient of 0.225 for the common model, 0.149 for the individualized models, and
between -0.443 and 0.718 for the independent models. Taking into account the assumed
function of the transmission of the virus depending on the restrictions (equation 8.2),
this would mean that in some countries, school closures accelerated the spread of the
pandemic. The goodness of fit for the independent models could have been improved
by using constraints on the values of the parameters, but one of the assumptions in the

work was to not require any knowledge a priori with regard to the parameters.

Conclusion. Using an individualized approach to estimating model parameters for a
cohort of objects makes it possible to reduce the risk of poor numerical conditioning without

completely losing the individual character of the objects.

Author’s contribution to the cited work. Preparation of the dataset - acquisition
from external databases (incidence, restrictions, populations), filtering out countries with
missing data, converting to a format suitable for further analysis; estimation of the impact of
policies - implementation of the common, independent and individualized model; validation
of the models on the test period - estimation of the number of infections from the SEIR model,

evaluation of the error; visualization of the results; preparation of the manuscript.

In all the cases discussed so far, the problem amounted to analyzing and modelling
heterogeneous objects and detecting general patterns without completely losing their in-
dividual character. Despite the differences between the objects occurring at many levels,
analogous data were available for them each time — copy number variation, expression
levels, metabolomic profile or vector of policy stringencies. The issue of heterogeneity,
however, can apply not only to the objects themselves, but also to the data that describe

them.
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Structural heterogeneity

By default, the input data for predictive models have the same structure for each ob-
ject under analysis. In simple terms, an objective function is determined based on the
feature vector, and its value determines the prediction, which can be, for example, a cate-
gory assignment in case of classification or a continuous value for regression. However,
it may be possible to obtain more than one feature vector for certain objects, the number
of which is not fixed (see Fig 9.1). The result is heterogeneous data, the use of which in

the model is non-trivial.

9.1 ,Single-pixel approach” — classification based on

spatial proteomics

One of the fields in which the described type of structural heterogeneity is becoming
increasingly common is molecular biology. Modern technology developments make it
possible to obtain proteomic, metabolomic or transcriptomic data for single cells [35, 36,
25, 37], or a grid of points in spatial assays [38, 39]. Thus, depending on the technology,

for each sample, we obtain from tens to even thousands of feature vectors. The article

[4] Kurczyk A., Gawin M., Chekan M., Wilk A., Lakomiec K., Mrukwa G., Frat-
czak K., Polanska J., Fujarewicz K., Pietrowska M. and Widlak, P. Classification
of Thyroid Tumors Based on Mass Spectrometry Imaging of Tissue Microarrays;

a Single-Pixel Approach. International journal of molecular sciences, 21(17),

55
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A
Feature vector 1 J— —-{ Prediction 1 J
Feature vector 2 l— —4{ Prediction 2 |
Feature vector 3 l— —{ Prediction 3 |
B Feature vector 1.1
Entity 1 —«{ Prediction 1 I
Feature vector 1.2
Feature vector 2.1 Prediction 2
Feature vector 3.1
Feature vector 3.2

Fig. 9.1: An example of structural heterogeneity in the data. A. Each object corresponds to one feature
vector, so standard models can be used. B. Analogous feature vectors are available for each object, but the
number of vectors varies. Modelling requires additional steps.

6289, (2022)
describes how to use this type of data to classify thyroid tissue specimen.

Aim. Classification of thyroid cancer subtypes based on structurally heterogeneous

mass spectrometry imaging data.

Thyroid cancer is the most common endocrine neoplasm — more than 800,000 ca-
ses were diagnosed worldwide in 2022 [40], while in Poland there are about 4,700 cases
per year (data as of 2023) [41]. The prognosis is very favorable for most patients (espe-
cially those representing the differentiated subtype), but worse for poorly differentiated
subtypes[42, 43]. Subtype diagnosis is usually based on the analysis of histopathologic
specimens, so it can be subjective and largely depends on the experience and current
disposition of the pathologist, as well as the quality of preparation of the sample and its
nature. The diagnostic process could be improved by identifying molecular biomarkers
specific to each subtype.

The study analyzed tissue matrices containing a total of 375 tissue cores from 134
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patients diagnosed in the Maria Sktodowska-Curie National Research Institute of Onco-

logy, Gliwice Branch (NIO). They represented seven types of tissue:

« NT (normal thyroid) — healthy thyroid tissue

« FA (follicular adenoma) — non-malignant thyroid nodule,

« MTC (ang. medullary thyroid cancer) — rare, poorly differentiated thyroid cancer

with average prognosis,

o ATC (anaplastic thyroid carcinoma) — rare, poorly differentiated thyroid cancer

with poor prognosis,

« FTC (follicular thyroid carcinoma) — common, differentiated thyroid cancer with

excellent prognosis,

« PTC-CV (papillary thyroid carcinoma classic variant) — a subtype of papillary thy-

roid cancer, common, differentiated thyroid cancer with excellent prognosis,

« PTC-FV (papillary thyroid carcinoma follicular variant).

The specimens were subjected to mass spectrometry (MS) imaging using the MALDI-
MSI technique, which yielded an average of 360 MS spectra per slice.

Based on the validation of different types of models, a support vector machine (SVM)
with a linear kernel function was chosen to discriminate between spectra. To achieve
multi-class classification, the problem was converted to a 1vs1 task. A binary model (21
classifiers in total) was trained for each pair of classes. If the decision was ,unanimous”
that is, a certain class received a total of six votes (in all models comparing it with the
other classes), it was assigned to the spectrum; otherwise, the spectrum was classified
as ,non-diagnostic”. This solution was adopted after consultation with a pathologist, for
whom the information that a sample is difficult to classify is preferable to an incorrect

or uncertain diagnosis.
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Fig. 9.2: Application of aggregation for classification of proteomic imaging data. (a) Simplified flowchart.
(b) Confusion matrix for the mean spectrum approach — expert classes in rows, predicted classes in co-
lumns. (c) Confusion matrix for the ,single-pixel” approach — expert classes in rows, predicted classes
in columns. The ,single-pixel” approach using individual spectra achieves higher classification accuracy
compared to averaged spectra.

Since standard machine learning models use a single feature vector per observation,
classification of the entire tissue core requires the use of aggregation. Two strategies
were tested (Fig. 9.2a):
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1. Mean spectrum — a representative spectrum is generated for a slice as the arith-
metic average of all spectra. This is a solution that simplifies the implementation
of the classifier; however, it results in the loss of most of the measurements and

information about the heterogeneity of the tissue.

2. ,Single-pixel” — a strategy in which the model is built using all the available spec-
tra in the training set. When classifying a new tissue core, each of the several hun-
dred of its spectra is assigned to a class, and the final result is decided by a ,,vote”

in which the majority class is assigned (even if it is a ,non-diagnostic” class).

The predictive ability of the models varies by class (Fig. 9.2b and 9.2c). Relatively
good performance is achieved between normal thyroid tissue and neoplastic tissue (both
benign and malignant), while significant errors are observed for subtypes of papillary
carcinoma and between adenoma and follicular carcinoma. Regardless of class, however,
it can be observed that the ,single-pixel” approach achieves higher quality than the mean
spectrum approach - the classification accuracy for these strategies is 0.67 and 0.52,

respectively.

Conclusion. Prediction based on aggregated classification results for all available me-
asurements achieves higher accuracy than prediction based on the classification result of a

representative averaged measurement.

Author’s contribution to the cited work. Unsupervised analysis of the dataset (PCA),
development and implementation of mean spectrum and ,single-pixel” strategies, imple-
mentation of a voting system for a multi-class model, design of a validation scheme that

takes into account the relationships between samples, visualization.

9.2 ,Multi-lesion radiomics” —aggregation in radiomics-

based survival models

Another (besides the properties of the specimen used for measurement) possible re-
ason for the availability of a different number of feature vectors describing the various

objects being modeled is the varying state of the objects themselves, such as cancer pa-



60 Rozdziat 9. Structural heterogeneity

tients. The next three papers in this series describe subsequent steps in developing a

methodology to use structurally heterogeneous data in survival modelling.

[5] Wilk AM, Kozlowska E, Borys D, D’Amico A, Fujarewicz K, Gorczewska I,
Debosz-Suwinska I, Suwinski R, Smieja J, Swierniak A. Radiomic signature ac-
curately predicts the risk of metastatic dissemination in late-stage non-small
cell lung cancer. Translational Lung Cancer Research 12(7):1372-1383. (2023)

Aim. Predicting the risk of distant metastasis for patients with non-small cell lung can-

cer based on clinical and radiomic data.

Lung cancer is the second most common cancer (after breast cancer) in the world, but
ranks unquestionably first in terms of mortality and accounts for about 20% of cancer-
related deaths worldwide [40]. The five-year survival rate for lung cancer is less than
20%, which can be largely attributed to the typically late diagnosis due to nonspecific
symptoms in the early stages of the disease, as well as the significant invasiveness [44].
The pivotal moment for therapeutic options is the occurrence of distant metastases, as
reflected, among other things, in the recommendations of the European Society for Me-
dical Oncology (ESMO), which are divided into non-metastatic and metastatic cancer
[45, 46)].

In current practice, metastases are detected by regular follow-up using imaging. This
approach has some drawbacks, related to, among other things, the limited frequency of
testing due to the capacity of the health system and safety concerns (imaging studies,
although generally considered non-invasive, also cannot be performed too frequently),
as well as the capabilities of imaging itself. Given the resolution of technologies such
as positron emission tomography (PET), small, even centimeter-sized foci may not be
detectable [47]. Finding factors to help stratify patients in terms of their risk of distant
metastasis would therefore be clinically meaningful.

In the work [5] the possibility was investigated of using clinical features and features
extracted from PET/CT imaging performed for radiotherapy planning to predict distant
metastasis. Given that oncology cohorts are often too small for the construction of a
reliable model based on deep learning [48], a radiomics approach was decided upon.
Radiomics is a branch of science concerned with extracting from a specific image area,

called the region of interest (ROI), numerical features describing, among others, its shape
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and texture [49].

A cohort of 115 patients treated at NIO for non-small cell lung cancer was analyzed.
The article includes basic descriptive statistics, exploratory analysis and univariate sta-
tistical analysis of available characteristics. Multivariate analysis was performed in two
ways — using a classification-based approach and survival models. Both approaches sho-
wed that the clinical characteristics available in the study, including age, sex, subtype,
tumour location, tumour size and degree of regional cancer spread according to TNM
classification (tumour, node, metastasis), are not good predictors of metastasis risk. Using
radiomic features however, we are able to divide patients into groups that are statistically

significantly different in their probability of metastasis-free survival (MFS).

Conclusion. Radiomic features extracted from the region of interest covering the pri-
mary tumour show potential for predicting the risk of distant metastasis in non-small cell
lung cancer. However, routinely collected clinical features such as tumour size and lymph

node metastasis do not show significance for predicting distant metastasis.

Author’s contribution to the cited work. Unsupervised analysis of the dataset —-
PCA, correlation analysis; descriptive statistics, univariate analysis, prediction of metastasis-
free and event-free survival using classification methods, construction of the final regression

survival model, preparation of the first draft of the manuscript.

One of the conclusions from the analysis of the clinical data is that the regional spread
of the cancer, expressed in part by the ,N” part of the TNM classification, does not affect
the risk of distant metastasis. This observation, however seemingly counter-intuitive, is
in line with current theory on the mechanism of metastasis in lung cancer, according to
which dissemination from the primary tumour, not from the lymph nodes, is primarily
responsible for the formation of distant metastases [50]. However, in addition to the
primary tumour and possibly involved lymph nodes, there may also be additional foci of
cancer (we are then talking about multifocal cancer), which are not reflected in the TNM
classification. All of these uptakes may be regions of interest (Fig. 9.3). Although their
number alone is not a predictor of distant metastasis (Fig. 9.3b), it was hypothesized that
including all regions in survival modelling could improve the predictive ability of the

model.

As in the earlier described case of classification of molecular imaging data [4], from
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Fig. 9.3: In the majority of patients in the study cohort, at least two uptakes could be observed in the PET
images of the lungs. (a) Prevalence of each number of uptakes — regions of interest. (b) Predictive value
of ROI number for predicting metastasis.

a modelling perspective, the challenge comes down to the heterogeneous structure of
the data, that is, the availability of different numbers (here from one to ten) of radiomic
feature vectors per patient. For the metastasis risk prediction problem under considera-

tion, however, some additional aspects must be taken into account.

1. A different type of task. Unlike classification, where the result is the assignment of
an object to predetermined groups (classes), survival models fit into a regression
problem. The result of prediction is a continuous numerical value, interpreted as

the risk of occurrence of the analyzed event.

2. Non-equivalence of feature vectors. In spatial molecular techniques, each measu-
rement refers to a certain point of the grid, which ,covers” the tissue. Therefore,
it can be assumed that all feature vectors are equivalent, and it is not possible to
order them according to any logical criterion. Meanwhile, for medical imaging,
one obvious feature that distinguishes feature vectors is the size (volume) of the

region of interest from which they are extracted.

3. Interpretability of the averaged feature vector. For transcriptomic or proteomic
data, feature values can be interpreted as RNA or protein concentrations. Ave-
raged values from multiple points retain their interpretation as concentrations,
albeit for a larger number of cells. In the case of radiomics, the determined featu-

res are closely related to the analyzed region of interest, describing its shape or
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texture. By averaging the values from several ROIs, many radiomic features lose

their interpretability.

The next paper provides a proof of concept of a kind that, despite the above considera-
tions, aggregation of either feature vectors or prediction scores can be a solution to the

problem of heterogeneity of data structure for radiomic survival models.

[6] Wilk AM, Kozlowska E, Borys D, D’Amico A, Gorczewska I, Debosz-Suwinska
I, Gatecki S, Fujarewicz K, Suwinski R, Swierniak A. Improving the Predictive
Ability of Radiomics-Based Regression Survival Models Through Incorporating
Multiple Regions of Interest. W: Strumilto, P., Klepaczko, A., Strzelecki, M., Bo-
cigga, D. (eds) The Latest Developments and Challenges in Biomedical Engine-
ering. PCBEE 2023. Lecture Notes in Networks and Systems, vol 746. Springer,
Cham. (2024)

Aim. To use all available regions of interest from PET/CT imaging in a survival model

predicting metastasis risk.

The study used the cohort of 115 patients with non-small cell lung cancer, which was
analyzed in the paper [5]. This time, in addition to the primary tumor, all accumulations
were contoured on the PET/CT images by the radiologist (Fig. 9.4a), and then were used
to extract radiomic features.

Analogous to MALDI imaging [4], the proposed methods for including all feature
vectors in the model are based on two possible strategies (schematically depicted on the
fig. 9.4a).

1. ROI aggregation. It involves selecting or generating a single feature vector to
represent a given patient, that is, reducing the data to the homogeneous structure
usually used in analysis. The modelilng results in a single risk value assigned to

each patient. The ROI aggregation methods used in the study are:

+ largestROI — the largest uptake, corresponding to the primary tumour, is used
in the model. This is the approach used in most radiomic studies dedicated

to tumorus.

« randomROI — a random uptake is used in the model.
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« arithmeticMeanROI — a representative vector of features is generated, as the

arithmetic average of all vectors for the patient.

« weightedMeanROI — a representative vector of features is generated, as the
weighted average of all vectors for the patient, with weights corresponding

to ROI volumes.

2. Risk aggregation. The model is applied independently to all ROIs, resulting in se-
veral risk values for a single patient. These results are then aggregated to produce

a single value. The methods used are:

+ allROIMin — the patient is assigned the lowest risk value obtained for his
ROIs.

« allROIMax — the patient is assigned the highest risk value obtained for his
ROIs.

+ allROIMean — The patient is assigned the average risk value obtained for his
ROIs.

Regularized Cox regression (Coxnet), which also includes feature selection, was used
for survival analysis. In order to obtain a more meaningful comparison between me-
thods, a Monte Carlo cross-validation (MCCV) was used, with 1000 random splits of the
patient set into a training set and a test set in a 2:1 ratio (in the case of risk aggrega-
tion methods, the sets ultimately used contain all ROIs from the corresponding patients,
so they have different cardinalities in each iteration). Harrell’s c-index, one of the most
popular quality measures for survival models, was used as an indicator of prediction qu-
ality. It is a concordance index describing the ratio of the number of ,concordant” pairs
of observations (i.e., those in which a higher-risk observation corresponds to a shorter
time-to-event) to all possible pairs. It is referred to as the survival equivalent of the area
under the ROC curve — it takes values from 0 to 1, with 0.5 indicating a random model
and 1 indicating a perfect model.

Table 9.1 presents a summary of the prediction quality achieved by each method.
For the standard approach, based on considering only the primary tumour, the median
c-index from 1000 iterations of MCCV was 0.581. Worse results were obtained for the me-

thods of randomROI arithmeticMeanROI and allROIMin. This is not surprising, since in
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Tab. 9.1: Comparison of methods for handling multiple ROIs in a survival model.

Median Min Max

Method Method type c-index c-index c-index
largestROI ROI aggregation 0.581 0.206 0.862
randomROI ROI aggregation 0.534 0.217 0.828

arithmeticMeanROI ~ ROI aggregation 0.557 0.290  0.892
weightedMeanROI ~ ROI aggregation 0.592 0.206 0.835

allROIMin risk aggregation 0.566 0.193 0.817
allROIMax risk aggregation ~ 0.617 0.349 0.880
allROIMean risk aggregation 0.616  0.369 0.827

the case of a random RO, the risk to the patient could have been estimated, for example,
on the basis of a very small collection, for which textural features are less informative
[51, 52]. For ROIs generated using the arithmetic mean, ROIs of different sizes are tre-
ated the same, leading to lower quality. Better, outperforming the model based only on
the primary tumour, was the method weightedMeanROI, in which feature vectors were
scaled relative to the size of the ROL The highest prediction quality was obtained for the
allROIMax and allROIMean methods. Moreover, these methods proved to be more robust

to sampling, achieving higher minimum c-indexes.

Conclusion. The different number of radiomic feature vectors determined from the
uptakes detected in PET/CT imaging can be included in the survival model by using ROI

aggregation or risk aggregation.

Author’s contribution to the cited work. Conceptualization, development and im-
plementation of aggregation methods; statistical analysis, testing of survival models, visu-

alization, preparation of the manuscript.
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Fig. 9.4: ,Multi-lesion radiomics” — including different numbers of regions of interest in survival models
by using appropriate aggregation methods. (a) Main idea. (b) Results of 1000-fold cross-validation for the
PET set — median c-indexes for each scheme (c) Results of 1000-fold cross-validation for the PET_CT set
— median c-indexes for each scheme. Regardless of the dataset and model, the quality achieved for a single
ROI corresponding to the primary tumour can be improved using all uptakes.

The obtained results were so promising that it was decided to extend the study, chec-
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king whether a similar trend would hold for other survival models. The highest predic-
tion quality achieved by the allROIMax method and the low quality for the allROIMin
method were also noteworthy. For patients with more than one uptake, it is natural that
the prediction result will be both higher and lower risk values. Assigning such patients
the highest of the resulting risk values proved to be the most effective strategy, despite
the fact that the number of ROIs alone is not a predictor of metastasis risk (Fig. 9.3b).
Thus, it was hypothesised that not the number, but the variation between ROIs, may be

associated with a higher risk of distant metastasis.

[7] Wilk AM, Swierniak A, d’Amico A, Suwinski R, Fujarewicz K i Borys D. To-
wards the use of multiple ROIs for radiomics-based survival modelling: finding
a strategy of aggregating lesions. Preprint arXiv: 2405.17668 [stat.AP]. (2024)

Work currently under review in journal Computers in Biology and Medicine

Aim. Evaluation of heterogeneity between ROIs, development of methods to include
multiple tumour foci in survival models, testing whether aggregation improves prediction
quality for different models and radiomic feature extraction parameters, and comparison

with methods reported in the literature.

The study was again performed on the NSCLC dataset described above. However,
two sets of radiomic features were tested (for both, PET images were standardized aga-
inst a standardized uptake value taking into account body weight, SUVbw) — at the ori-
ginal PET resolution (PET set) and at a resolution interpolated to CT using the nearest
neighbor method (PET_CT set).

Assessing heterogeneity between ROIs required defining numerical diversity indices.
Since radiomic features can take negative values, it was not possible to use entropy-based

indexes, so the focus was on various distance measures:
1. Canberra distance,
2. Euclidean distance,
3. Minkowski distance,

4. Kendall distance (based on the Kendall correlation coefficient),
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5. Spearman distance (based on Spearman’s correlation coefficient; due to signifi-
cant order-of-magnitude differences between traits, Pearson’s correlation coeffi-

cient has proven impractical).

For each patient, the heterogeneity index was assumed to have a value of zero if only
one feature vector (i.e., one ROI) was available, and a value corresponding to the average
for each unique pair of ROIs otherwise. As an analogy to the test for the number of ROIs
(Fig. 9.3b), the set of patients was again divided into three subgroups (according to the
terciles of index values) and compared using the log-rank test. For the PET set, groups
separated by Euclidean distance, for example, differed significantly in MFS (p=0.026).

One of the aims of the work [7] was to compare the proposed methods with exi-
sting ones. However, a detailed search of the literature showed that, although the idea
of ,multi-region radiomics” is well-known and gaining popularity, its understanding is
mostly different from that of the described study. This is because it relies on the use of
radiomic features extracted from multiple regions, which are nevertheless analogous for
each patient and represent a modification of the ROI definition (for example, tumour
and peritumoral area, or tumour subregions) rather than separate foci. Understood in
this way, additional areas therefore do not generate new feature vectors, but only in-
crease the number of features available for each patient. In the only paper found on
radiomics integration for multiple independent areas, Zhao and co-authors [53] intro-
duced the method of ,meta histogram”. By ordering the radiomic feature values from the
largest to the smallest ROI, a ,meta histogram” is created, for which the mean, variance,
skewness, kurtosis, energy, entropy and sum are then calculated and entered as featu-
res into the model. This method was used by the authors in a classification problem for
patients with lung adenocarcinoma who had at least two metastatic foci.

Ultimately, in addition to the aggregation methods described in the paper [6], the

following methods were also included:

« largestROldiversitylndex — ROI aggregation, in which the heterogeneity indices
described above are concatenated to the feature vector determined for the primary

tumour,

« randomROIdiversitylndex — Similar to the previous method, however, heterogene-

ity indices are added to the features extracted from a random RO,
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« MetaHistogram — method described in [53], which can also be classified as ROI

aggregation,

+ allROIWeightedMean — r isk aggregation, in which a patient is assigned a weighted
average of risks for all his ROIs, where the weight is the volume of the ROI.

As before, Monte Carlo cross-validation with 1000 iterations was used, comparing a

total of eight survival models:

« CoxStepAIC — Cox proportional hazard regression with sequential forward selec-
tion based on Akaike Information Criterion (AIC), which is a method commonly

used in medical literature,
« Coxnet — regularized Cox regression,
« Weibull — boosting based on Weibull model,
+ Loglog — boosting based on log-log model,
« Lognormal — boosting oparty na modelu log-normal,
o randomForest — random survival forest,

« SVMregression — survival version of support vector machine with a regression

model and additive kernel function,

« SVMvanbelle1 — Survival version of support vector machine with a van Belle model

and additive kernel function.

The cross-validation results (median c-indices) are depicted in Fig. 4.4b for the PET da-
taset and Fig. 4.4c for the PET_CT dataset. The quality of prediction varies depending
on the set, that is, on the method of radiomic feature extraction, and on the model. No-
netheless, using aggregation methods that allow for the inclusion of information about
all the uptakes present in the imaging, it is possible to obtain a higher quality than for

the largestROI method within the same set and model every time.

Conclusion. The use of ROI aggregation or risk aggregation achieves a higher quality

of prediction than in a model based only on the primary tumour.
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Author’s contribution to the cited work. Conceptualization — definition of the re-
search problem, review of existing approaches, design of the study; Methodology — develop-
ment and implementation of aggregation methods; statistical analysis, testing of survival

models, visualization, preparation of the manuscript.
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Summary

Heterogeneity is an inherent aspect of biomedical data. It necessitates a constant
search for a compromise between generalisation to ensure higher statistical power, and
the most accurate capturing of nuances and differences, so important for personalised
therapy. It represents, on the one hand, a challenge to the possibilities of analysis, on
the other hand, a driving force for the development of technology and a key to the full
understanding of biological phenomena and processes.

This dissertation, comprising a series of seven articles, presents research that repre-
sents the author’s original contribution to the field of biomedical engineering, which has

achieved the following goals:

1. Description of heterogeneity occurring on cellular level [1], tissue level [2] and
population level [3], for objects characterised by different types of data, including

genomic, transcriptomic, metabolomic or imaging data [5].

2. Development of an algorithm for individualized estimation of model parameters

[3], allowing for lower prediction errors than for independent or joint estimation.

3. Presentation of the problem of structural heterogeneity of data, in particular the si-
tuation when the number of available feature vectors differs for individual objects,
for example, in spatial molecular research [4] or in medical imaging of regionally

advanced cancer [6, 7].

4. Proposing methods for aggregating feature vectors or model outputs, applicable

to both classification [4] and survival models [6, 7].

71
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The developed machine learning algorithms can be applied to a variety of data types.
They are also not limited to a specific biological problem or model, so they have a broad
potential for application in research where it is important to take heterogeneity into

account, among others:
« in epidemiological studies,
« for oncologic patient cohorts (or other diseases)

« in molecular techniques that generate information for single cells or points in

space.

The presented research results confirm the validity of the theses presented in the
dissertation.

Individualizing models for a cohort of objects reduces the risk of poor nu-
merical conditioning of the parameter estimation task. In model of the COVID-
19 pandemic accounting for the effect of non-pharmaceutical interventions on the rate
of virus transmission, highly correlated stringency levels led to difficulties in estima-
ting the corresponding parameters for a single country. Although the problem of non-
estimability can be solved in this case by constructing a common model for a cohort of
European countries, generalization leads to high error values for some countries. The use
of individualized models has improved numerical conditioning while allowing a better
fit to the data than a common model.

The use of aggregation in the case of a different number of feature vectors
for each entity results in improved model prediction quality relative to the use
of only one vector per object. In a thyroid tissue subtype classifier using proteomic
imaging data, aggregating predictions for individual spectra yielded classification quality
significantly higher than using only averaged spectra in the prediction. Also, for survival
models predicting the risk of distant metastasis in non-small cell lung cancer, using all
available uptakes in the model yielded a significant improvement in prediction quality
compared to the same models built on the basis of the primary tumor alone.

Using the proposed strategies, whether individualization of parameter estimation or
aggregation of modeling results, significantly better results were obtained compared to
the approach based on maximum generalization and averaging. Thus, it can be concluded

that heterogeneity is not an enemy, but rather an ally in biomedical data analysis.
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Spis wybranych skrotéow i symboli

« DNA (ang. deoxyribonucleic acid) — kwas deoksyrybonukleinowy.

« FGFR (ang. fibroblast growth factor receptor) — receptor czynnika wzrostu fibro-

blastow.

« NSCLC (ang. non-small cell lung cancer) — niedrobnokomoérkowy rak pluc, najcze-

Sciej wystepujacy podtyp tego nowotworu,

« aCGH (ang. array comparative genomic hybridization) — macierzowa poréwnaw-
cza hybrydyzacja genomowa, technika biologii molekularnej oparta na technologii

mikromacierzowej, pozwalajaca na badanie zmian liczby kopii genow.
« RNA (ang. ribonucleic acid) — kwas rybonukleinowy.

+ RNAseq (ang. RNA sequencing) — sekwencjonowanie RNA, wysokoprzepustowa

technika molekularna, pozwalajgca na badanie poziomu ekspresji genow.

« PCA (ang. Principal Component Analysis) — analiza gtéwnych skladowych, tech-

nika redukcji wymiarowosci.

« GSEA (ang. Gene Set Enrichment Analysis) — analiza nadreprezentacji zestawu ge-

néw, metoda analizy szlakow sygnatowych.

« SVM (ang. support vector machine) — maszyna wektoré6w wspierajacych, model

uczenia maszynowego.

« ROC (ang. Receiver Operating Characteristic) — charakterystyka operacyjna od-

biornika.
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AUC (ang. area under the ROC curve) — pole pod krzywa ROC, miara jakosci kla-
syfikacji.

SEIR (ang. Susceptible-Exposed-Infected-Removed) — popularny kompartmentalny
model epidemiologiczny, dzielacy populacje na cztery kompartmenty: podatnych,

narazonych, zainfekowanych i usunietych.

NLNK (ang. NLLSQ — non-linear least squares) — nieliniowa metoda najmniejszych

kwadratow, metoda dopasowania modelu do danych.

NRMSE (ang. normalized root mean square error) — znormalizowany btad Srednio-

kwadratowy, miara jakosci dopasowania modelu.
SD (ang. standard deviation — odchylenie standardowe.

NIO (ang. Maria Sktodowska-Curie National Research Institute of Oncology, Gliwice
Branch) — Narodowy Instytut Onkologii im. Marii Sktodowskiej-Curie — Pan-
stwowy Instytut Badawczy, Oddzial w Gliwicach.

NT (ang. normal thyroid) — prawidlowa (fagodna) tkanka tarczycy.

FA (ang. follicular adenoma) — gruczolak pecherzykowy, nieztosliwy guzek tar-

czycy.

MTC (ang. medullary thyroid carcinoma) — rak rdzeniasty tarczycy, rzadko wyste-

pujacy, niskozréznicowany ztosliwy nowotwor tarczycy, o sSrednim rokowaniu.

ATC (ang. anaplastic thyroid carcinoma) — rak anaplastyczny tarczycy, rzadko wy-

stepujacy, niskozréznicowany ztosliwy nowotwor tarczycy, o stabym rokowaniu.

FTC (ang. follicular thyroid carcinoma) — rak pecherzykowy tarczycy, czesto wy-

stepujacy, zréznicowany zlosliwy nowotwor tarczycy, o dobrym rokowaniu.

PTC (ang. papillary thyroid carcinoma) — rak brodawkowaty tarczycy, czesto wy-

stepujacy, zréznicowany zlosliwy nowotwor tarczycy, o dobrym rokowaniu.

PTC-CV (ang. papillary thyroid carcinoma classic variant) — podstawowy, ,kla-

syczny” wariant raka brodawkowatego tarczycy.
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PTC-FV (ang. papillary thyroid carcinoma follicular variant) — wariant pecherzy-

kowy raka brodawkowatego tarczycy.

MS (ang. mass spectrometry) — spektrometria mas, technika analityczna wyzna-
czajaca iloraz masy do tadunku czastek znajdujacych sie w probcee, jedno z pod-

stawowych wysokoprzepustowych narzedzi wykorzystywanych w proteomice.

MALDI-MSI (ang. matrix-assisted laser desorption/ionization - mass spectrometry
imaging) — desorpcja/jonizacja laserowa wspomagana matryca - obrazowanie spek-
trometrig mas, technologia spektrometrii mas umozliwiajaca pozyskanie widm MS

dla siatki punktow pokrywajacych probke, na przyklad skrawek tkanki.

ESMO (ang. European Society for Medical Oncology) - Europejskie Towarzystwo
Onkologii Medycznej, stowarzyszenie zajmujace sie¢ miedzy innymi przygotowa-

niem rekomendacji terapeutycznych dla nowotworéw.

PET (ang. positron emission tomography) — pozytonowa tomografia emisyjna, ro-
dzaj obrazowania medycznego wykorzystujacy radioizotopy do okreslenia aktyw-

nosci metabolicznej.

CT (ang. computed tomography) — tomografia komputerowa, rodzaj obrazowania

medycznego wykorzystujacy promieniowanie rentgenowskie.
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acquired resistance to this type of therapies remains a serious clinical challenge. Here, we inves-
tigated the NSCLC cell lines response and potential mechanism of acquired resistance to novel
selective FGFR inhibitor CPL304110. We found that despite significant genomic differences between
CPL304110-sensitive cell lines, their resistant variants were characterised by upregulated p38 ex-
pression/phosphorylation, as well as enhanced expression of genes involved in MAPK signalling.
We revealed that p38 inhibition restored sensitivity to CPL304110 in these cells. Moreover, the
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1. Introduction

Lung cancer is the most common cause of cancer-related deaths in men and women,
with 2,206,771 new cases and 1,796,144 deaths in 2020 worldwide [1]. Non-small cell lung
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have significantly improved clinical outcomes. Contrary to ADC, SCCs harbour distinct
types of gene alterations: amplifications (MET, HER2, and FGFR) [3] and gene mutations
(CDKN2A, PTEN, KEAP1, MLL2, HLA-A, NFE2L2, NOTCH1, and RB1) [4]. Therefore,
several clinical trials are underway, developing the targeted therapies specifically for lung
squamous cell carcinomas (SCC).

The FGFR family consists of four transmembrane receptor tyrosine kinases (FGFR1-4)
activating multiple signalling pathways, including RAS/RAF/MAPK, PI3K/AKT, and
STAT involved in the regulation of proliferation, cell survival, migration, and invasion [5].
FGFR-related genomic alterations, i.e., gene amplification, chromosomal translocation,
gain-of-function mutations, and gene fusions, lead to constitutive receptor activation or
enhanced signalling [6,7]. FGFR1 amplification is one of the most common genomic al-
terations in SCC, occurring in 10-20% of cases. Several studies demonstrated that SCCs
also harbour FGFR2 and FGFR3 fusions [7,8]. Since deregulated FGFR signalling has been
implicated in oncogenesis and cancer progression, FGFR emerged as a promising target for
anti-cancer therapies [9]. A few FGFER tyrosine kinase inhibitors (TKIs) have been approved
for clinical use, and several are currently undergoing preclinical and clinical investiga-
tion in various FGFR-associated tumours (NCT02965378, NCT03762122, NCT02154490,
NCT03827850). Although small-molecule inhibitors of FGFR activity represents a promis-
ing anti-cancer strategy, emerging resistance to applied drug remains a growing challenge.

So far, several mechanisms of acquired resistance to therapies targeting FGFR have
been presented. In general, acquired resistance to TKIs can develop either as a result
of secondary mutations within the ATP-binding domain, preventing the receptor from
inhibitor binding, or through activation of alternative signalling pathways that circumvent
the FGFR signalling cascade [10-13]. In vitro studies performed in lung cancer cell lines
revealed that MET upregulation followed by reactivation of the ERK/MAPK pathway is
involved in the development of resistance to BGJ398 [14]. Moreover, the AKT pathway was
shown to mediate resistance to BGJ398 in lung and urothelial cancer cell lines [15]. These
results are in line with studies indicating that incomplete suppression of the key survival
pathways: PI3K/AKT and MAPK by BGJ398 or PD173074 in lung and colorectal cancer
cell lines may be associated with acquired resistance to FGFR inhibitors [16].

In this study, we analysed the sensitivity of a panel of lung cancer cell lines to
CPL304110 (Celon Pharma, Poland), a novel pan-FGFR inhibitor that is currently in phase
I of a clinical trial in adults with advanced solid malignancies (NCT04149691) [17]. We
identified NCI-H1581 and NCI-H1703 non-small cell lung cancer cell lines as highly sensi-
tive to inhibition of FGFR. We found that despite genomic and transcriptomic divergence
between parental cells, CPL304110-resistant variants of these cell lines displayed increased
expression of the genes encoding members of the p38 signalling pathway. Moreover, the
overexpression of p38 kinase resulted in resistance to CPL304110 in parental cells, while
inhibition of p38 MAPK resensitised resistant cells to CPL304110 treatment. These con-
firmed the importance of p38 MAPK in the process of acquisition of resistance to inhibition
of FGFR signalling in NSCLC cell lines.

2. Materials and Methods
2.1. Cell Lines and Cell Culture Reagents

DMS114, NCI-H1581, NCI-H1703, NCI-H2170, and NCI-H520 cell lines were obtained
from ATCC. NCI-H1581 cells were routinely maintained in DMEM/F12; DMS114 in Way-
mouth’s MB752/1; whereas NCI-H1703, NCI-H2170, and NCI-H520 were maintained in
RPMI 1640 medium. All culture media contained 10% of FBS and penicillin/streptomycin
(100 U/mL/100 pg/mL). Cells were grown at 37 °C in a humidified atmosphere of 5% CO;.
All culture media and corresponding supplements were purchased from Merck KGaA
(Darmstadt, Germany) or Biowest (Riverside, MO, USA). CPL304110 (WO/2014/141015) in-
hibitor was provided by Celon Pharma S.A., Poland [17]. SB202190 and SB203580 inhibitors
were purchased from Selleckchem (Houston, TX, USA).
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2.2. Cell Proliferation Assay

Cell viability was estimated using the 3-(4,5-dimethylthiazol-2-y1)-2,5-diphenyltetrazolium
bromide (MTT) colorimetric assay Merck KgaA (Darmstadt, Germany). Cells were seeded
in 96-well plates in triplicates and on the following day treated with DMSO or indicated
inhibitor for 48 and 96 h. MTT stock solution was added to each well so that the final
concentration of MTT in the medium was 0.5 mg/mL. After 2 h incubation at 37 °C, the
medium was discarded, and MTT formazan was dissolved in DMSQO. The absorbance was
measured at 590 nm using a microplate reader.

2.3. Clonogenic Assay

Cells were seeded in 6-well plates. On the following day, the medium was replaced
with a regular medium or medium containing indicated inhibitors. Media were changed
every three days. Cells were cultured for 10-14 days, depending on the cell line, fixed with
4% paraformaldehyde and stained with 0.4% crystal violet.

2.4. Culturing Cells in Three-Dimensional BD Matrigel®

Cell growth in three-dimensional (3D) BD Matrigel® (BD Matrigel Matrix Growth
Factor Reduced, BD Bioscience, Corning, NY, USA) was carried out as previously de-
scribed [18]. Cells were cultured in regular medium or medium containing indicated
inhibitors. Media were replaced every three days. After 14 days of culture, cell growth was
evaluated by measuring colonies size (at least 100) using ZEISS PrimoVert microscope and
Image] software.

2.5. Generation of CPL304110-Resistant Cell Lines

To develop resistance to the FGFR inhibitor, CPL304110, NCI-H1581, and NCI-H1703
cell lines were exposed to increasing concentrations of CPL304110 (starting from 50 nM).
Cells were maintained in a medium containing the inhibitor, which was replaced every
three days. When the growth kinetics of treated cells were similar to wild-type cells, the
concentration of CPL304110 was increased until a final concentration of 2.5 uM for NCI-
H1581 and 5 uM for NCI-H1703 was achieved. After 4-6 months of such culture, resistant
cells were established and termed NCI-H1581R and NCI-H1703R.

2.6. Overexpression of p38

To generate cells overexpressing p38 MAPK NCI-H1581 and NCI-H1703 cells were
seeded onto 6 cm plates and, after 24 h, transfected with pMT3-p38-HA plasmid (Addgene,
#12658) using Lipofectamine 3000 (Invitrogen, Thermo Fisher Scientific, MA, USA). The
overexpression was confirmed with Western blotting.

2.7. Western Blotting Analysis

For Western blotting analysis, cells were harvested at 60-70% confluency and lysed
with 2x concentrated Laemmli buffer supplemented with 2 mM PMSF, 10 pug/mL aprotinin,
10 pg/mL leupeptin, 5 mM EGTA, 1 mM EDTA, 2 mM NayP,07, 5 mM NaF, and 5 mM
Na3VOy4. Samples with equal amounts of protein were loaded per well, resolved in
SDS-PAGE, and then transferred onto a nitrocellulose membrane. The membranes were
blocked for 1 h in 5% skimmed milk and probed with specific primary antibodies at
4 °C. Antibodies for anti-FGFR1 (sc-57132), anti-FGFR3 (sc-13121), anti-FGFR4 (sc-136988),
and anti-FRS2-o (sc-17841) were obtained from Santa Cruz Biotechnology (Dallas, TX,
USA). The antibody against (3-actin (A5316) was obtained from Merck KGaA (Darmstadt,
Germany). All the remaining antibodies were from Cell Signaling Technology (Danvers,
MA, USA): anti-Akt-Ser473 (#9271) anti-Akt (#92720), anti-CDK4 (#12790), anti-CDK6
(#3136), anti-Erk1/2-Thr202/Tyr204 (#4377), anti-Erk1/2 (#9102), anti-FGFR-Tyr653 /654
(#3471), anti-FGFR2 (#23328), anti-FRS2-x-Tyr196 (#3864), anti-FRS2-«-Tyr436 (#3861),
anti-PLC-y-1-Tyr783 (#2821), anti-PLC-y-1 (#2822), anti-p27-Kip1 (#3686), anti-p38-MAPK-
Thr180/Tyr182 (#9211), anti-p38-MAPK (#9212), anti-Rb-Ser780 (#9307). Appropriate
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secondary Alexa Fluor®—conjugated antibodies (680 or 790 nm) (Jackson ImmunoResearch,
#111-625-144, #715-655-150) and Odyssey® CLx imaging system (LI-COR® Biosciences, NE,
USA) were used to detect protein bands.

2.8. Cell Cycle Analysis

The cell cycle was analysed by quantification of DNA content using flow cytometry.
Cells were fixed in 70% ethanol for 24 h at —20 °C, RNase A (1 mg/mL) was added, EURX
Ltd. (Gdansk, Poland), and cells were stained with propidium iodide (2,5 ng/mL) (PL;
#P4170, Sigma-Aldrich; Merck KGaA). The cell cycle was analysed with FACSCalibur™;
Becton Dickinson and Company (San Jose, CA, USA). The results were analysed using the
CellQuest™ Pro Software version 6.0 Becton Dickinson and Company (San Jose, CA, USA).

2.9. Array-Based Comparative Genomic Hybridisation (aCGH)

The aCGH was used to reveal copy number changes (amplifications and deletions)
in the genome of sensitive versus resistant cells (NCI-H1581 vs. NCI-H1581R and NCI-
H1703 vs. NCI-H1703R). DNA from the cells was isolated using Gene]ET Genomic DNA
Purification Kit, Thermo Fisher Scientific (Waltham, MA, USA). Genomic DNA was anal-
ysed by hybridisation to the 60K SurePrint G3 Unrestricted CGH arrays, Agilent Technolo-
gies, Inc. (Santa Clara, CA, USA) service provided by Genomed S.A., Warsaw, Poland.
Normal human Caucasian male genome GRCh38 (hg38) was used as the reference.

2.10. aCGH Data Analysis

Raw image files were preprocessed using Agilent Feature Extraction software (version
11.0.1.1). Data were checked for quality, and features were extracted for CGH_1100_Jul11
protocol. Further analysis was conducted with Bioconductor package rCGH version 1.20.0
released on 28 October 2020 according to standard protocol dedicated for Agilent dual-
colour hybridisation chips [19]. First, the signals were adjusted for GC content and cy3/cy5
bias, after which the log2 relative ratios (LRR) could be computed. Next, the genome
profiles were segmented using the Circular Binary Segmentation algorithm, and finally, the
LRRs were centred using an expectation-maximisation algorithm. Results were visualised
using Rcircos version 1.2.1 released on 12 March 2019 and pheatmap version 1.0.12 released
on 4 January 2019 (https:/ /cran.r-project.org/web/packages/pheatmap/index.html, ac-
cessed on 28 October 2021) R packages [20]. Genes were considered differential between
variants if the absolute value of LRR difference was greater than 0.5. All analyses were
performed using R environment for statistical computing version 4.0.3 “Bunny-Wunnies
Freak Out” released on 10 October 2020 (R Foundation for Statistical Computing, Vienna,
Austria, http:/ /www.r-project.org, accessed on 28 October 2021).

2.11. Transcriptome Sequencing (RNA-Seq)

For RNA-seq experiment, NCI-H1581 and NCI-H1703 cells (sensitive and resistant
cell line variants) were seeded onto 6 cm-diameter dishes. The next day, the medium was
replaced with a fresh medium, and after 24 h, cells were harvested. This procedure was
repeated to obtain a second replicate. Total RNA was extracted from the cells using RNeasy
Plus Mini Kit, Qiagen (Hilden, Germany) with simultaneous DNase I digestion, according
to the manufacturer’s instructions. RNA purity and concentration were estimated with
a Nanodrop ND-2000 spectrophotometer, Thermo Fisher Scientific (Waltham, MA, USA).
RNA quality was assessed using the 2100 Bioanalyzer with the RNA 6000 Nano Kit, Agilent
Technologies (Santa Clara, CA, USA). All the samples had an RNA integrity number (RIN)
above 7.0. cDNA library preparation and transcriptome sequencing were completed
by Genomed, Warsaw, Poland. RNA-seq was performed using the Illumina HiSeq4000
Platform with the standard paired-end protocol (58 mlIn paired reads, 100 bp read length).
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2.12. RNA-seq Data Analysis

After standard quality control, the raw sequencing data were quantified using the
Salmon tool against the reference genome GRCh38 (hg38) [21]. Quantified transcripts were
imported into the R environment with tximport [22]. Low-abundance genes were pre-
filtered, keeping only rows with at least 10 reads total. Gene counts were normalised using
the median-of-ratios method [23]. For unsupervised analysis, regularised logarithm (rlog)
transformed data were used. Principal Component Analysis (PCA) was applied to assess
the main sources of variability in data. Hierarchical clustering of 500 genes exhibiting the
largest overall variance was performed to explore relationships between samples-heatmaps
were generated with pheatmap R package (https://cran.r-project.org/web/packages/
pheatmap /index.html, accessed on 28 October 2021). Both the unsupervised methods
revealed significant differences between cell lines, effectively overshadowing differences
between variants, for which reason further analysis was performed separately for the
two cell lines. Differentially expressed genes were identified using DESeq2 package [23]
version 1.30.1 released on 20 February 2021, with FDR adjusted (Benjamini—-Hochberg
correction) p-value cut-off 0.1. Overrepresented signalling pathways were identified with
Gene Set Enrichment Analysis (GSEA) method [24] implemented in Bioconductor package
clusterProfiler version 3.14.3 released on 8 January 2020 [25]. Gene sets between 10 and
700 bp were considered, and the permutation number was set to 10,000. Pathways were
downloaded from MsigDB version 7.3 [26]. For global analysis, the C2:CP (Curated gene
sets: Canonical pathways) collection was used. All analyses were performed using R
environment for statistical computing version 4.0.3 “Bunny-Wunnies Freak Out” released
on 10 October 2020 (R Foundation for Statistical Computing, Vienna, Austria, http://www.
r-project.org, accessed on 28 October 2021).

2.13. Statistical Analysis

All data are expressed as mean £ SD from at least three independent experiments.
Comparative data were analysed with the unpaired Student’s t-test using the Statistica™
software, v.10; TIBCO Software Inc. (Palo Alto, CA, USA). Two-sided p < 0.05 was consid-
ered a statistically significant difference.

3. Results
3.1. Differential Response of NSCLC Cell Lines to CPL304110 Inhibitor

Approximately 20% of all non-small cell lung cancer cases are characterised by
FGFR1 amplification, indicating FGFR as a promising target for anti-cancer therapies [16].
Therefore, we analysed the response of five lung cancer cell lines to the new FGFR in-
hibitor, CPL304110. Evaluation of cell proliferation revealed that NCI-H1581 and NCI-
H1703 cells strongly responded to CPL304110, showing a significant growth reduction
with IC50 < 1 uM, while DMS114, NCI-H2170, and NCI-H520 cells were less sensitive to
FGEFR inhibition (IC50 > 1 uM) (Figure 1A). In accordance with these results, significant
CPL304110-mediated 3D growth inhibition, even in 0.1 uM, relatively low drug concentra-
tion, was found for both cell lines (Figure 1B). Since NCI-H1703 cells exhibit highly invasive
growth and do not form classical spheroids in 3D culture, the quantitative growth analysis
was possible only for the NCI-H1581 cell line (Figure S1). Further investigation revealed
that response to CPL304110 correlated with FGFR protein expression, as Western blotting
analysis showed the highest FGFR1-4 expression levels in NCI-H1581 and NCI-H1703
among analysed cell lines (Figure 1C).

Although NCI-H1581 and NCI-H1703 cells were both found sensitive to CPL304110,
array based-comparative genome hybridisation (aCGH) analysis revealed significant ge-
netic differences between them. Both cell lines showed significant copy number variation
(CNV) compared to the normal human genome, which was distinct for each cell line, as
illustrated by the circos plot (Figure 1D). Although the NCI-H1581 genome was charac-
terised by the prevalence of gain of DNA copy number events, loss of copy number was
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observed only within chromosome Y. On the other hand, the NCI-H1703 genome was rich
in both gains and losses of DNA copy number.
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Figure 1. Lung cancer cell line response to a novel FGFR inhibitor. (A) DMS114, NCI-H1581, NCI-H1703, NCI-H2170, and
NCI-H520 cell lines were exposed to the indicated CPL304110 concentrations for 48 and 96 h. The anti-proliferative effect of
the inhibitor was assessed using the MTT cell viability test. Data are expressed as mean + SD, *** p < 0.001 compared to
non-treated cells, n = 3. (B) NCI-H1581 and NCI-H1703 cells were grown in 3D BD Matrigel® for 14 days in the presence of
CPL304110 in indicated concentrations. Representative pictures were taken. Scale bar represents 100 um, n = 3. (C) Western
blot analysis of FGFR1-4 protein expression was performed for lysates of all five lung cancer cell lines. Experiments were
conducted in triplicates. Representative blots are shown. (D) The circos plot depicts aCGH-derived DNA copy number
profiles (relativeLog) of the analysed lung cancer cell lines. The outer circle represents chromosome cytobands (centromeres
are shown as red bars) of the reference human genome GRCh38; middle and inner circle show a copy number changes in
the NCI-H1581 and NCI-H1703 cells (respectively), in comparison to the reference genome. Numbers and letters on the
outside indicate chromosomes.

3.2. CPL304110 Induces Cell Cycle Arrest in Sensitive Cells

CPL304110-resistant cell line variants (NCI-H1581R and NCI-H1703R) were developed
to investigate the mechanism of acquired resistance to FGFR inhibition. Resistance to
CPL304110 has been confirmed for both cell lines with analysis of 3D cell growth in BD
Matrigel® (Figure 2A and Figure S2A) and proliferation assay (Figure 2B). Analysis of cell
cycle revealed that it was affected by inhibition of FGFR only in sensitive cells.

CPL304110-induced cell cycle arrest in GO/G1 phase was observed for NCI-H1581 and
NCI-H1703 but not in resistant cell variants (Figure 2C). This has been supported by analysis
of CPL304110 impact on expression/activity of proteins involved directly in regulation of
cell cycle. Upon CPL304110 treatment, sensitive cells displayed a downregulated expression
of CDK4 and CDKG6 together with a decrease in Rb phosphorylation and upregulation of
p27, which is a well-known cell cycle inhibitor. For both resistant variants, treatment with
CPL304110 did not affect the level of any of the cell cycle-related proteins (Figure S2B).
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Figure 2. CPL304110-mediated cell cycle arrest. Resistance to CPL304110 was induced in NCI-H1581 and NCI-H1703 by
chronic exposure to CPL304110. (A) Response of sensitive and resistant cells to the FGFR inhibitor was analysed in 3D BD
Matrigel®. After 14 days of culture, representative pictures were taken. Scale bar represents 100 um, n = 3. (B) Proliferation
of sensitive and resistant cells in the presence of CPL304110 was evaluated with MTT test. Data are expressed as mean + SD,
*p <0.01, ** p <0.001, n = 3. (C) Cell cycle analysis of CPL304110-treated cells. Sensitive and resistant cell variants were
serum-starved and subsequently treated with CPL304110 (0.1 uM for NCI-H1581 and NCI-H1581R; 1 uM for NCI-H1703
and NCI-H1703R) for 48 h. Bar graphs represent the fold change of cells arrested in the GO/G1 phase. Data are expressed
as mean + SD, * p < 0.01, n = 3. (D) Circos plots representing a copy number variation (relativeLog) in NCI-H1581 vs.
NCI-H1581R (left circos) and NCI-H1703 vs. NCI-H1703R (right circos). The outer circle represents chromosome cytobands
(the centromeres are shown as a red bar) of the reference human genomeGRCh38 middle and the inner circle represents a
copy number variation in the sensitive and resistant variant (respectively), in comparison to reference genome. Numbers
and letters on the outside indicate chromosomes.
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In Principal Component Analysis, the main source of variance in gene expression
profile was related to the type of cell line. First Principal Component (PC1) was responsible
for 74% of the variance in gene expression and was related to the NCI-H1581 vs. NCI-H1703
difference. PC2 was identified as related to NCI-H1581R vs. NCI-H1581 difference (13%
of variance), while PC3 was related to NCI-H1703R vs. NCI-H1703 difference (only 5% of
variance) (Figure S2C). Additionally, hierarchical clustering showed that samples group
preferentially by cell line type but not by their sensitivity to FGFR inhibition (resistant vs.
sensitive) (Figure S2D). The comparison of CNV patterns between sensitive and resistant
variants revealed several differences, which might be related to the acquisition of resistance
to CPL304110 (Figure 2D). Interestingly, different changes were observed in each cell line.
The majority of genetic events observed in NCI-H1581R were connected with a reduction
of DNA copy number compared to NCI-H1581 but still resulting in more DNA copies than
in normal reference genome. This trend was observed in large parts of chromosomes 2, 3, 6,
8,12, and 15 and small portions of chromosomes 10 and 18. On the contrary, NCI-H1703R
showed an increase in DNA copy number within the portion of chromosomes 3, 5, 8, 22,
and X, normalisation of DNA copy number in the fragment of chromosomes 3, 4, and 5,
and decrease of DNA copy number in part of chromosome 11. Such a diverse pattern of
copy number alterations accompanying acquired resistance to CPL304110 may suggest
different mechanisms of drug resistance in analysed cell lines.

3.3. Identification of Potential Biomarker of Acquired Resistance to CPL304110 Inhibitor

In further experiments, the molecular mechanism of acquired cell resistance to CPL304110
was investigated. Multiple studies demonstrated that the mechanisms of acquired resis-
tance to TKIs are associated with reactivation of downstream signalling, which initially
is switched off by applied inhibitors [27,28]. When CPL304110-sensitive cells were com-
pared to their resistant variants, it was found that the phosphorylation of FGFR and
its direct downstream effector proteins Fibroblast Growth Factor Receptor Substrate 2-«
(FRS2-o) and phospholipase C-y-1 (PLC-y-1) were decreased in NCI-H1581R and NCI-
H1703R (Figure 3A). Additionally, we investigated the expression and phosphorylation
levels of AKT, ERK, and p38 MAPK, which have been previously implicated in mediat-
ing the acquired resistance to RTK inhibitors in lung cancer cells [14,15,29,30]. For both
CPL304110-resistant cell lines, no changes in expression level, as well as phosphorylation,
were observed for AKT and ERK compared to corresponding sensitive variants.

Interestingly, NCI-H1581R and NCI-H1703R demonstrated an increased expression
and phosphorylation of p38 kinase, indicating its upregulation as a possible common
mechanism of acquired resistance to FGFR inhibition. Additionally, Western blot analysis
of p38 expression level in all five originally investigated lung cancer cell lines (Figure S3)
confirmed that it is related to acquired resistance and does not correlate with the initial
cells response to CPL304110.

To investigate the genomic changes related to CPL304110 resistance, a copy number
analysis of p38-related genes was performed (Figure 3B,C). In both NCI-H1581R and
NCI-H1703R, the analysis revealed a decrease in copy number of the following genes:
MYC, PTK2, ADCY8, MAFA, MAPKS8IP1, EIF4EBP1, and FGFR1. Our RNA-sequencing
analyses of p38 signalling (Figure S4A-F) revealed a panel of 54 genes common for both
analysed cell lines with the same pattern of changes in expression following the acquisition
of resistance to CPL304110. Among these genes, members of MAPK, TGFf, PI3K, EGF,
and FGF pathways were found, as well as genes involved in the regulation of cell cycle and
apoptosis (Figure 3D). Interestingly, three genes (MYC, EIF4EBP1, and FGFR1) showed a
decrease in both copy number and expression in resistant cell variants.

3.4. p38 Mediates Resistance to FGFR Inhibition in Lung Cancer Cells

Previous results led to an assumption that p38 kinase may be involved in the mech-
anism of resistance to CPL304110. To further verify whether p38 mediates resistance to
FGEFR inhibitor, we analysed how SB202190, a chemical inhibitor of p38, affects cell growth
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in 3D BD Matrigel®, proliferation, and response to CPL304110. The inhibitory effect of
5B202190 on p38 activity was analysed with Western blot (Figure S5). Interestingly, we
observed that the inhibition of p38 resulted in reduced cell growth in 3D and impaired
the colony formation of CPL304110-resistant cells. Furthermore, the inhibition of p38 with
5B202190 restored the sensitivity of NCI-H1581R and NCI-H1703R cells to CPL304110
as dual inhibition of FGFR and p38 led to reduced cell growth in 3D and proliferation
(Figure 4A,B and Figure S6), as well as impaired colony formation (Figure S7). In concor-
dance with these results, we observed reduced cell growth in 3D upon treatment with
another commercially available p38 inhibitor, SB203580 (Figure S8). These results further
indicated p38 involvement in CPL304110 resistance.

As inhibition of p38 resensitised CPL304110-resistant cells to FGFR inhibition, we
investigated whether the overexpression of p38 was sufficient to confer resistance to
CPL304110 in sensitive cells. We established two cell lines (NCI-H1581/p381 and NCI-
H1703/p381) with a stable overexpression of p38 (and concomitant increase in p38 phos-
phorylation) (Figure 5A) to mimic p38 status in CPL304110-resistant cells. Interestingly,
the ectopic overexpression of p38 led to significantly impaired sensitivity to CPL304110,
as the proliferation and 3D growth of NCI-H1581/p381 and NCI-H1703/p381 were not
or barely affected by FGFR inhibition (Figure 5B,C and Figure S9). The obtained results
indicate that acquired resistance to FGFR inhibition in lung cancer cells is mediated by p38,
suggesting that dual inhibition of FGFR and p38 might serve as a feasible direction in lung
cancer targeted therapy.
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Figure 3. Involvement of p38 kinase in resistance to FGFR inhibition. (A) Protein expression/phosphorylation levels of

FGFR and its direct downstream effectors were analysed with Western blot. Experiments were conducted in triplicates.

Representative blots are shown. (B) A circos plot showing a copy number variation (relativeLog) in resistant variant of

NCI-H1581 (outer circle) and NCI-H1703 (inner circle) cell lines in comparison to respective sensitive variant. Enlarged

circos plot with a legible gene names is shown in Supplementary Materials. (C) A heat map showing genes with copy

number variation (CNV) between sensitive versus resistant variant (data subjected to rlog transformation). (D) A heat map

showing differentially expressed genes between sensitive versus resistant cell line variants (only genes with the mutual

direction of change in both analysed cell lines are shown; data subjected to rlog transformation).
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Figure 4. p38 activity mediates in CPL304110-induced cell growth inhibition. (A) Sensitive and resistant variants of NCI-
H1581 and NCI-H1703 cells were grown with CPL304110 (0.1 uM for NCI-H1581 and NCI-H1581R; 1 uM for NCI-H1703
and NCI-H1703R) and /or SB202190 (2 uM) in 3D BD Matrigel®. Cell growth was measured with Image]J software after
14 days of culture. Representative pictures were taken. Scale bar represents 100 um, n = 3. (B) Proliferation analysis was
evaluated by MTT in sensitive and resistant cells exposed to CPL304110 (0.1 uM for NCI-H1581 and NCI-H1581R; 1 uM for

NCI-H1703 and NCI-H1703R) and /or SB202190 (2 uM) for 96 h. Data are expressed as mean + SD, ** p < 0.005, n = 3.
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Figure 5. p38 MAPK overexpression induces resistance to FGFR inhibition. (A) p38 kinase overexpression was established
in NCI-H1581 and NCI-H1703 cells and confirmed with Western blot. Experiments were conducted in triplicates. Represen-
tative blots are shown. (B) Cell growth in 3D BD Matrigel® and (C) cell proliferation in the presence of CPL304110 (0.1 uM
for NCI-H1581, NCI-H1581R, NCI-H1581/p387; 1 uM for NCI-H1703, NCI-H1703R, NCI-H1703/p381) was assessed. Cells
were cultured in 3D BD Matrigel® for 14 days. Representative pictures were taken. Scale bar represents 100 um, n = 3. Cell

proliferation was assessed using MTT viability assay after 96 h. Data are expressed as mean + SD, *** p < 0.001, n = 3.
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4. Discussion

Deregulation of FGFR signalling has a significant impact on cancer development
and progression. Therefore, extensive preclinical and clinical studies were undertaken to
introduce the new generation of selective FGFR inhibitors to anti-cancer therapy. FGFR1
amplification is one of the most common genomic alterations in SCC. Therefore, FGFR1 has
been considered as one of the promising therapeutic targets [31-34]. Herein, we present
preclinical studies for a novel FGFR inhibitor, CPL304110, which is currently in phase I of
clinical trials in adults with advanced solid malignancies. After the analysis of response to
CPL304110 in the panel of five lung cancer cell lines, the two most sensitive, NCI-H1581
and NCI-H1703, were used for further studies. CNV and gene expression analysis revealed
a significant variability between NCI-H1581 and NCI-H1703, which could suggest differ-
ences in the molecular mechanism underlying the emergence of acquired resistance to
FGER inhibitor. Subsequently, the resistant variants of these cells were developed in order
to investigate a possible molecular mechanism of acquired resistance to FGFR inhibitor.
We found that both CPL304110-resistant cell lines (NCI-H1581R and NCI-H1703R) were
characterised by “switched off” FGFR signalling. Although several studies indicated the
reactivation of PI3K/AKT and MAPK pathways as a possible bypass mechanism of re-
sistance to FGFR inhibition [15,27,28,35], we did not observe any significant changes in
the expression/phosphorylation level of AKT or ERK1/2 in resistant cell lines. Interest-
ingly, both NCI-H1581R and NCI-H1703R demonstrated an increase in expression and
phosphorylation of p38 kinase. Moreover, the ectopic overexpression of p38 kinase in
CPL304110-sensitive cells conferred the resistance to the inhibitor, whereas the inhibition of
p38 activity with SB202190 and SB203580 led to CPL304110-mediated growth suppression
of both resistant variants. Overall, p38 kinase is activated in response to a variety of
extracellular stimuli and is mainly described as a stress-activated kinase. In accordance
with our observations, a previous study showed that dual inhibition of EGFR and p38 had
a synergistic inhibitory effect on the proliferation of bladder cancer cell lines [36]. More-
over, another research unveiled that p38 MAPK confers intrinsic resistance to EGFR TKIs,
lapatinib and gefitinib, in K-Ras mutant colon cancer cell lines, by concurrent stimulation
of EGFR gene transcription and protein dephosphorylation [37]. In NSCLC cell lines and a
mouse PDX model, Yeung et al. showed that acquired resistance to gefitinib is mediated
by YAP-MKK3/6-p38 MAPK-STAT3 signalling, and both inhibition and knockdown of
p38 result in cell resensitisation and overcoming resistance [38]. Meanwhile, Malchers
et al. reported that PD173074, a pan-FGFR inhibitor, induced apoptosis in lung cancer
cells overexpressing both FGFR1 and MYC but not FGFR1 alone, suggesting that MYC is
required for cell response to FGFR inhibition [39]. These results are in concordance with
our data demonstrating a decrease in CNV and gene expression of both FGFR1 and MYC in
resistant variants of NCI-H1581 and NCI-H1703. It was also reported that the mechanism of
resistance to FGFR inhibitor was accompanied by NRAS amplification and DUSP6 deletion
(member of a subfamily of protein tyrosine phosphatases known as dual-specificity phos-
phatases, negative regulators of MAPK signalling [40]), which led to the MAPK pathway
reactivation [14]. Moreover, the silencing of DUSP6 led to an increase in p38 phosphoryla-
tion [41]. Interestingly DUSP6-mediated negative regulation of p38 has been demonstrated
in hepatocellular carcinoma, where enhanced polyubiquitination and the degradation of
DUSP6 contributed to the increased phosphorylation of p38. This led to cell proliferation
and cell cycle progression of cancer cells via activation of p38 pathway [42]. In line with
these studies, we observed that both resistant cell variants showed a significant decrease
in DUSP6 gene expression with a subsequent increase in p38 protein expression. These
results confirmed that the bypass mechanism of resistance to CPL304110 in these cell lines
is driven by p38 kinase. We can speculate that resistance to FGFR inhibition is mediated by
MAPK pathway activation, possibly in concert with the loss of DUSP6. Taking into account
that our RNA-sequencing analyses of p38 signalling revealed a panel of 54 genes common
for both analysed cell lines with the same pattern of changes in expression following the
acquisition of resistance to CPL304110, there are several other gene candidates possibly
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involved in the mechanism of FGFR inhibition resistance. Among these genes, members of
MAPK, TGFp, PI3K, EGF, and FGF pathways, as well as genes involved in the regulation
of cell cycle and apoptosis, were found. Further evaluation of these pathways would be
required to identify the complexity of the resistance mechanism.

Herein, for the first time, we demonstrate that despite initial genomic and transcrip-
tomic differences between CPL304110-sensitive cell lines revealed by CNV analysis by
aCGH and RNA sequencing, in both NCI-H1581 and NCI-H1703 cells, activation of p38
kinase is involved in the development of acquired resistance to FGFR inhibition. In conclu-
sion, targeting p38 activity may be a potential therapeutic approach to circumvent FGFR
inhibitor resistance.

Supplementary Materials: The following are available online at https://www.mdpi.com/article/
10.3390/cells10123363/s1, Figure S1: Quantitative analysis of NCI-H1581 cells grown in 3D BD
Matrigel®in the presence of CPL304110; Figure S2: Quantitative analysis of NCI-H1581 and cells
grown in 3D BD Matrigel®; Western Blot analysis of proteins involved in cell cycle regulation;
Analysis of variance between sensitive and CPL304110-resistant cells; Figure S3: Western blot
analysis of p38 protein expression in all tested cell lines; Figure S4: Hierarchical clustering of gene
sets/pathways related to p38, p38 MAPK pathway, MAPK pathway, and p38 substrates; Figure S5:
Western blot analysis was performed to assess phosphorylation of p38 in sensitive and resistant cell
lines upon SB202190 treatment; Figure S6: Quantitative analysis of NCI-H1581 and NCI-H1581R
cells lines grown in 3D BD Matrigel®in the presence of CPL304110 and/or SB202190; Figure S7:
Colony formation assay was performed for sensitive and resistant cells treated with CPL304110
and/or SB202190; Figure S8: Sensitive and resistant variants of NCI-H1581 and NCI-H1703 cells
were grown with CPL304110 and/or SB203580 in 3D BD Matrigel®; Figure S9: Quantitative analysis
of NCI-H1581, NCI-H1581R, and NCI-H1581/p387 cells grown in 3D BD Matrigel®in the presence
of CPL304110.
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Introduction: The progression of solid cancers is manifested at the systemic level
as molecular changes in the metabolome of body fluids, an emerging source of
cancer biomarkers.

Methods: We analyzed quantitatively the serum metabolite profile using high-
resolution mass spectrometry. Metabolic profiles were compared between
breast cancer patients (n=112) and two groups of healthy women (from Poland
and Norway; n=95 and n=112, respectively) with similar age distributions.

Results: Despite differences between both cohorts of controls, a set of 43
metabolites and lipids uniformly discriminated against breast cancer patients
and healthy women. Moreover, smaller groups of female patients with other
types of solid cancers (colorectal, head and neck, and lung cancers) were
analyzed, which revealed a set of 42 metabolites and lipids that uniformly
differentiated all three cancer types from both cohorts of healthy women. A
common part of both sets, which could be called a multi-cancer signature,
contained 23 compounds, which included reduced levels of a few amino acids
(alanine, aspartate, glutamine, histidine, phenylalanine, and leucine/isoleucine),
lysophosphatidylcholines (exemplified by LPC(18:0)), and diglycerides.
Interestingly, a reduced concentration of the most abundant cholesteryl ester
(CE(18:2)) typical for other cancers was the least significant in the serum of breast
cancer patients. Components present in a multi-cancer signature enabled the
establishment of a well-performing breast cancer classifier, which predicted
cancer with a very high precision in independent groups of women (AUC>0.95).
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Discussion: In conclusion, metabolites critical for discriminating breast cancer
patients from controls included components of hypothetical multi-cancer
signature, which indicated wider potential applicability of a general serum
metabolome cancer biomarker.

KEYWORDS

biomarker, breast cancer, high-resolution mass spectrometry, metabolomics,
multicancer signature, serum metabolome, The HUNT study

1 Introduction

In women’s population breast cancer (BC) represents 25% of
newly diagnosed cancer cases and about 15% of cancer-related
deaths worldwide. In many developed countries, this cancer ranks
first on the list of morbidity and mortality among all malignancies.
Moreover, according to epidemiologic forecasts, both values will
increase over the next decades (1). Therefore, intensive research is
needed on the mechanisms of development of this very
heterogenous malignancy (2) to clarify many aspects of its
molecular biology further and identify biomarkers for risk
assessment and early detection of this cancer (3).

Since 1920, when Otto Warburg noticed the accumulation of
lactate in tumor tissue due to increased glucose consumption by
aerobic glycolysis, cancer metabolomics has made great progress (4,
5). The metabolome combines information resulting from both
endogenous processes and exogenous interactions, thus providing
insight into cellular mechanisms and their modifications caused by
a wide range of stimuli. In addition, metabolic changes are visible
earlier than phenotypic ones, and their examination is possible in a
quick and minimally invasive way (e.g., by determination in body
fluids). Studying the profiles of metabolites enables the creation of
so-called “metabolic fingerprints”, i.e. changes in the metabolome
characteristic of a specific state of the body. Numerous studies have
been conducted to characterize cancer-related changes, using
different cohorts and on various types of material (tissue, blood,
etc.) (6, 7). Metabolic features of breast cancer were addressed in
several reports, including information on cancer-related changes in
the metabolism of amino acids, fatty acids, or glycerolipids (8-11).
Unfortunately, reported results are ambiguous, hence the metabolic
fingerprint for breast cancer and its specificity regarding other
cancer types have yet to be fully characterized (12).

In the current study, we performed a quantitative analysis of
metabolites present in serum samples of breast cancer patients and
two cohorts of healthy women, which allowed us to identify
differences in the metabolic profiles of healthy women and
patients diagnosed with breast cancer. Moreover, women with
three other types of solid cancers (colorectal cancer, head and
neck cancer, and lung cancer) were included in the study, which
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revealed “multi-cancer” characteristics of certain metabolic features
observed in patients with breast cancer.

2 Materials and methods
2.1 Characteristics of analyzed groups

The clinical material was collected at the Maria Sklodowska-
Curie National Research Institute of Oncology, Gliwice Branch
between 2010 and 2020. Blood samples were collected from women
patients with breast (BC), colorectal (CC), head and neck (HC), and
lung (LC) cancers before the start of cancer therapy. Two groups of
healthy donors were included in the study: healthy volunteers living
in the Silesia region, Poland (Ctr_P), recruited in the same period as
cancer patients, and a subset of healthy women selected from
participants of the HUNT2 study performed between 1995 and
1997 in the Trendelag region, Norway (Ctr_N). The Trendelag
Health Study (HUNT) is a collaboration between HUNT Research
Centre (Faculty of Medicine and Health Sciences, Norwegian
University of Science and Technology NTNU), Trondelag County
Council, Central Norway Regional Health Authority, and the
Norwegian Institute of Public Health (13). The latter set included
women selected from a group of 450 healthy participants analyzed
in a previously published study (14) to match the age of BC patients
(see diagram in Supplementary Figure S1). Consequently, two
independent cohorts of healthy controls were included: Ctr_P and
Ctr_N. The characteristics of the study cohort are presented in
Table 1. Peripheral blood was collected into a 5 mL BD Vacutainer
Tube, incubated for 30 min at room temperature to allow clotting,
and then centrifuged at 1000x g for 10 min to remove the clot. The
serum was aliquoted and stored at —80°C before further processing.
The study was conducted following the Declaration of Helsinki, and
approved by the Ethics Committee of Maria Sklodowska-Curie
National Research Institute of Oncology, Gliwice Branch (KB/493-
53/10 and KB/430-84/20) and the Regional Committee for Medical
and Health Research Ethics (REK#1995/8395 and REK#2017/2231).
All participants provided informed consent indicating their
voluntary participation.
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TABLE 1 Characteristics of the study cohorts.

10.3389/fonc.2024.1377373

Control Control Breast Colorectal Head & Lung
(Poland) (Norway) Cancer Cancer Neck Cancer Cancer
Abbreviation Ctr_P Ctr_N BC CC HC LC
N 95 35+ 112 35+ 112 35+ 30 32 35
Age (years) 483 53.7 493 63.0 493 60.5 64.8 [10.5) 59.4 [11.9] 652 [8.8]
mean [S.D.] 6.5] [3.6]* [11.0] [9.0]* (11.0] [7.4]*
Clinical stage
1 - - - - 0 0* 6 0 9
I - - - - 56 19* 11 2 8
11 - - - - 49 14* 12 9 13
v - - - - 7 2 1 21 5

*Sub-cohort of controls and BC cases selected for comparison with other solid cancers to enable similar age distribution in all groups.

2.2 Quantitative high-resolution
mass spectrometry

Quantitative analysis of metabolites for all serum samples was
performed using the Absolute IDQ p400 HR kit (Biocrates Life
Sciences AG, Innsbruck, Austria) following the procedure
recommended by the producer (Supplementary Data: Protocol for
metabolite detection and quantification by the Absolute IDQ p400
HR kit). This is a commercial assay with an automated workflow,
whose quality, stability, and repeatability were validated in the
international ring trial (15). Orbitrap Q Exactive Plus high-
resolution mass spectrometer (Thermo Fisher Scientific,
Waltham, MA, USA) and 1290 Infinity UHPLC (Agilent, Santa
Clara, CA, USA) system was used to measure concentrations of
selected metabolites (including amino acids, biogenic amines,
hexoses, acylcarnitines, diglycerides, triglycerides, (lyso)
phosphatidylcholines, sphingolipids, and cholesteryl esters) in 10
pl human serum. Samples were measured in batches designed to
secure the same proportion of different groups with a randomized
order of samples within each group. The obtained chromatograms
and spectra were processed using Xcalibur 4.1. and MetIDQ
DB110-2976 software (Biocrates Life Sciences AG) resulting in a
matrix of concentrations of metabolites in uM. To control the
quality of quantitative analyses the coefficient of variation (CV) of
all Quality Control (QC) measurements for all metabolites was
calculated (16).

2.3 HRMS data processing

The MS dataset contained measurements of the levels of 389
metabolites present in 416 samples. Firstly, detection and
imputation of missing values were performed. According to the
recommendations of Chen and coworkers (17) a threshold of 50%
was adopted for values missing not at random (i.e., values below the
limit of detection). In the case of data missing completely at random
(i.e., generated as a result of the internal standard error), a threshold
of 10% was adopted. In the first case, missing values were imputed
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by random numbers generated from normal distribution truncated
to a segment between 0 and the median value of the limits of
quantitation for all test plates. In the second case, missing values
were imputed using the k-nearest neighbor approach (the nearest
observed data were identified using a correlation distance metric,
and the mean value of the three nearest neighbors was used based
on measurements collected for the same group). Metabolites that
were non-compliant with these criteria were excluded from further
analyses. Finally, 284 metabolites were qualified for quantitative
analysis, and the remaining 105 compounds were left for binary
analysis, which statistically tests whether the absence/presence
status of a metabolite is a group-related feature. In the next step,
the data were transformed using the log base 2 function, and then
the batch effect was corrected using an empirical Bayes method,
assuming that samples measured using a single 96-well sample
preparation plate represent one batch (18).

2.4 Statistical and bioinformatics analyses

The quantitative analysis of metabolites that differentiated BC
cases (n=112) and either control group (n=95 or n=112 for Ctr_P
and Ctr_N, respectively) was performed using the Mann-Whitney
U test, and then the Benjamini-Hochberg procedure was performed
to reduce the number of false positive results. To analyze
metabolites that differentiated either control group (n=35 for both
Ctr_P and Ctr_N) from BC (n=35), CC (n=30), HC (n=32), and LC
(n=35) cases, the Kruskal-Wallis test, followed by the post-hoc
Conover test for pairwise comparisons was implemented. All
statistical hypotheses were tested at the 5% significance level. In
addition, the “r” effect size was calculated according to the formula:
r=z/square root of N (where z is the value of the test statistic and N
is the total number of observations in two compared groups) with
interpretation according to the Cohen’s criterion (small effect - |r|
>0.1, medium effect - |r[>0.3, large effect — |r|>0.5) (19). Fisher’s
exact test was applied for metabolites that did not qualify for
quantitative analysis to determine if there was a nonrandom
association between the absence/presence of metabolites and
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analyzed groups. Hierarchical clustering was performed to assess
similarities between the analyzed groups. The median value of
metabolite abundances for samples within a particular group was
calculated (raw abundances were previously transformed to z-
scores). Each analyzed group was characterized by a vector
consisting of the calculated median value of metabolite
abundances, and then similarities between groups were analyzed
using agglomerative hierarchical cluster analysis with the
Minkowski distance between pairs of observations and the
average linkage clustering method. To assess the predictive
quality of the multi-cancer signature for distinguishing breast
cancer samples and controls, a classifier was constructed on a
dataset containing samples not used for the signature selection
(60 Ctr_P, 60 Ctr_N, 77 BC cases). A support vector machine
(SVM) model with a radial kernel function was trained on half of
the BC cases (n=39) and an equal number of Ctr_N controls, and
tested on the remaining half of the BC cases (n=38) and an equal
number of Ctr_P controls (see diagram in Supplementary Figure
S1); this design enabled the validation of the universality of
classification model using different populations of healthy women.
The prediction quality on the test set was evaluated in terms of
accuracy, sensitivity, specificity, positive and negative predictive
value (PPV and NPV, respectively), and area under the receiver
operating characteristic curve (AUC). To obtain a reliable
estimation of classification quality, the procedures (sampling,
training, and testing/validation) were repeated 500 times. All
analyses were performed using the R Statistical Software (version
4.1.2, R Foundation for Statistical Computing, Vienna, Austria).
The metabolic pathway enrichment analysis was performed using
the MetaboAnalyst 5.0 platform for all quantitative data (https://
www.metaboanalyst.ca/MetaboAnalyst/ModuleView.xhtml; last
access October 6, 2023).

3 Results

3.1 HRMS-based analysis of serum
metabolites revealed compounds
discriminating between controls and breast
cancer cases

Serum metabolite and lipid profiles were analyzed quantitatively
by HRMS in a set of samples collected from breast cancer patients
and two cohorts of healthy women living in Poland or Norway;
three other types of solid cancer were also used for the comparison
(baseline characteristics of the study groups are presented in
Table 1; a similar age distribution was ensured between the
compared groups). This approach enabled the detection of 389
metabolites, among which 284 compounds quantified in the
majority of samples were used in quantitative analyses. The
median value of concentrations of quantified compounds and the
strength of differences between controls and BC cases are presented
in Figure 1A. Good separation of cancer and control samples in the
unsupervised Principal Component Analysis (PCA) was noted;
moreover, a separation was also observed between both groups of
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control samples (Figure 1B, also see Supplementary Figure SIA for
the results of the OPLS-DA analysis). There were 60 serum
metabolites whose levels were significantly different between BC
cases and Polish controls (medium or large effect size), including 49
metabolites downregulated and 11 upregulated in BC cases. On the
other hand, there were 114 metabolites with levels significantly
different between BC cases and Norwegian controls, including 88
downregulated and 26 upregulated in cancer samples (see
Supplementary Table SI for details). Moreover, when the
remaining set of 105 metabolites not qualified for quantitative
analysis was tested for the absence/presence status, 5 metabolites
(AC(15:0), AC(18:1), DG(38:0), PC(44:3), Cer(44:0)) were
significantly under-represented in BC cases compared to Polish
controls. On the other hand, 4 metabolites (AC(7:0), LPC-O(17:1),
PC(35:0), PC(44:10)) were under-represented while 4 metabolites
(AC(4:0-OH), spermidine, PC-O(44:5), PC-O(32:0)) were over-
represented in BC cases compared to Norwegian controls
(Supplementary Table S2).

Differences between (Polish) breast cancer cases and Norwegian
controls in concentrations of serum metabolites were stronger than
differences between cases and Polish controls (Figure 1C); the
medians of the effect sizes equal 0.228 and 0.153, respectively.
Partially different sets of metabolites that discriminated against
BC cases and either group of controls were related to significant
differences between both control groups. We found 85 compounds
with different concentrations between Ctr_P and Ctr_N groups
(Supplementary Table S1). Nevertheless, a large set of metabolites
commonly differentiated BC cases from both control groups: there
were 33 overlapped metabolites significantly downregulated in BC
cases and 10 metabolites significantly upregulated in BC cases in
comparison to both control cohorts (medium or large effect size;
Supplementary Table S1). Importantly, the identification of the
same features in two different cohorts of healthy women indicated a
universal significance of the signature, which could be called the
“breast cancer signature”. This signature included 13 amino acids,
12 lysophosphatidylcholines, and 6 diglycerides downregulated in
BC cases as well as 9 acylcarnitines upregulated in BC cases.
Noteworthy, the increased level of hexoses (incl. glucose) detected
in cancer samples was significantly higher compared to Polish
controls than compared to Norwegian controls (large and small
effect size, respectively). The volcano plot in Figure 1D and
Supplementary Figure S3 illustrates the metabolites that showed
the most robust differences between controls and BC cases. These
included glutamic acid (Glu) and aspartic acid (Asp) whose
concentration was markedly reduced in the serum of BC patients
compared to both groups of healthy controls (Figure 1E). Moreover,
assuming the potential functional redundancy of lipids from the
same class, aggregated amounts of major classes of detected lipids
were also compared (Figure 1F). We found that total levels of
lysophosphatidylcholines (LPC) and diglycerides (DG) were
markedly reduced in sera of breast cancer patients compared to
both groups of controls (effect size r<-0.3). Similar total levels of
lipid classes were observed in sera of healthy individuals from both
control cohorts (except for lysophosphatidylcholines slightly
upregulated in Norwegian controls).
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FIGURE 1

Characterization of the serum metabolome profile analyzed by mass spectrometry in breast cancer patients and healthy women. Panel (A) — Levels
of metabolites in serum samples from 112 Norwegian and 95 Polish controls (Ctr_N and Ctr_P, respectively) and 112 cancer cases (BC); heatmap
visualizes median levels of analyzed metabolites in each group (raw abundances were converted into z-scores) and magnitudes of differences
between groups (quantified as “r" effect size). Panel (B) — Plot of the data in two dimensions of the first two principal components of PCA analysis to
visually identify clusters; cases and controls are marked separately (large circles represent the average of each group). Panel (C) — The histograms for
metabolites that showed the increased significance of differences between BC cases and either group of controls (vertical lines represent the
median value of “r" effect sizes). Panel (D) — The volcano plot representing metabolites with significantly different concentrations between BC and
Ctr_P; shown is the fold-change and corresponding p-value. Panel (E) — Concentrations of glutamic acid (Glu) and aspartic acid (Asp) in samples of
BC cases and controls. Panel (F) — Differences in aggregated concentration of different classes of lipids between BC cases and controls. Boxplots
represent minimum, lower quartile, median, upper quartile, and maximum; medium (|r|>0.3) or large (|r|>0.5) effect size is marked with one hash (#)
or two hash (##) symbols, respectively; AC — acylcarnitines, DG — diglycerides, TG - triglycerides, LPC — lysophosphatidylcholines, PC —
phosphatidylcholines, SM — sphingomyelins, Cer — ceramides, CE — cholesteryl esters.

3.2 HRMS-based analysis of serum lipids specificity for this particular cancer compared to features of serum
and metabolites revealed a common set of  metabolome observed in other types of solid cancers. Therefore,
compounds that differentiated controls additional groups of women patients diagnosed with either colorectal
from breast cancer cases and three other cancer (CC), head and neck cancer (HC), or lung cancer (LC) were
types of solid cancers included in the analysis. Assuming that the age of participants is a

potential confounding factor in this type of study, smaller sub-
Knowing serum metabolites that differentiated breast cancer ~ cohorts of healthy controls and BC cases were selected to enable a
patients from healthy controls, we aimed to check its potential  similar age distribution in all groups (Table 1). The median value of
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The serum metabolome features differentiate healthy women and patients with four types of solid cancers. Panel (A) — Plot of the data in two
dimensions of the first two principal components of PCA analysis of samples of women diagnosed with breast (BC), colorectal (CC), head and neck
(HC), and lung (LC) cancers, and healthy controls (large circles represent the average of each group). Panel (B) — Dendrogram of the hierarchical
binary cluster tree of six groups based on the median value of metabolite concentrations; the height of each U represents the Minkowski distance
between the two analyzed groups being connected within a cluster. Panel (C) — Differences in aggregated concentrations of the major classes of
lipids between controls and four types of cancers; medium (|r[>0.3) or large (|r|>0.5) effect size of differences between control and particular cancer
type is marked with one hash (#) or two hash (##) symbols, respectively (green marks on left and blue marks on right represent the significance of
differences between cancer cases and Ctr_N or Ctr_P, respectively). Panel (D) — The Venn diagram showing the overlap of metabolites that
discriminated four types of solid cancers from both groups of controls consistently (large and medium effect size). Panel (E) - Concentrations of
selected metabolites that differentiated controls and four types of cancers (the effect size is marked as in Panel C).

concentrations of quantified compounds in all six groups and the
strength of differences between controls and each cancer type are
presented in Supplementary Figure S4. When clusters of samples
were observed in the PCA analysis, both control groups were distinct
from any cancer cases; Norwegian controls were the most dissimilar
(Figure 2A; the analysis was based on all quantitated metabolites; also
see Supplementary Figure SIB for the results of the OPLS-DA
analysis). Similarly, unsupervised hierarchical clustering of
“averaged group representatives” revealed the largest distance of
controls from all cancer types (Figure 2B); CC cases and HC cases
appeared the most similar. When the average strength of differences
between controls and cancer cases were compared (based on the
histogram of metabolites differentiating controls and cases with
increasing effect size), the biggest effect was noted for CC and HC
cases, while the effect was lower for BC cases (median value of the
effect sizes equal to 0.157 and 0.259 for Ctr_P and Ctr_N,
respectively) (Supplementary Figures S5A, B). Aggregated amounts
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of the major classes of lipids were also analyzed which revealed
reduced levels of total serum lysophosphatidylcholines and
diglycerides as a general cancer-related feature. On the other hand,
certain lipid features characteristic of CC, HC, and LC were not
observed in BC cases. These included downregulation of ceramides,
sphingomyelins, and cholesteryl esters; the latter feature (i.e.,
downregulation of cholesteryl esters compared to both control
groups) was statistically significant in all solid cancers except BC
cases (Figure 2C).

Furthermore, we searched for specific metabolites whose serum
levels differentiated both control cohorts from all cancer types (ie.,
components of a hypothetical “multi-cancer” signature); cancer cases
were analyzed against each control cohort separately (Supplementary
Table S3). We found that 29 features discriminated between Polish
controls and all four types of solid cancers (large and medium effect size);
all but one (AC(14:1)) showed reduced concentration in cancer samples
(Supplementary Figure S5C). On the other hand, 98 features
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discriminated between Norwegian controls and all four types of solid
cancers, which included reduced total concentrations of
lysophosphatidylcholines, diglycerides, and sphingomyelins in cancer
samples (Supplementary Figure S5D). Importantly, when these two
sets of metabolites common for all cancer types were combined, 24
overlapped features were revealed (Figure 2D). This common “multi-
cancer signature” included 6 amino acids (Ala, Asp, Glu, His, Phe, Leu
+Ile), 2 DGs, 2 TGs, and 13 LPCs (and total LPC level) (Supplementary
Table $4).

This is noteworthy, that only a small fraction of compounds (5
metabolites) differentiating BC cases from both cohorts of controls
did not belong to this multi-cancer signature. Hence, the major
fraction of metabolites that differentiated controls and BC cases
showed similar differences between controls and other types of solid
cancers. On the other hand, a subset of features that discriminated
both cohorts of controls from cancers LC, HC, and CC but not from
BC cases was relatively large (14 features). These cancer-specific
features that were missed in the case of breast cancer included
reduced concentration of CE(18:2), which is the most abundant
cholesteryl ester detected in the serum (in general, similar
concentrations of cholesteryl esters were noted in BC cases and
controls). Examples of metabolites that discriminated control and
cancer samples, including components of a hypothetical multi-
cancer signature, are presented in Figure 2E.

3.3 Breast cancer classifier based on serum
metabolome components present in the
multi-cancer signature

Metabolites present in a hypothetical multi-cancer signature
were used to test multicomponent binary classifiers discriminating
breast cancer cases from healthy controls. Considering a high
correlation of serum concentrations of 13 LPCs present in this
signature, only an aggregated LPC level was included in the tested
model. Therefore tested signature was composed of 11 features: Ala,
Asp, Glu, His, Phe, Leu+lle, DG(34:3), DG(36:4), TG(44:2), TG
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(46:2), and total LPC. Samples used for the identification of the
multi-cancer signature were not used for training and testing of the
classifier to avoid information leaks (scheme in Supplementary
Figure S1). The classification model was trained using Norwegian
controls and tested using Polish controls; this design strengthened
the validation of the universality of the classification model. Five
hundred repeats of the train/test procedure were implemented to
assess the prediction power of the classifier. The indices of the
classification model obtained during its vali-dation are presented in
Figure 3A. In general, we found a very high prediction power of the
resulting breast cancer classifier: sensitivity=0.97, specificity=0.92,
and AUC=0.98. We concluded that a set of metabolites selected to
differentiate healthy women from patients with four types of solid
cancers (multi-cancer signature) classified an independent group of
BC cases with very high precision.

3.4 Similar metabolic pathways were
associated with breast cancer and three
other types of solid cancers

The analysis of metabolic pathways associated with a set of 43
compounds whose levels differed between both groups of controls
and BC cases (i.e., breast cancer signature) revealed several terms
primarily related to amino acid metabolism. Pathway analysis was
also performed with a set of 42 compounds whose levels differed
between both groups of controls and three other types of cancer
(CC, HC, and LC) not taking into account BC. Practically the same
pathways were associated with sets of compounds differentiating
controls from BC and compounds commonly differentiating
controls from other types of cancers (Figure 3B); however, lipids
that are not properly annotated in the used bioinformatics tool are
not illustrated in either case. Nevertheless, the top-3 pathways were

» o«

the same in both sets: “aminoacyl-tRNA bio-synthesis”, “alanine,
aspartate, and glutamate metabolism”, and “histidine metabolism”,
confirming the functional similarity of serum metabolites

characteristic of BC and other types of solid cancers.
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Comparison of the serum metabolite features characteristic of breast cancer patients and patients with other types of solid cancers. Panel (A) —
Performance of breast cancer classifier built of features present in the multi-cancer signature. The classifier was trained and tested using Norwegian
(Ctr_N) and Polish (Ctr_P) controls, respectively. Panel (B) — Metabolic pathways associated with compounds whose levels were different between
controls and BC cases (left) or controls and other types of cancers (CC, HC, LC); shown are pathways with the most significant enrichment (size of a

dot corresponds to the enrichment ratio).
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3.5 Possible confounding factors affecting
the study

The age of participants is a strong factor affecting the serum
concentrations of several metabolites, which is manifested by a
positive correlation between age and concentration of lipids,
particularly DGs (only concentrations of LPCs were age-
independent) (14). However, the compared groups have a similar
age distribution in the present study, which excluded age as a
confounding factor during the comparison between controls and
cancer cases. Nevertheless, we have performed additional analysis
where differences between the BC cases and controls were analyzed
separately in sub-cohorts of “younger” (<50 year-old) and “older”
(=50 year-old) women, which putatively mirrored their pre- and
post-menopause statuses (Supplementary Table S5). This analysis
revealed the same patterns of difference between the BC cases and
both groups of controls (Ctr_P and Ctr_N) in either age-defined
sub-cohorts, which indicated that features of cancer signature were
age-independent). Another biological factor that putatively affects
serum concentrations of metabolites is a fasting period before the
blood collection, which was not controlled in the current study for
cancer patients and Polish controls. However, based on data
obtained from healthy participants of the HUNT2 study (14), we
found that levels of lysophosphatidylcholines differentiating
controls and cancer cases (e.g., LPC(16:0), LPC(18:0), and total
LPC level) were not affected by fasting. Similarly, levels of amino
acids essential for cancer classification (Asp, Glu, Phe), which were
generally decreased in cancer samples, were barely affected by
fasting (a slight increase with time of fasting could be noted)
(Supplementary Figure S6), which further reduced the putative
confounding significance of this factor for hypothetical cancer
signature. Moreover, since the sample’s storage periods extended
two years some metabolites might have been affected by long-term
storage (20). Importantly, however, any changes induced by long-
term storage were randomly distributed over the cases (BC, CC,
HC, LC) and Ctr_P samples, which reduced the impact of this
confounding factor on the observed differences between cancer
patients and healthy controls. HUNT samples (Ctr_N) were stored
for a longer time compared to Polish samples. However, proposed
cancer signature included only compounds that jointly
differentiated cancer samples from both groups of controls, which
reduced the potential impact of differences in the storage period.
Furthermore, measuring groups of samples as separate batches
could result in differences strengthened by analytical factors such
as instrumental drift. However, in the current study, all types of
cancer and control samples were similarly distributed among sets/
batches of measurements, and then potential batch effects among
these sets were corrected during the data processing procedure.

4 Discussion

Metabolomics, which addresses the most dynamically changing
system in the human body - the metabolome, represents an
emerging opportunity for the understanding of human disease
(6). The implementation of analytical approaches based on NMR
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and mass spectrometry for the detection and quantification of
metabolites present in blood and other body fluids enabled the
identification of multicomponent signatures that could be
considered a goldmine of biomarkers of different cancers,
including breast cancer (21, 22). However, though molecular
features of breast cancer have been widely reported in the
literature, the specificity of metabolic serum fingerprint for breast
cancer has not been characterized comprehensively yet (12).

Here we applied an HRMS-based quantitative approach to
compare metabolic profiles of serum from breast cancer patients
and two cohorts of healthy women, which revealed a set of
metabolites whose serum levels were significantly different be-
tween cancer cases and controls. Cancer-related features were
clearly distinguished despite significant differences between Polish
and Norwegian cohorts of healthy women used as a control.
Differences between the cohorts of healthy women are putatively
related to differences in lifestyle-related factors, including diet and
physical activity, since the potential influence of ethnic/genetic
background was rather limited (however, due to lack of
demographic details analysis of hypothetical lifestyle-related
factors could not be performed) or changes in the metabolite
concentrations during the extend sample storage (Norwegian
samples collected in the frame of HUNT2 study were
stored for a longer period than Polish cases and controls).
We found that concentrations of most of the amino acids (Glu
and Asn in particular), diglycerides, triglycerides, and
lysophosphatidylcholines were generally decreased while
concentrations of hexoses (incl. glucose), and certain
acylcarnitines were increased in sera of breast cancer patients. A
study that applied the earlier version of the quantitative MS-based
platform than the one used in our study (the Biocrates p180 assay),
revealed significantly reduced concentrations of several amino acids
(Ala, Asn, Glu, His, Leu, Lys, Met, Orn, Phe, Thr, Trp, Val) and
biogenic amines (kynurenine and Met-SO) in plasma of breast
cancer patients (23), which was fully coherent with results of the
current study. However, metabolic patterns of breast cancer
reported in several other studies only partially overlapped with
the present study. For example, multiplatform (NMR, LC-MS, and
GC-MS) analysis of plasma metabolome performed in a group of
Hispanic women with breast cancer revealed an increased
concentration of several acylcarnitines (which was coherent with
our study) but also triglycerides, and lysophosphatidylcholines
(which was contrary to our study) (24). Another study based
on the combination of LC-MS and GC-MS showed increased
levels of Gln and acylcarnitines while decreased levels of
lysophosphatidylcholines and amino acids in plasma of breast
cancer patients, which was consistent with our study, yet levels of
glucose were decreased in cancer (25). Such inconsistencies among
reports could be due to different analytical platforms and different
demography/pathology characteristics of studied cohorts (for
example, the age of donors is a major confounding factor
affecting the profile of metabolites in serum samples (14)).
Nevertheless, the majority of studies showed reduced levels of
amino acids in the plasma or serum of breast cancer patients (8,
23, 26). Moreover, similar to our report, increased levels of glucose
(27, 28) were documented in other studies. Hence, though several
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differences among published reports exist, impaired metabolism of
amino acids (manifested by their reduced serum/plasma
concentrations) and glycolysis (manifested by increased
concentration of glucose) appeared as general metabolic features
observed in the blood of breast cancer patients.

Though major cancer-related changes in cellular metabolism
are common for malignant cells (29, 30), specific differences could
be observed when metabolic profiles of serum/plasma are compared
among patients with different types of cancer. For example,
differences in serum levels of certain amino acids and lipids were
reported in patients with different leukemias (31). Here we observed
several differences in serum metabolome patterns among four
types of solid cancers. This could be exemplified by different
serum lipid profiles: reduced levels of cholesteryl esters and
phosphatidylcholines characteristic for patients with head and
neck, lung, or colorectal cancer were not observed in patients
with breast cancer. Nevertheless, a set of metabolites that
significantly differentiated healthy controls from patients with all
types of investigated solid cancers was identified. This set of
metabolites comprised several amino acids (Ala, Asp, Glu, His,
Leu, Ile, Phe) and lysophosphatidylcholines (including the most
abundant LPC(16:0) and LPC(18:0)) with reduced serum
concentrations in cancer patients. Hence, we concluded that
metabolic features of serum that most markedly differentiated
healthy women and breast cancer patients represent a set of
metabolites common for women with different solid cancers,
which could be considered as a “multi-cancer signature”. This
conclusion was further confirmed because metabolites present in
this signature could be used to build a specific breast cancer
classifier that showed very high prediction power when validated
using independent groups of women.

The characteristic feature of the hypothetical multi-cancer
signature was the reduced serum level of amino acids and lipids,
a phenomenon widely described in the literature. In general,
reduced levels of metabolites in the serum of cancer patients
could reflect their transfer from blood to the tumor site caused by
their higher consumption by cancer cells, where they work as
biosynthesis substrates, fatty acid carriers, energy sources, and/or
signaling molecules. Increased uptake from blood and enhanced
metabolism of amino acids is a hallmark of many cancers, including
cancers addressed in the current study (32). Under different types of
stress conditions, amino acids facilitate the survival and
proliferation of cancer cells due to their essential role in
nucleotide and protein synthesis or DNA methylation. Moreover,
some amino acids function as precursors of polyamines or nitric
oxide, as well as act as signaling molecules (33). Decreased level of
circulating amino acids is linked to increased uptake by cancer cells
due to overexpression of amino acid transporters, including
SLCIA5 (Gln uptake), SLCIA4 (Ser uptake), SLC7A5 (Leu, Ile,
and Val uptake), or SLC7AI (Arg uptake) (4). Another tumor-
related feature is generally reduced levels of serum lipids (so-called
hypolipidemia) resulting from increased utilization of lipids by
cancer cells (34). Few studies showed decreased serum levels of
glycerides (35) and cholesterols (36) in breast cancer patients.
However, the most characteristic feature observed in cancer
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patients is a reduced level of circulating lysophosphatidylcholines
with a chain of palmitic, stearic, or oleic acids (LPC(16:0), LPC
(18:0), and LPC(18:1), respectively). Reduced serum levels of LPCs
putatively reflected their transfer to tumor tissue and higher
consumption by cancer cells. This effect could also result from
intensified conversion of LPC by autotaxin (ATX) to
lysophosphatidic acid (LPA), since increased ATX expression was
observed in different cancers, including breast cancer where it was
linked to the promotion of metastasis (37). Moreover,
lysophosphatidylcholine acyltransferase 1 (LPCAT1), which
catalyzes the conversion of LPC to PC, is overexpressed in
different tumors including breast cancer (38-40). Nevertheless,
the metabolism of phosphatidylcholines is significantly disturbed
in cancer cells and their increased incorporation into plasma
membranes enhances proliferation and motility. Therefore, the
changed serum levels of their precursors (e.g., choline) and/or
derivatives (e.g., lysophosphatidylcholines) are considered
promising cancer markers (41, 42). This is noteworthy that
reduced levels of LPC(18:0) were associated with an increased risk
of different tumors including breast, prostate, colorectal, and lung
cancers (14, 43, 44). The reduced level of serum cholesterol was
another cancer-related feature observed in our study, though this
effect was milder in patients with breast cancer compared to other
cancers. Nevertheless, reduced levels of cholesterol may result from
the fact that cholesterol is a key precursor of estrogen (45).
Moreover, cholesterol-reach LDLs impact the proliferation of
breast cancer cells due to the overexpression of Akt and ERK
pathway intermediates (46), and high expression of LDL
receptors was detected in breast cancer cells (47). Furthermore,
increased serum concentrations of acylcarnitines, compounds
involved in lipid and energy metabolism (48), were also
characteristic of cancer patients. Noteworthy, similar metabolic
pathways were associated with sets of compounds characteristic
of breast cancer and characteristic of other types of solid cancers.
Therefore, one should assume that metabolites whose serum levels
differentiated healthy women from patients with breast cancer and
other solid tumors were undoubtedly associated with metabolic
pathways generally impaired in cancer cells.

Concentrations of serum metabolites are markedly affected by
several biological and preanalytical confounding factors. These
confounders include but are not limited to age, fasting status, and
extended sample storage which were considered in the present
study. However, other pre-analytical factors related to sample
processing (49, 50) not controlled in the current study may be
present as the cohorts were collected in the frame of different
studies. Hence, the significance of the multi-cancer signature
proposed in our pilot study should be further validated in the
independent prospective study involving cohorts matched
regarding age and medical conditions other than cancer status,
where samples are collected and processed in fully standardized and
controlled conditions. Nevertheless, a major strength of our results
is the discovery of cancer signatures obtained in comparison with
two different cohorts of control samples, and revealing the overlap
between serum metabolome signatures of breast cancer and other
types of solid cancers.
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5 Conclusions

The high-throughput metabolomics approach implemented in
the current study revealed a set of serum metabolites that
discriminated between healthy women and breast cancer patients.
The identified breast cancer signature included metabolites
associated with known cancer-related pathways. Despite some
differences in serum metabolome profiles among women with
different solid cancers, a common set of metabolic features that
discriminated cancer patients from healthy controls was
established. Noteworthy, metabolites critical for discriminating
breast cancer patients from controls included components of a
hypothetical multi-cancer signature, which indicates wider
potential applicability of a general metabolic cancer biomarker
after its comprehensive validation.
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Impact of government policies
on the COVID-19 pandemic
unraveled by mathematical
modelling

Agata Matgorzata Wilk®%2"*, Krzysztof takomiec®'3, Krzysztof Psiuk-Maksymowicz®'> &
Krzysztof Fujarewicz ®%3"

Since the very beginning of the COVID-19 pandemic, control policies and restrictions have been

the hope for containing the rapid spread of the virus. However, the psychological and economic toll
they take on society entails the necessity to develop an optimal control strategy. Assessment of the
effectiveness of these interventions aided with mathematical modelling remains a non-trivial issue

in terms of numerical conditioning due to the high number of parameters to estimate from a highly
noisy dataset and significant correlations between policy timings. We propose a solution to the
problem of parameter non-estimability utilizing data from a set of European countries. Treating a
subset of parameters as common for all countries and the rest as country-specific, we construct a set
of individualized models incorporating 13 different pandemic control measures, and estimate their
parameters without prior assumptions. We demonstrate high predictive abilities of these models on an
independent validation set and rank the policies by their effectiveness in reducing transmission rates.
We show that raising awareness through information campaigns, providing income support, closing
schools and workplaces, cancelling public events, and maintaining an open testing policy have the
highest potential to mitigate the pandemic.

Over two years, more than 320 million confirmed cases and 5.5 million deaths' into the COVID-19 pandemic,
health systems are now better equipped with knowledge and means to suppress the SARS-CoV-2 virus trans-
mission, most importantly by mass vaccination. However, optimal control strategy remains a major issue, and
was even more challenging before the development of specialized measures. The highly contagious virus spread
rapidly throughout the world, gaining the status of a global pandemic less than four months after the first reported
case’. Governing bodies were faced with the task of containing the pandemic using means generally deemed
effective against other contagious diseases.

For detected cases and known exposed individuals, isolation and quarantine were generally implemented.
Given the route of infection and high number of asymptomatic cases, considerable efforts have been focused on
minimizing non-essential human contact. This resulted in a variety of social distancing policies, including busi-
ness and school closing, cancellation of public events and restrictions on gatherings, as well as limiting mobility
through international and internal travel controls. In extreme cases, emergency states and complete lock-downs
were imposed®. Due to the enormous socio-economic impact of these interventions and growing controversy
surrounding, for example, mandatory facial coverings, it is crucial to determine their effectiveness in mitigating
the spread of COVID-19. With the traditional, case—control study design being infeasible for a pandemic hap-
pening in real time, the solution must be found through mathematical modelling.

The ability of non-pharmaceutical interventions to reduce coronavirus spread has been the subject of many
studies harnessing a wide range of methodologies. The most common approaches include compartmental
models* !, agent-based models'*'°, mobility or social networks*”*!¢, as well as mechanistic models'’, particle
physics'® and regression'*?. Usually, the research is focused on a specific policy or a small set of policies, such
as mask use'>'*?, school closing'*'>!%?!, travel controls®'*'°, and social distancing/lockdown®>”'”!%2%, The main
factor standing in the way of including more restrictions in a single model is parameterization and numerical
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Figure 1. Structure of the SEIR model describing a single country. Susceptible individuals (Sy) are exposed (Ex)
to the virus at a rate Sl /Ni. They become infectious (Ix) at a rate kgy and recover/are removed (Ry) at a rate kg

conditioning; as noted by Castex et al.', timings of control policies are highly correlated. Jorge et al.'! solve this
issue by constructing a synthetic, time-dependent stringency index. Kéhler et al.” balance the complexity of their
model against the size of the dataset by taking advantage of prior knowledge and introducing certain constraints
on parameter values. These solutions, although effective, are not applicable in cases of poorly known systems
where it is impossible to formulate reasonable assumptions.

Here we propose a workflow for prediction of the efficiency of different policies in reducing transmission rates
of SARS-CoV-2 infections using a SEIR model incorporating 13 different pandemic control interventions. We
demonstrate a multi-step method of parameter estimation without any prior assumptions through individual-
ized modelling of a cohort of European countries, based on adjoint sensitivity analysis, non-linear least squares
and coordination. We confirm the satisfying predictive ability of our approach compared to classical modelling
strategies over a separate validation time period. Using the developed algorithm we rank control policies by their
efficiency in reducing virus transmission rates.

Methods

Epidemic model. We simulated the COVID-19 pandemic in the kth country using a version of the Suscep-
tible-Exposed-Infectious-Removed (SEIR) model?, described by the following system of ordinary differential
equations:

S'k(t) _ —ﬂk(f)i};(f)lk(f)

Ey(t) = BONOLO — By (1) . B o
; =1,., 1

Le(t) = kgrEx(t) — kI (t)

Ri(t) = kirIi ()

with initial conditions Si(0) = Ny — Iy, Ex(0) = 0, I;(0) = Iy, R (0) = 0.

In the above equations the variables S, Ey, I, and Ry represent the numbers of individuals who are susceptible,
exposed, infectious and removed from compartments for the kth country, respectively (Fig. 1). N is equal to the
sum of all compartments of the SEIR model (1) for the kth country

Ny = Si(t) + Ex(t) + Ix(t) + Ri(t) = const. (2)

The coefficients kgr and kg are parameters of the SEIR model (1) which stand for the inverse of times of viral
latency (defined as the time to becoming contagious, not to symptom onset) and of recovery from infection,
respectively. The function S (¢) represents the time-dependent virus transmission intensity for country k.

Data. The statistics on reported COVID-19 cases were taken from the JHU CSSE data repository’. Specifi-
cally, we considered two manners of reporting cases in the kth country: daily infections on the ith day, denoted as
Dy (i) (Dgi (t;) where it is necessary to indicate observed data, as opposed to D, (;) estimated from modelling)
or cumulative cases Ci (t;) (Cg (t;) or Cpi (t;) where necessary). Of course, D (t;) and C(#;) satisty the relation

Crt) = Di(t) .

j=1

Although the data contained obvious artifacts resulting from policy changes in reporting cases and retrospec-
tive updates, these were not considered exclusion criteria. We considered a time frame from the beginning of
the pandemic in Europe to the end of January 2021 when vaccinations (which are not included in the model)
started to take effect. To prevent information leakage (evaluating a model using the same data it was trained
on), the time period between 1 February 2020 and 31 November 2020 was the basis for parameter estimation,
and the final two months (between 1 December 2020 and 31 January 2021) were used to validate the models.

We used publicly available pandemic control information provided by the Oxford COVID-19 Government
Response Tracker?, focusing on European countries. We selected r = 13 policies which may potentially influence
the spread of SARS-CoV-2, with the exception of restrictions on international travel, not accounted for in the
model. We included income support and debt relief, since economic measures, while not directly limiting virus
transmission, affect the observance of restrictions.
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School closing [0-3]

Income support [0-2]

Public information campaigns [0-2]

Workplace closing [0-3]

Debt/contract relief [0-2]

Testing policy [0-3]

Cancelling public events [0-2]

Contact tracing [0-2]

Restrictions on gatherings [0-4]

Facial coverings [0-4]

Close public transport [0-2]

Stay at home requirements [0-3]

Restrictions on internal movement [0-2]

Table 1. 13 government policies to mitigate the pandemic used in the mathematical model. Numbers in
brackets represent the original value ranges of each policy.
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Figure 2. (a) Moments of enabling/disabling specific actions to prevent the spread of the COVID-19
pandemic in Poland. The enabling times are the same for debt contract relief and contact tracing, making them
indistinguishable for the model. Several policies never reach their maximum level, which makes interpretation
difficult. (b) Restriction functions for all European countries (each color represents a distinct country). Due
to the large number of countries, the figure shown is only illustrative to demonstrate that the problem of
indistinguishability of the impact of restrictions, observed for a single country, is now no longer relevant.
Separate charts for individual countries can be seen in the Supplementary File.
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For increased interpretability, we scaled all values to the range [0-1], with varying degrees of policies denoted
by fractions. Countries with incomplete data were excluded from the analysis, resulting in a total of K = 42
countries to which the model was applied.

The extents of particular government policies in a given country can be treated as time-dependent functions,
and for policy i and country k we denote them as o; (). Since the policy levels are discrete, ok;(f) takes the form
of step functions, examples of which can be seen in Fig. 2a.

Impact of restrictions. The time-dependent virus transmission intensity B(t) varies for each country
depending on the implemented restrictions and individual factors including temperature, humidity, population
density etc. We describe it as a function of restrictions incorporated during the pandemic with a generic form:

B(t) = b(1 — aro1(t) — az02(t) — -+ - — a0, (1)), (3)

where time functions o;(t) fori = 1,2, ..., r are governments’ policies (Table 1), coefficients a; are weights reflect-
ing their efficiency, and b is a constant value representing the native unaffected virus transmission intensity (pos-
sibly influenced by other factors). When all government policies are inactive then, according to the formula (3),
the virus transmission rate is unchanged and constant S(¢) = b. In addition, taking into account that functions
0;(t) takes values from 0 to 1 (1 means the strongest level of the particular restriction), it is possible to interpret
estimated parameters a; as effectiveness of the policy 0;(f). For example, if a; = 0.1 then the strongest level of the
corresponding policy o;(¢) will reduce the virus transmission rate 8(¢) by 10%.

Modelling approaches for a cohort of entities. The Eq. (3), substituted into the SEIR model (1), means
that for each country it is necessary to estimate 14 parameters (a;, az, . . ., 413, b), in addition to the parameters
kgr and kir. However, looking at the moments of enabling or disabling selected actions for a single country (in
the present case, Poland) presented in Fig. 2a, it is easy to notice that, for example, the actions “Debt / contract
relief” and “Contact tracing” were activated practically at the same time. As a result, an appropriately parameter-
ized model will not be able to distinguish the impact of these two actions, and the two parameters responsible for
these actions will be a pair of non-estimable®® parameters (an increase in one can be compensated by a decrease
in the other).

We countered this problem by incorporating data from the entire cohort of countries (Fig. 2b) and developing
an individualized approach to modeling.

Consider K real objects, systems, or processes. Each of them is described using the same model M (math-
ematical or computational), and the differences in their behavior result from: different initial conditions and
different signals affecting the objects (control signals). Each of the models is additionally described by the
m-element vector Py. Parameters are estimated on the basis of data sets obtained independently for each object:
U1, Uy, ..., Uk, which form a common dataset % = {% U %, U ... U Uk}

The task of fitting K models to data %, can be solved by creating:

(A) acommon model,
(B) independent models,
(C) the proposed individualized models.

A. Common model. This consists of estimating a common vector of parameters, the same for each of the K
models, in the form:

Pi=Py=--=Px =[a1,az..anl" (4)

based on the common dataset of %. The number of estimated unique parameters for the entire set of K models
is relatively small and is equal to m.

This modeling method is typical, for example, in statistics (e.g. linear regression), where one common model
is built based on a sample drawn from the population, then applied to each element of the population.

B. Independent models. This approach is based on the estimation of the parameter vector in the form

Pi = [bk1 bras s brm] ™ (5)

on the basis of the % independently for each of the K models, k = 1, 2, ..., K. The number of estimated parameters
in this case is very large and is equal to Km.

Such an approach is often used for technical objects and where experimental data is cheap and readily
available.

C. Individualized models. In this case, we assume that among the m parameters characterizing a single model,
r parameters aj, dy, ..., 4, are common parameters and the remaining g parameters by, by, ..., bq are individual
parameters. Of course, r + g = m. The entire parameter vector for the kth model has the form

Py :[ﬂl,az,n-,ﬂr>bk1,bk2,--~>bkq]T (6)

The number of estimated parameters in this case is a compromise and equals r 4+ gK. Basic differences between
approaches A, B and C are presented in Table 2.
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Approach

Common model

Independent models

Individualized models

Main idea

Number of parameters
Ability to fit model to data
Overfitting risk

Risk of numerically ill-conditioned
parameter estimation problem

Estimates model param-
eters from a combined
dataset of all countries

Low
Low
Low

Low

Estimate parameters for
each country separately

High
High
High
High

Estimate a subset of pa-
rameters separately for
each country and the rest
from a combined dataset

Compromise
Compromise
Compromise

Compromise

Table 2. Comparison of approaches to modeling a set of entities. Undesired characteristics are indicated in red.
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Figure 3. Block diagram of the entire COVID-19 mathematical model for the kth country. The non-stationary
parameter S (t) is calculated as a function of government policies o;(¢). The diagram presents individualized
version of the model (7), where parameters a; are common for all countries and the parameter by, is an individual
parameter for the kth country. The structure of the common and the independent models are the same—the only
difference is related to parameters of the function calculating i (¢).

For individualized simulation of the pandemic, we assumed that parameters a; representing the efficiency
of individual policies were common. Biases by, which also serve as scaling factors for policy efficiencies, were
estimated separately for each country. Therefore, based on Eq. (3), the formula for virus transmission intensity
in kth country can be written as:

Br(t) = br(1 — ayog (1) — a20k2(t) — - -+ — a, 0, (1)) . (7)

The full individualized model, containing the static part (7) calculating B (¢) followed by the SEIR model (1),
is presented in Fig. 3.

In addition to kgr and kzg which can be viewed as virus properties, the numbers of estimated parameters were:
14 for the common model, 588 for independent models, and 55 for individualized models.

Parameter estimation. Our goal was to fit the daily infections predicted by the model D, (t;) to the
observed data Dy (t;) by minimization of the quadratic objective function:

K M
MSE = > " (Dyi(ti) — Dag(£))”. (8)

k=1 i=1

It is worth explaining at this point how the SEIR model (1) is used to predict daily infections Dy, (t;). The
cumulative cases can be expressed as a sum of I(¢) and R(t) compartments of the model (1):
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Figure 4. Two-stage parameter estimation workflow for a single set of kgy and ki values. For each country,
optimal B(t) is estimated based on cumulative cases using adjoint sensitivity analysis. Based on all the B, (t)
functions and restriction functions og;(t), model parameters are estimated with non-linear least squares.

Conk (i) = Ix(ti) + R (t;) . 9)

On the other hand, the daily cases D,k (t;) may be estimated as a rate of changes of the sum from the above
equation, which, taking into account that the time unit is equal to one day, gives

d(I(t; Ry (t;
Dyi(t) ~ w — kptEx(t) . (10)

To reduce computation time we divided the parameter estimation process into two stages (Fig. 4).

Two-stage procedure.  First, in STAGE 1, we found the function B, (t) separately for each country by minimiz-
ing the following objective function:

M 2
Jo= 3" (Colt) = Cat) (1)

i=1

where C,x (t;) and Cyi (;) are the numbers of cumulative infections for country k at time ¢; predicted by the SEIR
model and obtained from data, respectively. The reason why we used here the numbers of cumulative cases was
the high noise in data of daily cases (Fig. 5).

To minimize the function Ji we used gradient descent method in which the gradient Vg ;)] was computed
using adjoint sensitivity analysis (ASA)**~%!. This stage was independent from government policies (and con-
sequently, from the modelling approach) and produced a near-perfect fit (Fig. 5).

Next, in STAGE 2, we employed the non-linear least squares method to obtain the values of parameters P,
based on the set of functions B,p; (t) and restriction functions og;(t).

We repeated this procedure for different values of parameters kg and kg. The values for which we obtained the
best global model performance then served as a starting point for their additional fine-tuning together with opti-
mizing By (t) for all countries. This optimization has been done using two-level direct method of coordination®*
where kgy and kg were treated as upper level (coordination) decision variables and S (t) were the bottom level
(local) optimized signals. Effectively, while this process can be considered an extension of STAGE! in which
coeflicients kgr and ki are not entirely arbitrary, it remains consistent with the general notion of a two-stage
parameter estimation. The first stage remains independent from government policies.

Analyses were performed using the Matlab environment, version 2021a.

Model evaluation. For a quantitative comparison of models, the root-mean-square error was calculated
for the validation period (M, = 62 days, from 1 December 2020 to 31 January 2021) against daily infections
(estimated and observed, denoted as Dy, and Dy, respectively).
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Figure 5. Example fit (Poland) based on B, over the training time period. Blue points represent daily
infections, the yellow line the seven-day moving average of daily infections, and the red line is the fit obtained by
substituting the B, (t) into the SEIR model. The red and yellow lines practically overlap.

ker kir Common model Independent models Individualized models
0.05 0.1 2.579 3.712 2.762
0.15 0.1 2.376 4.599 1.876
0.20 0.1 2.400 4.232 1.722
0.25 0.1 2.356 5.091 1.675
0.15 0.01 4.983 5.669 5.225

Table 3. Average NRMSE for different values of parameters kgr and kjg parameters. The lowest error for each
modelling approach is shown in bold. The lowest error overall was achieved for the individualized approach for
kE[ = 0.25and kIR =0.1

M+M, N )2
RMSE — Z;=M+1(Dm(tz) Dd(tz)) ) (12)
M,
Due to varying number of infections in different countries, RMSE values were normalized by the average number
of infections in the validation period.
NRMSE —RMSE
= Y : 13
M% Zf\iﬁil Dy(ti) (13)

The mean of NRMSE over all countries was considered a general measure of model quality.
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(a) Estimation results for Poland. Top panel: fitting a function of restrictions to the signal 3,,,. Bottom panel: Ability of
the model to predict daily infections. The black vertical line indicates the beginning of the validation period. As the
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Figure 6. Prediction results.

Results

Adjusting kg and kg parameters.

11-Jan-2021

CoV-2%, This is, however, not the case for independent models.

21-Jan-2021

The predictive ability of the model depends heavily on the values
of parameters kgy and kg (Table 3) with overall best performance achieved by the individualized model for
values kgr = 0.25 and kjg = 0.1. It is worth noting that for common and individualized approaches, the lowest
errors coincide with kg and kjg corresponding to latency and recovery times within ranges estimated for SARS-
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Country C Independent | Individualized | Country C Independent | Individualized
NRMSE by country
Albania 4.09 0.62 0.93 Latvia 0.70 8.13 0.88
Andorra 0.71 8.94 0.90 Lithuania 0.70 15.90 0.42
Austria 0.50 0.80 0.55 Luxembourg | 2.96 9.65 1.75
Belarus 24.39 2.96 0.81 Malta 0.39 10.39 0.69
Belgium 1.75 0.76 5.06 Moldova 4.97 19.14 1.27
Bosnia and Herzegovina 17.32 2.34 11.86 Monaco 0.93 1.06 1.03
Bulgaria 3.78 3.93 1.62 Netherlands | 0.51 4.70 0.43
Croatia 3.01 22.97 3.67 Norway 1.45 1.97 0.34
Cyprus 0.89 0.97 1.01 Poland 0.36 6.59 0.36
Czech Rep. 0.54 0.58 0.66 Portugal 0.87 0.55 0.59
Denmark 0.70 0.87 0.66 Romania 0.33 0.53 0.40
Estonia 1.27 15.52 0.46 Russia 0.35 0.24 1.14
Finland 0.37 1.29 0.39 San Marino | 0.83 0.87 0.93
France 0.68 0.97 1.40 Serbia 1.33 2.11 0.47
Germany 1.09 0.66 3.81 Slovenia 0.67 13.27 0.90
Greece 0.68 0.94 0.37 Spain 1.14 1.10 1.10
Hungary 3.15 1.31 2.56 Sweden 1.45 4.34 1.44
Iceland 1.27 15.73 1.11 Switzerland 1.15 0.88 1.05
Ireland 1.32 1.27 1.34 Turkey 3.47 3.84 3.54
Italy 2.14 4.28 8.42 Ukraine 1.32 2.09 2.67
Kosovo 3.53 10.58 1.17 UK 0.70 0.96 0.48
Common model Independent models Individualized models
Summary
Average NRMSE 2.374 4.920 1.682
Standard deviation 4.414 5.906 2222

Table 4. Performances of the final models (with optimized values of coefficients kg; = 0.2605 and
kir = 0.1020). For each country, lowest error values are in bold. Average NRMSE and standard deviation for
each approach is also presented.

The final estimates, obtained with the coordination method, are kg; = 0.2605 and kjg = 0.1020, which cor-
responds to approximately 3.8 days of latency period and 9.8 days of infectious period. These parameter values
were used in the subsequent analyses.

Predictive ability of the model. The estimation results for Poland, presented in Fig. 6, are a representa-
tive example of a general tendency observed in the behavior of our models. With few exceptions, while predic-
tions obtained with common and individualized approaches are reasonably close to the observed daily infection
numbers, the independent model displays typical signs of overfitting. The results for all countries are presented
in the Supplementary Material.

Performances of all the models are outlined in Table 4. Common and individualized approaches are similar in
terms of the number of countries where they are the best fit. Nevertheless, errors of the individualized approach
where it proved less efficient tend to be smaller, which is reflected in the average NRMSE of 1.682, as compared
to 2.374 for the common model, as well as the standard deviations. The independent modelling approach appears
inferior in all respects.

Impact of control policies. The weights a; representing the effectiveness of different interventions var-
ied between approaches, although the general inference is similar for common and individualized approaches
(Fig. 7). For the common model they were in the range between —0.04 and 0.22, for the independent models
between —2.41 and 1.66, and for the individualized models between —0.04 and 0.23.

For the individualized models, Table 5 shows the ranking of policies from the most to the least effective.

Discussion
Correct model parametrization and numerical conditioning is a non-trivial task, particularly in complex systems
with sparse data available for estimation. This issue became a major obstacle in determining the optimal strategy
for non-pharmaceutical interventions dedicated to mitigating the spread of the COVID-19 pandemic, as the
coincidence of several policies rendered the impact of individual ones indistinguishable in terms of mathematical
modelling. Furthermore, highly noisy data may cause difficulties to obtain a converged solution.

The perhaps most intuitive approach, which is modelling each country independently, may prove inadequate
for estimation of a large number of parameters, particularly when no constraints on their values are imposed.
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Figure 7. Estimated weights for control policies using different approaches. High positive values correspond
to effective policies. Since in independent models each country has its own parameter set, for demonstrative
purposes values for Poland are presented.

Rank | Policy a;
1 Public information campaigns 0.226
2 Income support 0.151
3 School closing 0.149
4 Cancel public events 0.115
5 Workplace closing 0.103
6 Testing policy 0.086
7 Restrictions on internal movement 0.041
8 Debt/contract relief 0.037
9 Facial coverings 0.025
10 Contact tracing 0.002
11 Restrictions on gatherings -0.015
12 Stay at home requirements -0.019
13 Close public transport -0.041
Sum of all a; 0.859

Table 5. Ranking of policies according to effectiveness.

Poor numerical conditioning may result in unrealistic estimations. This became apparent for the parameters kg;
and kg, for which good estimates can be found in literature. The mean latent period for COVID-19 has been
estimated as 3.3 days®, and the mean incubation period (which is reported to be up to 2 days longer than the
latent period) as 5.5 days™, 5.8 days® or 5.6 days®®. The latent period (calculated as é) for which the lowest
errors were obtained, was approximately 4 days for the common and individualized models, and 20 days for the
independent models. While the common and individualized approach produce the best results for latency times
close to the actual values reported for COVID-19, the independent approach worked best for an unrealistic value.
Moreover, NRMSE values for the independent approach vary considerably even for small changes of kgy within
a realistic range (0.15, 0.2 and 0.25), reinforcing the expectation of its numerical instability.

We developed a workflow for assessing the effect of pandemic control policies in Europe utilizing data from
the entire cohort of countries. Our individualized approach yields satisfactory results with no assumptions
regarding parameter values. Meanwhile, for independent models poor numerical conditioning was evident in that
the estimated weights a; often reached negative values (even as low as —2.41), which in practice would suggest that
the interventions increased virus transmission rates. Indeed, while introduction of a non-negativity constraint
significantly improved the performance of independent models, it had little effect on individualized models. A
common model has similar numerical advantages, however it does not capture individual country characteristics.

Comparing the values a; for individual policies, there is a pronounced inconsistency between modelling
approaches, particularly for the independent models. For example, “School closing” had a weight of 0.225 for the
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common model, 0.149 for the individualized model, and between —0.443 and 0.718 for the independent models.
As discussed above, the data used for fitting the independent models is too scarce and noisy for the considered
number of parameters to be estimable. Hence, the estimations obtained with this approach cannot reliably be
used for inference. The differences between weights estimated by common and individualized models, although
present, do not lead to drastically different conclusions—indeed, both models indicate that school closing has
a large impact on virus transmission.

Application of the methodology proposed here enabled a ranking of government policies according to their
impact. The most effective measures are public information campaigns followed closely by income support,
school and workplace closures, cancellation of public events and open testing policy. The high rank of informa-
tion campaigns emphasises the importance of knowledge and public access to verified information in mitigating
a crisis. As hypothesised at the stage of pre-selecting policies to be included in the model, providing financial
support to those affected by the pandemic proved effective, likely through reducing the necessity of bypassing
restrictions to secure livelihood. An open testing policy, particularly not limiting testing to symptomatic indi-
viduals, ensures higher detection rates and consequently more effective case isolation.

Perhaps surprisingly, some of the intuitively powerful measures such as facial coverings, restrictions on
gatherings and stay at home requirements ranked relatively low. One possible explanation is that the restric-
tions pertain to formal policies, not to the degree of their observance. Indeed, a certain pattern may be noticed.
Assuming a threshold of 0.05, the ineffective policies comprise restrictions on internal movement, debt/contract
relief, facial coverings, contact tracing, restrictions on gatherings, stay at home requirements and closing public
transport. Almost every policy deemed ineffective is less tangible, difficult to enforce and monitor. Restrictions on
internal movement, gatherings and stay at home requirements would require frequent and strict controls beyond
the capabilities of any country’s police force. Precise and exact contact tracing is practically impossible to achieve
since it relies on either the entire population providing a perfect and constant account of all their encounters or
using a geolocation device at any given time. Facial coverings, as possibly the most debated restriction, have met
with considerable resistance. Moreover, especially at the beginning of the pandemic, limited sanitary resources
were rerouted to the health system with the rest of the general population using homemade coverings. In con-
trast, the policies deemed effective are straightforward and well-defined. Public information campaigns, income
support, school closing, cancellation of public events, workplace closing and testing policy are all top-down,
independent of the individual and easily traceable. The low position in the ranking of using facial coverings may
also be attributed to infections occurring primarily by prolonged contact, for example with family, during events,
or at schools or workplaces (which ranked high), where masks are often neglected.

Notably, the sum of all a; values is 0.859, which suggests implementing all restrictions simultaneously at the
highest level would decrease the virus transmission rate to approximately 14% of its original value.

This study is not without limitations. The SEIR model used to model the pandemic is relatively simple as
it does not consider repeated infections or population structure. Furthermore, our estimations were based on
confirmed cases constituting only a fraction of the actual number of infections, many of which were asympto-
matic. One solution could be correcting the number of cases for testing capacity. However, there are consider-
able inconsistencies and gaps in reporting numbers of tests: in many countries the number of tests was reported
only several months into the pandemic, in others only cumulative number was reported weekly. In total, to
incorporate testing data, even allowing for a certain percentage of missing values, 23 countries would have to be
excluded from the analysis. The number of deaths could also be used as an alternative indicator of the course of
the pandemic. Yet, the reporting of COVID-related deaths also varied by country, even evolving within a single
country—the reported deaths were sometimes interpreted as ones directly caused by SARS-CoV-2, otherwise as
any death coinciding with infection. To some extent, testing accessibility is incorporated into our model as one of
the policies (“Testing policy”). Lower levels, usually observed at the beginning of the pandemic, indicate limited
access to tests. Higher levels, denoting unlimited access to testing, are typically observed at the later time when
the testing system was fully developed. The importance of testing capacity, allowing for more effective isolation
of infected individuals, is reflected in the high coeflicient for this policy.

This work may be extended in several directions. Additional compartments may be included in the model,
representing for example vaccinated individuals, asymptomatic cases, quarantined individuals, movement of
people between countries and so on. Alternative forms of the restriction impact function may also be considered,
including a multiplicative form.

Nevertheless, our findings lay the foundation for a new approach to parameter estimation and provide a tool
for planning pandemic control strategy.

Data availability

The data used in this study was taken from publicly available databases: Oxford COVID-19 Government
Response Tracker (OxCGRT) https://github.com/OxCGRT/covid-policy-tracker. JHU CSSE COVID-19 data
repository https://github.com/CSSEGISandData/COVID-19. Definite data and MATLAB code were made avail-
able in a GitHub repository https://github.com/AgataWilk/COVID19_ImpactOfPolicies.git.
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Abstract: The primary diagnosis of thyroid tumors based on histopathological patterns can be
ambiguous in some cases, so proper classification of thyroid diseases might be improved if molecular
biomarkers support cytological and histological assessment. In this work, tissue microarrays
representative for major types of thyroid malignancies—papillary thyroid cancer (classical and
follicular variant), follicular thyroid cancer, anaplastic thyroid cancer, and medullary thyroid
cancer—and benign thyroid follicular adenoma and normal thyroid were analyzed by mass
spectrometry imaging (MSI), and then different computation approaches were implemented to
test the suitability of the registered profiles of tryptic peptides for tumor classification. Molecular
similarity among all seven types of thyroid specimens was estimated, and multicomponent classifiers
were built for sample classification using individual MSI spectra that corresponded to small clusters
of cells. Moreover, MSI components showing the most significant differences in abundance between
the compared types of tissues detected and their putative identity were established by annotation
with fragments of proteins identified by liquid chromatography-tandem mass spectrometry in
corresponding tissue lysates. In general, high accuracy of sample classification was associated with
low inter-tissue similarity index and a high number of components with significant differences in
abundance between the tissues. Particularly, high molecular similarity was noted between three types
of tumors with follicular morphology (adenoma, follicular cancer, and follicular variant of papillary
cancer), whose differentiation represented the major classification problem in our dataset. However,
low level of the intra-tissue heterogeneity increased the accuracy of classification despite high
inter-tissue similarity (which was exemplified by normal thyroid and benign adenoma). We compared
classifiers based on all detected MSI components (1 = 1536) and the subset of the most abundant
components (n = 147). Despite relatively higher contribution of components with significantly
different abundance and lower overall inter-tissue similarity in the latter case, the precision of
classification was generally higher using all MSI components. Moreover, the classification model
based on individual spectra (a single-pixel approach) outperformed the model based on mean spectra
of tissue cores. Our result confirmed the high feasibility of MSI-based approaches to multi-class
detection of cancer types and proved the good performance of sample classification based on
individual spectra (molecular image pixels) that overcame problems related to small amounts of
heterogeneous material, which limit the applicability of classical proteomics.

Int. J. Mol. Sci. 2020, 21, 6289; doi:10.3390/ijms21176289 www.mdpi.com/journal/ijms
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1. Introduction

Though thyroid nodules are very common in the overall population, malignant tumors occur
in less than 1% of such nodules. Nevertheless, thyroid cancer is the most common endocrine cancer
and contributes to 1-2% of all new malignancies diagnosed each year worldwide. The majority of
thyroid carcinomas originate from follicular epithelial cells and include well-differentiated papillary
thyroid carcinomas (PTC; up to 80% of all thyroid malignancies) and follicular thyroid carcinomas
(FTC; about 15% of all thyroid malignancies). Moreover, undifferentiated anaplastic thyroid carcinoma
(ATC; 1-2% of all thyroid cancers), which is the most aggressive thyroid malignancy, also develop from
epithelial cells. Additionally, medullary thyroid carcinoma (MTC) is derived from the neuroendocrine
parafollicular C-cell comprises 3-5% of all thyroid cancers [1,2]. Currently, most of the thyroid tumors
are diagnosed by pathomorphological assessment alone, and such classification is the primary step in
the assessment of prognosis and selection of the treatment [3]. The primary diagnosis in the majority of
patients with thyroid cancers is based on fine-needle aspiration cytology (FNAC) of thyroid nodules;
then, further diagnosis is performed based on histopathological intra- or post-operative examination
of the resected thyroid tissue [4,5]. However, in some cases, cytological and histological patterns
are ambiguous, and proper classification is problematic [6]. Therefore, the classification of thyroid
tumors, particularly those exhibiting unusual morphological patterns, might be improved if additional
molecular tests could be applied.

It has been generally accepted that new biomarkers identified with the use of high-throughput
“omics” approaches could markedly support the classification of thyroid cancers based on
histopathological patterns [7-9]. However, one should be aware that the initial diagnosis of thyroid
tumors is based on FNAC; hence, hypothetical biomarkers have to be compatible with cytological
material collected by fine needle biopsy. Therefore, the major obstruction associated with such a
biospecimen is a low amount of material (usually up to a few hundred cells) and its high heterogeneity
(usually a mixture of tumor cells and other types of cells). It has been proposed that challenges
associated with the molecular classification of thyroid cancer using cytological material could be
approached by mass spectrometry imaging (MSI). It is an emerging technology in biomedical research
and has been recently evolving into a powerful tool in the study of various types of diseases. The major
benefit of MSI is the possibility of combining molecular and morphological information. Molecular
images generated by mass spectrometry are spatially resolved and correlated with the respective
histological images; hence, molecular profiles could be allocated to specific cells or tissue regions.
Moreover, different molecular species, e.g., proteins, peptides, lipids, drugs, and their metabolites,
can be imaged, significantly broadening the amount of information derived from a tissue [10-13].
Among many applications of MSI, there was molecular characterization and classification of different
types of solid tumors, including thyroid cancers [14-16]. It might be expected that the limitations of
fine needle biopsy—derived material could be overcome by MSI due to its ability to provide information
collected from a low number of specific cells present in cytological samples. The idea that MSI is capable
of distinguishing between different papillary tumors using proteomic signatures of cytological FNA
samples has been validated experimentally in a series of reports from Fabio Pagni and Fulvio Magni
laboratories who used a Matrix-Assisted Laser Desorption/lonization Time-of-Flight (MALDI-TOF)
MSI approach [17-19]. Moreover, metabolome profiling by Desorption Electrospray Ionization (DESI)
MSI was also recently tested for the diagnosis of thyroid tumors based on FNA samples [20].

Molecular classification of cancer that is based on MSI analysis of cytological and histological
samples has several challenges related to the implemented methodology both at (pre)analytical [21,22]
and data processing [23,24] steps. The latter step involves the necessity to solve several problems related
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to the processing of heterogeneous samples and optimization of feature selection for cancer classifiers.
Here, we implemented several biostatistical approaches to test the suitability of spectral data generated
by MALDI-TOF MSI for multi-class comparison and classification of different thyroid tumors. Tissue
microarrays were used as a surrogate of cytological smears assuming a comparable number of spectra
registered by MSI in both types of biospecimens. The classification of thyroid tumors using tissue
microarrays analyzed by MALDI-TOF MSI was previously reported by Galli et al. [25], who compared
material from benign tumors (follicular adenoma and hyperplastic lesions) and papillary thyroid
cancer (both classical and follicular variant). However, mean spectra for tissue cores were used in that
case. In the present work, the assessment of similarities and differences between seven types of thyroid
specimens was based on features of individual spectra (i.e., pixels of molecular images), which seems
to be a more relevant approach to potential applications in molecular diagnostics of cancer.

2. Results

Tissue specimens representative for seven types of thyroid tissue (ROIs) were analyzed by
MALDI-MSI. There were about 400 tissue cores analyzed derived from 134 patients with either follicular
adenoma (FA), classical or follicular variant of papillary thyroid carcinoma (PTC-CV and PTC-FV,
respectively), follicular thyroid carcinoma (FTC), anaplastic thyroid carcinoma (ATC), or medullary
thyroid carcinoma (MTC); normal thyroid (NT) samples were collected from tissue region showing
normal thyroid histology. About 135,000 spectra were registered (360 spectra per one tissue core,
on average); the general characteristics of the analyzed biomaterial are presented in Supplementary
Table S1. Mean spectra obtained for each type of ROI are presented in Supplementary Figure S1.
Gaussian mixture modeling was used for the identification of spectral components that resulted in
1536 components that corresponded to tryptic peptides; the averaged spectrum used for the model
construction is depicted in Figure 1. Importantly, this approach provided a substantial reduction of
data dimensionality, which reduced the computation load for the processing of multiple spectra.
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Figure 1. Mass spectrometry imaging (MSI) spectrum. (A) The average mass spectrum. (B) Distribution
of m/z components with different average intensity; the red dotted curve represents an intensity
distribution model with its constituents represented by blue lines (dots represent thresholds delineating
intensity-related classes of components). The red line in Panel A represents the threshold separating
147 most abundant components (>9610 a.u.).

In the first step, general similarities between spectra derived from different types of ROIs were
estimated. The principal component analysis revealed a clear separation of spectra representative for
normal thyroid and spectra representative for ATC, MTC, and the majority of well-differentiated thyroid
cancers (WDTC, including FTC and both variants of PTC); the most differentiating for normal and
cancer spectra was PC2 responsible for 16.3% of the general variability (Figure 2) (PC1 was putatively
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associated with inter-individual differences present within each patients’ subset). However, spectra
representative for FA overlapped with both normal thyroid and cancer ROIs. Spectra representative
for WDTC, ATC, and MTC could not be separated reasonably along with any principal component
(Figure 2).
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Figure 2. Principal component analysis (PCA) of spectra representative for all regions of interest (ROIs).
Ten spectra were randomly selected from each tissue core for clarity; here, three principal components
together describe 60% of the variability.

Next, the similarity index between pairwise compared spectra from seven types of ROIs was
estimated based on all registered molecular components (i.e., 1536 m/z components) to address tissue
heterogeneity; the resulting cumulative distribution functions (CDFs) of similarity are depicted in
Figure 3A-D. To assess intra-tissue heterogeneity, similarities between spectra from the same type of
ROI were compared (Figure 3A). We found the highest homogeneity for normal thyroid tissue (median
similarity of 0.93) and the highest heterogeneity for ATC (median similarity of 0.77); even higher
heterogeneity (i.e., lower intra-ROI similarity) was observed if spectra from all cancer ROIs (or all
WDTC) were combined (Supplementary Table S2). To assess inter-tissue heterogeneity, similarities
between spectra from different ROIs were compared (Supplementary Table S3). When normal thyroid
was compared with different thyroid tumors, the highest similarity was observed between NT and
benign FA (median similarity of 0.85) and the lowest similarity was observed between NT and the
undifferentiated ATC (median similarity of 0.53), while similarities between NT and differentiated
cancers were flanked by these two extremes (Figure 3B). When benign FA was compared with malignant
tumors, the highest similarity was observed between FA and follicular variant of PTC and FTC (median
similarity of 0.79 and 0.75, respectively), while the lowest similarity was observed between FA and
ATC (median similarity of 0.66) (Figure 3C). Median similarities between different types of malignant
tumors were in the range between 0.79 and 0.69. Similarities between three major types of thyroid
cancer were comparable—the median similarities between WDTC vs. ATC, WDTC vs. MTC, and ATC
vs. MTC were 0.74, 0.77, and 0.79, respectively (Figure 3D).
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Figure 3. Molecular similarity among different types of thyroid tissue. Depicted are the cumulative
distribution functions of similarity (cumulative distribution function (CDF(similarity)), either intra-ROI
(panel A) or inter-ROI (panels B-D) when all 1536 components were considered. Intra-ROI (panel E)
and inter-cancer ROI (panel F) similarity was based on 147 most abundant components. A similarity
that corresponded to CDF(similarity) = 0.5 represents its median value.
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A similar analysis was performed taking into account 147 most abundant components (Figure 1). In
this case, high intra-ROI similarity within NT and FA remained (median similarity of 0.91 and 0.78), yet
intra-cancers similarities were markedly reduced (median similarities in the range between 0.65 and 0.62;
Figure 3E, Supplementary Table S2). Furthermore, although inter-ROI similarity between NT and FA
remained high (median similarity of 0.80), similarities among other types of ROl were markedly reduced
when the 147 most abundant components were considered (Supplementary Table S3). Noteworthy,
inter-ROI similarities between different types of cancer were comparable (median similarity in the range
between 0.62 and 0.58; Figure 3F). These observations suggested collectively that components with a
lower intensity markedly contributed to similarities among spectra, while a significant differential
potential could be attributed to highly abundant components (with the particular exception of the
similarity index between NT and FA).

In the next step, the classification of tissue cores was performed based on the classification
of individual spectra that we called “a single-pixel approach.” First, binary classification models
were tested for comparison of spectra from all possible pairs of seven ROIs (i.e., 21 classifiers were
tested); then, individual spectra in a tissue core were analyzed using these multiple models. Classifier
features involved either the complete set of components (1 = 1536) or the subset of the most abundant
components (1 = 147). In the former case, the accuracy of binary classifiers was in the range between 0.94
(NT vs. ATC) and 0.63 (FA vs. FTC) with the average 0.84; in the latter case, binary classifiers performed
comparably (average accuracy 0.81) (Supplementary Table S4). Subsequently, all individual spectra
in all tissue cores were analyzed using all 21 binary classifiers, and then an individual spectrum was
considered “classified” only if all 6 binary classifiers including a given ROI showed full concordance.
Otherwise, a spectrum was considered “not classified”, which provided a high level of confidence
in the individual spectrum classification. In general, 7% and 10% of spectra remained not classified
when classifiers based 1536 and 147 components were applied, respectively (Supplementary Table S4).
The largest and the lowest number of not classified spectra was observed for ATC and NT cores (13%
and 3%, respectively, on average), which mirrored the level of intra-ROI heterogeneity established
earlier using the similarity index. Finally, tissue cores were classified based on the predicted identity of
individual spectra: a core was classified according to the most frequent class in corresponding spectra
(including the “not classified” type). In general, the precision of such core classification was higher
for spectra classifiers based on all 1536 components than for classifiers based on the most abundant
components (67% and 55% of cores were classified properly, respectively) despite overall similar
accuracy of binary classifiers. Nevertheless, in both cases, the overall correctness was much higher
than approx. 14% expected from random indexing of seven classes. The complete table of classification
results is presented in Figure 4A,B. The lowest accuracy of classification was observed for FTC that
was frequently confused with FA and PTC-FV (the sensitivity of FTC classification was 0.38 and
0.26 for classifiers based on 1536 and 147 components, respectively). Moreover, low sensitivity (0.33)
was observed in the classification of ATC using classifiers based on 147 components. Furthermore,
the number of not classified (i.e., “not diagnostic”) cores was higher when the classification was based
on the most abundant components (16 vs. 11 for classification based on 147 and 1536 components,
respectively). Hence, we concluded that the classification of tissue cores performed better using
models based on all registered MSI components. Furthermore, we also tested two other classification
strategies based on mean spectra computed for separate tissue cores. First, binary classification
models were tested using mean spectra, and then cores were classified based on their mean spectra (“a
mean spectrum approach”). In this case, binary classifiers performed comparably to binary classifiers
based on individual spectra (average accuracy 0.82 for models based on 1536 MSI components;
Supplementary Table S4). However, the performance of a final core classification was much lower
than that of a single-pixel approach—only 52% of cores were classified correctly (Figure 4C). Second,
binary classification models tested using individual spectra were applied for classification of cores
based on their mean spectra (“a hybrid approach”). In this case, the overall precision of a final core
classification was only slightly lower compared to a single-pixel approach: 66% of cores were classified
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correctly (Figure 4D). Notably, cores corresponding to the most homogenous normal thyroid showed
even higher precision of classification using this hybrid approach (63/70 vs. 61/70 cores predicted
properly). Nevertheless, the number of “not diagnostic” cores was higher when a hybrid approach
was implemented (2.9%, 3.7%, and 5.9% of not classified cores using a single-pixel, a hybrid, and a
mean spectrum approach, respectively). Hence, we concluded that a single-pixel approach performed
best for the classification of analyzed tissue cores.
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Figure 4. Classification of normal and cancerous thyroid tissue cores based on MSI-registered spectra.
Results of a core class prediction are presented as actual numbers (a relative frequency of specific
results is color-coded according to the color scale); the last column represents the total number of cores.
Presented are: a single-pixel approach for 1536 features (panel A) and 147 features (panel B), a mean
spectrum approach for 1536 features (panel C), and a hybrid approach for 1,536 features (panel D).

In the last step, molecular components with markedly different abundance between types of
thyroid specimens were detected (all spectra from a given ROI were combined for this analysis).
Considering the structure of data, the strength of differences was estimated by the effect size factor;
Cohen’s d (absolute) values above 0.5, 0.8, and 1.2 corresponded to medium, large, and very large
effects, respectively [26]. The number of components that discriminated pairwise against different
ROIs with assumed effect sizes is illustrated in Figure 5 (see details in Supplementary Table S5).
First, discriminatory components were detected in the complete set of 1536 molecular components.
A substantial number of components with significantly different abundances were detected between
normal thyroid and thyroid tumors. The highest number of discriminatory components was observed
between NT and ATC (45% of all components showed large or very large effect size). There were
fewer discriminatory components between NT and MTC (23% of components showed large or very
large effect size), while the number of components markedly discriminating NT from WDTC was
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relatively low (about 6% of the registered components showed large effect size). Surprisingly, despite a
very high level of general similarity between NT and FA, there was a large number of components
whose abundances were markedly different between these two types of ROI which putatively reflected
high homogeneity (i.e., low variability) inside both tissues. On the other hand, there were much
fewer components whose abundance was markedly different between benign FA and malignant
cancers; notably, components discriminating between FA and WDTC showed only medium effect size.
When three major types of thyroid cancer were compared (WDTC, ATC, and MTC), a higher number of
components showing large/very large effect was noted between undifferentiated ATC and differentiated
cancers (WDTC and MTC). Unexpectedly, we found that the number of discriminatory components
between FTC and PTC-CV was lower than the number of discriminatory components between FTC and
PTC-FV or between both variants of PTC (Figure 5A). Mass distribution of components discriminating
selected types of ROl is depicted in Figure 5B. Moreover, the detection of discriminatory components
was performed using 147 most abundant m/z components (Figure 5C). The relative proportion of
differentiating components (medium, large, and very large effect size) was similar or even higher in
this subset of very abundant components when compared to the whole set of 1536 components (with a
marked exception of the reduced contribution of significant differences between NT and FA).
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Figure 5. Molecular components that discriminated different types of thyroid tissue. (Panel A)—relative
contribution (percentage) of components that differentiated pairwise selected ROIs with very large, large,
medium, or small effect sizes (all detected components analyzed; n = 1536). (Panel B)—distribution
of discriminatory components in the m/z axes in four selected pairwise ROI comparisons; very large
(>1.2), large (>0.8), and medium (>0.5) effect sized are color-coded (dark blue, light blue, and beige,
respectively); each dot corresponds to one spectral component. (Panel C)—relative contribution
(percentage) of the most abundant components (n = 147) that differentiated pairwise selected ROIs
with very large, large, medium, or small effect sizes.

The hypothetical identity of MSI components was established by attributing masses (m/z values)
of imaged molecular components (i.e., tryptic peptides) to measured masses of peptides identified
by liquid chromatography-tandem mass spectrometry (LC-MS/MS) in tissue lysates. However,
though hypothetical identity was attributed to the majority of molecular components detected by
MSI, one should be aware that this type of annotation is not unique and more than one identified
peptide could be matched to an MSI component due to relatively low resolution of MALDI-TOF MSI
(Supplementary Tables S6-5S8). Nevertheless, proteins whose tryptic fragments were most frequently
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attributed to MSI components markedly upregulated in all types of tumor ROIs (compared to normal
thyroid) included thyroglobulin, heat shock proteins, and proteins associated with several gene ontology
(GO) terms involved in cancer development: response to growth factors, cytoskeleton organization,
extracellular matrix organization, cell-cell adhesion, cell motility, glycolysis and glucose metabolism,
regulation of immune response, and inflammatory response (Supplementary Table S9). Moreover,
proteins whose tryptic fragments were attributed to MSI components specifically upregulated in MTCs
included those involved in their neuroendocrine functions (calcitonin and chromogranin A), and other
proteins showed previously to be specifically upregulated in MTC (e.g., APOE, CEACAMS, TTR) [27].
Furthermore, proteins whose tryptic fragments were attributed to MSI components specifically
upregulated in ATC included those associated with GO terms involved in cancer progression: regulation
of cell migration, regulation of angiogenesis, cytoskeleton organization, regulation of cell death, cell-cell
adhesion, and regulation of immune and inflammatory response (Supplementary Table S9). On the
other hand, very few components specifically distinguished benign adenoma: when compared to
normal thyroid all components upregulated in FA were also upregulated in malignant cancers, while
only two components (m/z 1183.6 and 1184.6) markedly upregulated in cancer (large or very large
effect size) were not upregulated in FA (small effect size) (components putatively corresponded to a
fragment of ribonucleoprotein HNRNPUL2). Furthermore, no components showed marked differences
(large or very large effect size) between FA and well-differentiated cancers.

3. Discussion

Classification of thyroid tumors based on pathomorphological features is the primary step in
the assessment of prognosis and selection of the treatment. The majority of patients are diagnosed
based on the fine needle aspiration cytology (FNAC) of thyroid nodules with further validation and
verification based on histopathological examination (either intra- or post-operative) of the resected
tissue. Unfortunately, in some cases, cytological and histological patterns are ambiguous, and proper
classification is problematic [3-6,28,29]. For example, thyroid tumors with follicular growth pattern
include a broad range of lesions that are difficult to distinguish by cytology and could be challenging
even in histologic specimens. These lesions include hyperplastic nodules, benign follicular thyroid
adenomas (FAs), follicular carcinomas (FTCs), and follicular variant of papillary thyroid carcinomas
(PTC-FVs). On the other hand, the most common PTC shares some cytological features with benign
lesions (nodular hyperplasia, FTA, Hashimoto’s thyroiditis) as well as other malignant lesions (e.g.,
Hiirthle cell carcinoma, FTC, and MTC) [29-31]. Hence, supporting the assessment of morphological
patterns with molecular biomarkers would be recommended to improve the classification of thyroid
tumors [7,9]. Assuming that the primary diagnosis of thyroid disease is usually based on the fine
needle biopsy of thyroid nodules, potential molecular tests would be preferably performed using
this type of specimen. However, a small amount of heterogeneous material present in such a biopsy
represents a diagnostic challenge for “classical” methods of genomics and proteomics typically based
on tissue lysates. A few reports proved already the concept that mass spectrometry imaging could
be implemented in the molecular classification of thyroid cancer to overcome these limitations of
cytological material [17-22]. Importantly, individual spectra/pixels registered by MSI could be used
for sample classification. However, this requires specific approaches to the optimization of data
processing [23,24].

Here, tissue microarrays representative for five major types of thyroid malignancies (medullary
cancer, undifferentiated anaplastic cancer, and three types of well-differentiated cancers); benign
thyroid tumor (adenoma); and normal not cancerous thyroid tissue were analyzed by MALDI-MSI
then individual “pixels” of MSI images were used for assessment of differences between tissue types
and sample classification to mimic the situation typical for cytological smears. Different numerical
approaches were tested to assess molecular similarity within and between types of thyroid tissue (i.e.,
specific ROIs). The unsupervised PCA approach revealed a large intra- and inter-ROI variability of MSI
spectra. Though some separation of normal thyroid from all types of malignancies was visible, specific
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types of cancers cannot be separated and benign adenoma overlapped with both normal and cancerous
tissue, which defined the major classification problem. To estimate overall intra- and inter-ROlIs
heterogeneity more specifically, the similarity index was calculated between individual spectra based
on the spectral contrast angle approach, which previously proved its high applicability in the analysis
of MS data [32]. We found the lowest and the highest intra-ROI heterogeneity for normal thyroid
and undifferentiated ATC, respectively, which further affected the performance of the classification of
these types of tissue. As expected, normal thyroid was more similar to benign FA than to malignant
cancers and more similar to well-differentiated epithelial cancers than to ATC or MTC. Importantly,
FA was very similar to well-differentiated cancers with a follicular morphology (FTC and PTC-FV),
whose proper discrimination represents the major diagnostic challenge also in the case of classical
pathological assessment. The multi-class problem of separation of thyroid tumors was further tested
using classification models. Assuming seven classes of thyroid tissue, 21 SVM-based one-versus-one
binary classifiers were built to cover all possible combinations of ROIs, then each spectrum was
tested with all of them (noteworthy, this strategy outperformed typical multiclass model based on the
KNN approach; data not presented). In general, the accuracy of binary classifiers reflected overall
similarity between specific ROls, being high for models comparing normal thyroid with malignant
cancers and low for models comparing well-differentiated cancers. An interesting exemption was a
high accuracy of the model for the classification of normal thyroid vs. benign adenoma, which likely
reflected a high level of intra-ROI homogeneity of both specimens. The discrimination between FA and
FTC represented the largest classification problem (discrimination of FA from both variants of PTC
performed better). Nevertheless, an individual spectrum was considered “classified” only if decisions
were univocal, i.e., all six models featuring a particular type indicated that class; otherwise it remained
not classified (“not diagnostic”), which increased credibility of the class prediction. To verify the actual
reliability of such classification, the resulting classes of individual spectra were used for the tissue core
classification. Importantly, 2/3 of cores were classified properly, while random indexing of seven classes
would result in a proper assignment of 14% of samples only. The best performance was observed in the
case of normal thyroid and MTC (about 80% of cores classified properly), while the worst performance
was observed for FTC (only 38% of cores were classified properly, while 25% were confused with
FA). The performance of the classification depended not only on similarities/differences between
compared tissues per se but also on the level of intra-tissue heterogeneity. Therefore, undifferentiated
ATC that showed very high intra-tumor heterogeneity could represent a classification problem (38%
of false-negatives) despite its low overall similarity to other types of thyroid tissue. Additionally,
we searched for spectral components that showed the most significant differences in abundance
between pairwise compared ROIs using the effect size approach. As expected, a high contribution of
differentiating components was usually reversibly associated with the overall similarity and increased
accuracy of sample classification. However, a few interesting exemptions from this general rule were
noted as mentioned above, which could be explained by the influence of the intra-tissue heterogeneity.
Hence, the estimation of this parameter should be always recommended when a comparison between
different tissue types is planned. Identification of differentially expressed MSI components based on
matching their masses with masses of peptides detected by the classical LC-MS/MS in corresponding
tissue lysates is only putative and should be used with caution. Nevertheless, the hypothetical
identity of differentiating MSI components fitted general proteome profiles of different thyroid diseases
established by classical MS-based proteomics approaches [27], which confirmed the credibility of the
tumor classification approach proposed in the current work.

In our basic approach, all molecular components present in MSI data (i.e., 1536 spectral components
corresponding to tryptic fragments of proteins) were used in analyses without any preselection.
However, we also tested a subset of the 147 most abundant components (putatively corresponding to
fragments of more abundant proteins). Interestingly, we found that the overall similarity between the
compared tissues was lower when the estimation was based on the latter subset. Similarly, the relative
contribution of components showing (very) large effect size of differences between tissue types was
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generally higher in the subset of the most abundant ones. Hence, one could conclude that effective
differentiation of tissue types could be performed using highly abundant components only which
are less sensitive to analytical errors. However, we observed that molecular classifiers based on all
components (i.e., including low abundance components) generally performed better than classifiers
based on the most abundant components only; hence, the utilization of all registered MSI components
for sample classification appeared a credible solution. Artificial intelligence-based methods for the
preselection of features for molecular classifiers are frequently in use [33], which approach was
validated for MSI-based classification of cytological smears from thyroid tumors [23]. However, a
selection of the “best set” of components for sample classification based on the machine learning
approaches could be sensitive to specific features present uniquely in a given dataset, which implies the
necessity of using “big data” (i.e., very large patients cohorts or sample repositories). Still, we tested
here classification models based on spectral components selected using t-test results between ROls,
yet this approach did not improve the performance of classification compared to models based on all
components (data not presented). Therefore, using all registered MSI components for the classification
based on individual spectra remains a valid alternative when computationally feasible. Nevertheless,
using either all components or their pre-selected subset emphasizes the problem of proper spectra
generation and data processing to avoid errors and artifacts potentially related to the analysis of
low-signal components of MSI spectra. Moreover, we found that a single-pixel approach outperformed
a classification model based on the mean spectra of tissue cores. Alternatively, a strategy where binary
classification models tested with individual spectra are subsequently used for the sample classification
based on its mean spectrum could be considered, yet the implementation of this hybrid approach
should be limited to tissue specimens with high homogeneity.

4. Materials and Methods

4.1. Clinical Material

Postoperative tissue was collected during thyroidectomy then stored as formalin-fixed
paraffin-embedded (FFPE) material. =~ Samples derived from 134 patients treated at Maria
Sktodowska-Curie National Research Institute of Oncology in Gliwice between 2012-2017. The study
was approved by the appropriate local Ethics Committee (approval no. KB/430-17/13). Tissue blocks
were used to generate tissue microarrays (TMAs) that included 375 individual cores (3 cores from
different tissue areas per patient, on average) of 1 mm in diameter. Tissue cores represented seven types
of thyroid tissue (Region of Interest, ROI): normal thyroid (NT), follicular adenoma (FA), papillary
thyroid carcinoma—classical variant (PTC-CV), papillary thyroid carcinoma—follicular variant
(PTC-FV), follicular thyroid carcinoma (FTC), anaplastic thyroid carcinoma (ATC), and medullary
thyroid carcinoma (MTC). Normal thyroid was represented by a tissue distant from the cancer region
that showed no marks of any pathology. Clinical material included in the study is characterized in the
Supplementary Table S1. Tissue cores were distributed randomly into eight arrays, and molecular
images were registered in a random sequence.

4.2. Sample Preparation for MALDI-MSI

Tissue microarray blocks were cut into 5 pm sections with the use of a rotary microtome (HM
340E, Thermo Fisher Scientific, Waltham, MA, USA) and placed on ITO glass slides (Bruker Daltonik,
Bremen, Germany) coated with poly-L-lysine. Slides were then dried at 37 °C for 18 h. Additional
thermal treatment (60 °C, 1 h) was performed directly before paraffin removal. De-waxing was carried
out in xylene (2 X 5 min), followed by washing with 99.8% ethanol (5 min), 96% ethanol (5 min),
and 50% ethanol (5 min). Finally, glass slides were left to dry on a bench and subjected to heat-induced
antigen retrieval in 10 mM Tris-HCI pH 9.0, 95 °C, 20 min (in a water bath). The slides were cooled
in the retrieval solution for 20 min at room temperature, then washed with MilliQ water for 1 min
and dried on a bench for 10 min, followed by drying in a vacuum desiccator for 15 min. A solution of
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sequencing grade modified trypsin (Promega, Madison, WI, USA) (20 pg/mL in 25 mM NH,;HCOj3)
was sprayed over each TMA section with the use of SunCollect device (SunChrom, Friedrichsdorf,
Germany). The section was then incubated in a humid chamber with MilliQ water for 18 h at 37 °C.
After on-tissue digestion, the slide was dried in a vacuum desiccator for 15 min and covered with an
a-cyano-4-hydroxycinnamic acid (5 mg/mL w 50% ACN, 0.3% TFA) matrix solution deposited onto
TMAs with the use of SunCollect device. Methods of both trypsin and matrix coating were employed
according to the reference [34].

4.3. MALDI-MSI Measurements

Spectra of tryptic peptides were acquired using MALDI-TOF mass spectrometry with the use of
ultrafleXtreme mass spectrometer (Bruker Daltonik, Bremen, Germany) equipped with smartbeam
II™ Jaser operated at 1 kHz frequency. Ions were accelerated at 25 kV with a PIE time delay of 100 ns.
Spectra were recorded in reflectron positive mode within 700-3700 m/z, 400 shots per position, the
random walk mode was activated (40 shots at raster spot). Each TMA core was imaged with a raster
width of 50 um (laser setting: 3_medium). After imaging, the matrix was washed off the glass slides
with 70% ethanol (two washes, 1 min each), and the sections were stained with hematoxylin and eosin,
then scanned and used for image co-registration (using flexImaging software; Bruker Daltonik, Bremen,
Germany). Compass for flex 1.4 software package (Bruker Daltonik, Bremen, Germany) was used for
spectra acquisition and handling.

4.4. Spectra Processing and Identification of Spectral Components

The MSI spectra dataset was preprocessed by performing mass channels unification, baseline
subtraction [35], outlying spectra identification according to TIC (total ion current) value using criterion
for skewed and heavy-tailed distributions [36], fast Fourier transform-based peak alignment to reference
average spectrum [37], and TIC normalization. Gaussian mixture modeling (GMM) of the average
spectrum was applied for peak detection as described in detail elsewhere [38,39]. GMM components
of low amplitude and high variance were removed from initial GMM spectra representation; GMM
components modeling the same spectrum peak were merged by summing their estimated abundance
and setting the location of a dominant component as mass/charge value of a peptide ion. The abundance
of the particular component was estimated by pairwise convolution of the GMM components and
individual spectra. The resulting dataset featured 1536 components detected in mass/charge range
between 700 and 3150 that represent tryptic peptide species imaged by MSI. The average intensities
of these 1536 components ranged between 25 and 830,527 arbitrary units, whose distribution could
be described by five Gaussian components with the following thresholds: >25, >639, >1507, >4001,
and >9610 a.u.; this resulted in five classes, with 386, 328, 332, 343, and 147 (the most abundant) m/z
components, respectively (see Figure 1B).

4.5. Statistical Analyses and Sample Classification

Dimensionality reduction was applied to assess the separability of a different region of interest (ROI)
types. Principal component analysis (PCA) based on singular value decomposition was performed on
the dataset containing all 1536 components. To account for significant differences in variable ranges
without losing information on feature covariance, the data were scaled using a pseudo-logarithmic
function (logjo(x + 1)) and centered. A normalized dot-product of two mass spectra (pairwise similarity
index) was calculated to assess the similarity between the compared pair of spectra [40]. Spectra
were labeled according to their tissue microarray core location in one of seven ROIs creating seven
spectra subsets. The similarity index was calculated in two manners: within particular ROI (intra-ROI
similarity) and between different ROIs (inter-ROI similarity) creating all possible combinations of
compared spectra pairs. Populations of computed similarity values were plotted as cumulative
distribution functions (CDFs) to visualize similarities within and between analyzed ROIs. Sample
classification involved two types of classifiers: binary classifiers used to classify individual spectra
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and the main core classifier. In the first stage, the dataset was standardized using the Z-score method,
then support vector machines (SVM) classifiers with a linear kernel were used with a one-versus-one
strategy (21 binary classifiers were tested to cover all possible pairs of seven ROIs). An adapted k-fold
method was used for model cross-validation. Each patient was assigned to one of the seven classes
based on the ROI type identified in the majority of tissue cores derived from that donor. The patients
were then partitioned into five stratified folds. The training and validation sets for each fold were
reconstructed from this partition, preserving original tissue type of the cores. Such subsampling of
the spectra, when quantitatively unbalanced (contrary to the classic k-fold), ensures independence
between folds, preventing data leakage and quality estimation bias. In the second step, the output
of the binary classifiers was used to classify the whole tissue core. For each spectrum, all 21 binary
classifications were tested and a spectrum was considered classified if the decision was univocal,
i.e., all six models featuring a particular type indicated that class (otherwise, the spectrum remained
not classified). The final classifier decision for the core was the most frequent of eight classes (seven
tissue types ROI or “not diagnostic” if the majority of spectra could not be conclusively classified).
Basic classification quality indices were calculated using the one-versus-rest approach. An effect size
analysis was applied to indicate discriminatory molecular components. Cohen’s d value defined here
as the difference between the mean abundance of each molecular component between different ROIs
divided by pooled standard deviation was calculated [26]. Unlike the t-test statistic, the Cohen’s d is
independent of the sample size, thus avoiding overestimation of the significance of differences between
extremely numerous samples (which is typical for MSI data analysis, where large spectra collections
are compared); the Cohen’s d absolute value above 0.5, 0.8, and 1.2 corresponds to medium, large,
and very large effects, respectively.

4.6. LC-MALDI MS/MS Analysis and Identification of Molecular Components

Representative samples of the cancerous thyroid gland (ca. 60% of cancer cells, FFPE material)
were used for protein identification using the shotgun LC-MS/MS approach. Protein lysates were
prepared and subjected to tryptic digestion according to a modified version of a combination of
FASP with stage-tip fractionation as described in detail elsewhere [27]. Tryptic peptides were then
separated using an EASY-nLC nano-liquid chromatography coupled with PROTEINEER fcII fraction
collector (Bruker Daltonik, Bremen, Germany) and analyzed using an ultrafleXtreme mass spectrometer
(Bruker Daltonik, Bremen, Germany). A detailed description of the instrumental settings of the
LC-MALDI-MS/MS system is given in [27]. Registered MS/MS spectra were exported to ProteinScape
3.1 software (Bruker Daltonik, Bremen, Germany) and analyzed using Mascot Server 2.5.1 (Matrix
Science, London, UK); for details, see Gawin et al. [27]. The hypothetical identity of molecular
components detected by MSI was determined by the assignment of the mean parameters of MSI
components (component location on mass/charge scale) to the measured masses of tryptic peptides
identified in LC-MS/MS experiment; the assignment was performed allowing +0.05% mass tolerance.
The MSI molecular component annotations were established based on peptides identified in three
major types of thyroid cancer (ATC, MTC, and well-differentiated thyroid cancers).

5. Conclusions

Molecular diagnostics of thyroid disease using the fine-needle cytological biopsy represent
a general challenge for “classical” methods of proteomics. This problem could be overcome by
mass spectrometry imaging, where sample classification is possible based on a single spectrum
that corresponds to small clusters of cells. This approach was recently validated by Capitoli and
colleagues who implemented the so-called pixel-by-pixel approach for the bi-state discrimination of
malignant and hyperplastic (benign) thyroid nodules using actual diagnostic FNA material analyzed
by MALDI-TOF-MSI [19]. Here, we confirmed that a similar approach could be implemented in a more
complex situation when multiple classes are to be compared and classified. Our classification model
cannot be implemented directly for the analysis of cytological material due to structural differences
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between MS spectra registered for tissue microarrays based on FFPE and fresh material in actual FNA.
However, the proposed single-pixel approach to multi-state classification problems has potentially
general applicability not limited to thyroid tumors.
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ATC anaplastic thyroid carcinoma

FA follicular adenoma

FFPE formalin-fixed paraffin-embedded

FTC follicular thyroid carcinoma

KNN k-nearest neighbors

MALDI-TOF MS matrix-assisted laser-desorption ionization time-of-flight mass spectrometry
MSI mass spectrometry imaging

MTC medullary thyroid carcinoma

NT normal thyroid

PTC-CV papillary thyroid carcinoma-classical variant
PTC-FV papillary thyroid carcinoma-follicular variant
SVM support vector machine

ROI region of interest

TMA tissue microarrays
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Radiomic signature accurately predicts the risk of metastatic
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Background: Non-small cell lung cancer (NSCLC) is the most common type of lung cancer, and the
median overall survival (OS) is approximately 2-3 years among patients with stage III disease. Furthermore,
it is one of the deadliest types of cancer globally due to non-specific symptoms and the lack of a biomarker
for early detection. The most important decision that clinicians need to make after a lung cancer diagnosis is
the selection of a treatment schedule. This decision is based on, among others factors, the risk of developing
metastasis.

Methods: A cohort of 115 NSCLC patients treated using chemotherapy and radiotherapy (RT) with
curative intent was retrospectively collated and included patients for whom positron emission tomography/
computed tomography (PET/CT) images, acquired before RT, were available. The PET/CT images were
used to compute radiomic features extracted from a region of interest (ROI), the primary tumor. Radiomic
and clinical features were then classified to stratify the patients into short and long time to metastasis, and
regression analysis was used to predict the risk of metastasis.

Results: Classification based on binarized metastasis-free survival (MFS) was applied with moderate
success. Indeed, an accuracy of 0.73 was obtained for the selection of features based on the Wilcoxon test and
logistic regression model. However, the Cox regression model for metastasis risk prediction performed very
well, with a concordance index (C-index) score equal to 0.84.

Conclusions: It is possible to accurately predict the risk of metastasis in NSCLC patients based on
radiomic features. The results demonstrate the potential use of features extracted from cancer imaging in

predicting the risk of metastasis.
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Introduction

Lung cancer is one of the most frequently diagnosed cancer
types worldwide, constituting over 11% of all cancer cases.
With 2.2 million new diagnoses in 2020 alone, it was
surpassed in incidence only by breast cancer, making the
lung the most prevalent cancer site in men (with over 1.43
million diagnoses) and the third most prevalent in women
after breast and colorectal cancers, which had 0.77 million
diagnoses (1,2). While tobacco smoking is recognized as
the primary cause of lung cancer, it can also be attributed
to environmental factors such as air pollution, occupational
exposure, and genetic predisposition (3-5). It is usually
diagnosed at an advanced stage due to non-specific early-
stage symptoms, which is reflected in the very high
mortality rate. Indeed, the five-year survival rate for lung
cancer does not exceed 20% (6-8), thus, it is the leading
cause of cancer-related mortality and is responsible for 18%
of all deaths from cancer (1).

Diagnosis of lung cancer involves medical imaging,
including X-ray and positron emission tomography/
computed tomography (PET/CT), which allows for
classification according to the tumor node metastasis
(TNM) staging system. Detected lesions are sampled by
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endobronchial ultrasound (EBUS) guided bronchoscopy
and undergo histopathological assessment. Management
is stage-specific (8), with clinical guidelines divided into
early-stage, locally advanced, and metastatic cancer (9,10).
In early-stage lung cancer, lobectomy is the preferred
treatment option. If the tumor is not initially resectable,
neoadjuvant chemotherapy can be implemented to
downgrade the tumor, which would eventually allow
for surgery. For selected patients with comorbidities,
stereotactic ablative radiotherapy (SABR) may also be
considered. For locally advanced cancer with lymph node
involvement, platinum-based chemotherapy administered
concurrently or sequentially with radiotherapy (RT) is
the most commonly used curative therapeutic option, and
it can be followed by maintenance immunotherapy. For
advanced metastatic cancer, immune checkpoint inhibitors,
with or without chemotherapy, are a viable therapeutic
option. As molecular diagnostics becomes routinely available,
targeted therapies aimed at epidermal growth factor receptor
(EGFR) (11), fibroblast growth factor receptor (FGFR) (12),
anaplastic lymphoma kinase (ALK) (13), or Kirsten rat
sarcoma virus (KRAS) (14) are being used to treat mutation
carriers.

One of the main reasons for the high mortality seen in
lung cancer is its invasiveness, and most patients develop
distant metastases. Unfortunately, metastatic tumors are
often resistant to treatment, which leads to much shorter
survival times for these patients. Although the exact
mechanisms of metastasis are still being investigated, it
is known that cancer cells can spread by both blood and
lymphatic vessels (15,16). Lung cancer metastases are
most frequently observed in the brain, bones, liver, lung,
and adrenal gland (16). Since the occurrence of distant
metastasis is the turning point in the course of the disease,
it might be considered an important endpoint in prognostic
analysis, along with the standard endpoints. Furthermore,
the ability to predict when lung cancer will metastasize
could guide clinical decision-making and may be used to
indicate the need for therapy intensification in high-risk
patients.

The search for accurate prognostic biomarkers in lung
cancer is hindered by its high heterogeneity and complexity.
Nonetheless, clinical and molecular characteristics have
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shown some promise in predicting metastasis. Metastasis-
associated lung adenocarcinoma transcript 1 (MALAT-1), a
long non-coding ribonucleic acid (RNA), was demonstrated
to be significantly associated with metastasis in non-small
cell lung cancer (NSCLC) (8). Meanwhile, cancer antigen
125 (CA125) and neuron-specific enolase (NSE) were found
to be indicative of liver metastasis (17).

The radiomics-based approach has been successfully
applied for different endpoints in lung cancer, including
overall survival (OS) and progression-free survival (PFS) (18).
It has also shown promising results for the prediction
of distant metastases. Coroller et a/. (19) selected a
radiomic signature based on CT images to predict distant
metastasis in lung adenocarcinoma. Wu et 4/. constructed
and validated a Cox proportional hazards model using
"F-fluorodeoxyglucose PET ("F-FDG PET) imaging to
predict freedom of distant metastasis in early-stage NSCLC
patients (20). Fave ez a/. (21) demonstrated that adding pre-
treatment radiomic features extracted from CT images
could improve the ability of clinical prognostic models to
predict distant metastasis (21). Meanwhile, Dou ez 4l. (22)
focused on locally advanced lung adenocarcinoma and
investigated radiomic features from the primary tumor and
peritumoral region (22).

In this study, 115 NSCLC patients with various
histological subtypes were retrospectively analyzed. The
prognostic value of standard clinical features, and radiomic
features extracted from PET/CT images acquired for RT
planning, were evaluated by determining if they could be
used to predict time to distant metastasis. To answer this
question, machine learning models were constructed for
continuous and categorical metastasis-free survival (MFS)
prediction. We present this article in accordance with the
TRIPOD reporting checklist (available at https://tlcr.
amegroups.com/article/view/10.21037/tler-23-60/rc).

Methods
Study design

A cohort of NSCLC patients was collated to investigate if
PET/CT imaging routinely performed for RT planning
could help in planning the future treatment strategy, with a
focus on predicting the risk and time of relapse with distant
metastases. MFS was defined as the time elapsed between
diagnosis and the detection of distant metastasis or the time
of death/last follow-up if distant metastases did not emerge.
In addition, classification algorithms were used to predict if
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MES would be short or long.

As the prediction of metastasis risk was the focus of the
study, the primary lung cancer tumor was the region of
interest (ROI). Using the available PET/CT scans, radiomic
features were extracted from the ROI and assessed.

"The specific clinical question considered in this work was
whether or not a radiomic signature could be extracted that
would help discriminate between a primary tumor that has
the potential to metastasize early from one that metastasizes
late or not at all.

The pipeline of our method is presented in Figure 1. The
method includes processing the clinical and PET/CT data
and applying them as predictors (features) in the calibration
of survival models (Cox regression, random survival forest)
and perform classification.

Study population

Data were collected retrospectively at the Maria
Sklodowska-Curie National Research Institute of Oncology,
Gliwice Branch (NRIO). The cohort consisted of 115
patients with NSCLC who were treated with curative
intent at the Institute between 2009 and 2017. All patients
in the cohort had been treated with a combination of
chemotherapy and RT. Most of the patients received a
platinum-based doublet with vinorelbine. Patients received
between one and six cycles (median four), followed by RT
with a total dose between 60 and 70 Gray (Gy) in two Gy
fractions. The study was conducted in accordance with the
Declaration of Helsinki (as revised in 2013). The study
was approved by the institutional review board of Maria
Sklodowska-Curie National Research Institute of Oncology
(Gliwice Branch) (No. KB/430-48/23) and individual consent
for this retrospective analysis was waived. The clinical data
were anonymized before the computational analysis.

All patients underwent PET/CT imaging for RT
planning. Only patients with non-detectable distant tumors
at the onset of treatment were assessed. However, most
patients had locally disseminated tumors to the lymph
nodes, as they were diagnosed late due to non-specific
symptoms.

In the cohort, 72.2% of patients were males, and 27.8%
were female. This is consistent with population data
showing that most lung cancer patients are male. The
median age of patients in the cohort was 61 years, and over
half of the patients had tumors located in the left lung. The
most prevalent cancer subtype was squamous cell carcinoma,
which constituted two-thirds of all cases, followed by not
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Figure 1 Project workflow. PET/CT images were acquired and radiomic features were extracted from ROI. Integration of clinical and

radiomic data led to the prediction of short-term and long-term MFS and the risk of metastasis. The output from the workflow was a

radiomic signature, which could be used for the prediction of metastasis risk in newly diagnosed NSCLC patients being treated with

platinum-based chemotherapy. PET/CT, positron emission tomography/computed tomography; ROI, regions of interest; MFS, metastasis-

free survival; NSCLC, non-small cell lung cancer.

otherwise specified (24.3%) and adenocarcinoma (7.0%).
Detailed characteristics of the cohort are presented in Table 1.

Extraction of radiomic features

Feature extraction was performed with PyRadiomics
version 3.0.1, a Python package designed to increase the
reproducibility of radiomic studies (23). Using the PET
dataset, 105 standard features were calculated. Radiomic
features belong to one of three classes, including first-order
statistics such as energy, entropy, and minimum, as well as
shape features such as volume, surface area, and sphericity,
and texture features including gray level co-occurrence
matrix (GLCM), gray level dependence matrix (GLDM),
gray level run length matrix (GLRLM), gray level size zone
matrix (GLSZM), and neighboring-gray tone difference
matrix (NGTDM).

MEFS categorization

For the classification, a threshold of one year was used to
create two classes, which included patients with MFS below

© Translational Lung Cancer Research. All rights reserved.

and over this threshold. Due to the presence of censored
observations (in the cohort this primarily signified the
patient’s death), such stratification divided patients into a
group who suffered either metastasis or death within a year
(66 patients), and those who did not (49 patients). To create
subgroups that were more related to the research question,
the binary MFS was defined as “short” if the patient
developed metastasis within a year (25 patients) and “long”
if the patient developed metastasis or was censored after
longer than a year (49 patients).

Statistical analysis

Statistical analysis was performed using the R environment
(version 4.1.3). For survival analysis, survival (version 3.2-13)
was used, caret (version 6.0.93) and RandomForest (version
4.7-1.1) were used for classification, and randomForestSRC
(version 3.1.1) was used to perform random survival forest.
A heatmap of the radiomic features was created with
ComplexHeatmap (version 2.10.0).

Filtering of the radiomic features was applied based on
the Pearson correlation coefficient to avoid redundancy,
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Table 1 Patient characteristics

Characteristics Subtypes Patients (n=115)

Sex, n (%) Male 83 (72.2)
Female 32 (27.8)
Age (years) Median [Q1-Q3] 61 [567-67]
Histopathology, Squamous 77 (67.0)
n (%) Adenocarcinoma 8 (7.0)
Not otherwise specified 28 (24.3)
Large cell 2(1.7)
Location, n (%) Left 65 (56.5)
Right 50 (43.5)
T, n (%) 1 4 (3.5)
2 37 (32.2)
3 37 (32.2)
4 37 (32.2)
N, n (%) 0 19 (16.5)
1 6 (5.2)
2 83 (72.2)
3 7 (6.1)
M, n (%) 0 115 (100.0)
1 0(0)
Zubrod score, 0 34 (29.6)
n (%) 1 80 (69.6)
2 1(0.9)

with a cutoff threshold equal to 0.9 (see Table S1). Since the
PET images were acquired using two scanners, principal
component analysis was applied to determine if there was any
grouping of samples due to the scanner used (see Figure S1).
The clinical and radiomic features with potential for
event-free survival (EFS) and MFS prediction were assessed
(see Table S2). In addition, differences in the values of
radiomic and clinical features between ‘short’ and ‘long’
MFEFS patient subgroups were investigated statistically.
Fisher’s exact test was performed for categorical variables,
while the Mann-Whitney U test was used for continuous
variables (see Table S3). A log-rank test was also conducted
for both categorical and continuous features (see Table S4).

As the log-rank test assesses if there is a significant
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difference between two or more survival curves, continuous
features were binarized with respect to the median value.

Cross-validation

The value of any type of predictive model lies in its
applicability to unknown data, and not just its ability to fit
the training data. Cross-validation enables evaluation of
the model’s ability to generalize by removing part of the
data from the cohort and applying them in the estimation
of model performance. In addition, data partitioning at the
beginning of each iteration prevents information leakage.
For a more consistent comparison between the regression
and classification results, modified k-fold data partitioning
was applied. Firstly, the data was ordered according to
(continuous) MFS values. Then, the observations were
assigned consecutive numbers, from one to five, which were
used as cross-validation folds. Such partitioning ensures
proper stratification of both continuous and binarized MFES.

Classification algorithms

The observed relationships between binary MFS and binary
EFS and extracted features (both clinical radiomic) were
verified by employing classification models. Firstly, three
main feature selection methods were applied, including
Student’s t-test, Wilcoxon test, and a mutual information
test. To investigate the impact of a varying number of
features on classification quality, between 1 and 10 features
were tested. Since only the mutual information method
handles both categorical and continuous variables, a hybrid
selection was used for the other two methods by applying
the main method for continuous variables and Fisher’s exact
test for categorical variables. The categorical variables that
passed the significance threshold equal to 0.1 were added to
the model.

The following classification methods were tested: K
nearest neighbor (KNN) with different K values (for
clarity, only the best one, K=5, is presented), random forest,
support vector machines (SVM) with linear and radial
kernels, and logistic regression (LogReg). Considering the
inconsistent orders of magnitude for radiomic features,
a z-score transformation was used to scale the data. In
each k-fold iteration, the scaling parameters (mean and
standard deviation) were determined from the training set
and applied to both the training and test sets. Classification
accuracy was then used to assess model performance.
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Regression algorithms

For the prediction of continuous MFS, Cox proportional
hazards regression (using survival R package) and random
survival forest (using randomForestSRC R package)
were applied. Variable selection was performed based
on univariate analysis, with the Harrell concordance
index (C-index) adopted as a ranking metric. The model
performance was validated using the k-fold partitioning
described above. Again, models containing between 1 and
10 features were tested.

Radiomic-based risk score

Although cross-validation facilitates the estimation of
prediction quality, the results and selected features can be
different in each iteration due to subsampling. Therefore,
all selections were repeated on the entire dataset to obtain
conclusive feature rankings. To demonstrate the validity of
the obtained signature, the Cox model was chosen, which
is the classic approach to survival data analysis with known
interpretation. The patients were then divided into high-
risk and low-risk groups based on the calculated median risk
score, and MFS was compared using Kaplan-Meier curves.

Results
Patient characteristics

The cohort included only NSCLC patients, as it is the
most common type of lung cancer. Most patients (67 %) had
squamous histopathological subtypes, and almost two-thirds
had an advanced stage of the primary tumor (13 or T4). In
total, 37 patients eventually developed distant metastases.
Figure 2 shows the radiomics features of a whole cohort
and the time-to-metastasis as a survival curve. The median
time-to-metastasis was 2.77 years, with a secondary tumor
observed most frequently in the second lung, brain, bones,
and liver.

None of the clinical features of the cohort were
informative in relation to the time to metastasis onset
(Table S2). This means that clinicians are unable to predict
if a particular patient will develop metastatic cancer, based
only on clinical variables at diagnosis. On the other hand,
34 radiomic features were statistically significant against
continuous MFS, 36 features against the binarized MFS,
and 18 against EFS.

© Translational Lung Cancer Research. All rights reserved.
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PET/CT data acquisition and segmentation

The PET/CT images were acquired at the NRIO using
Philips GeminiGXL 16 (Philips, Amsterdam, Netherlands)
(24 patients) and Siemens Biograph mCT 131 (Siemens
AG, Munich, Germany) (88 patients) PET/CT scanners.
For each patient, the ROI was contoured by the same
experienced nuclear medicine specialist using Medical
Image Merge (MIM) 7.0.1 software and the PET Edge™
tool (both MIM Software Inc., OH, USA).

Integration of clinical and radiomic data

Figure 24 shows the normalized z-score values of radiomic
features for each patient. The patients were divided into
short and long EFS groups. As can be seen from the results,
the hierarchical clustering correctly divided patients into
these two groups. Furthermore, it was observed that the
radiomic feature spectrum varied between patients with
short and long EFS. This demonstrates that there is
potential for the use of radiomic features in predicting EFS.

We also investigated the correlation between radiomic
features. High correlations were observed between the
radiomic features, which resulted in only 65 of 105 features
passing the initial correlation filtering (Figure S2). The
highest redundancy was found for the first-order features
(6 out of 18 were kept) and the lowest for the GLSZM
features (15 out of 16 were kept) (see Table S1).

Classification of advanced NSCLC

As expected, no clinical features were selected by the
models. The feature rankings obtained for EFS (Figure 3)
and MFS (Figure 4) prediction differed, which aligns with
the different interpretations of these endpoints. While
the rankings varied with respect to feature selection and
classification methods, there was some consistency among
the top features. Indeed, TotalEnergy, ZoneEntropy,
and RootMeanSquared favored EFS prediction, while
Variance, TotalEnergy, RunLengthNonUniformity
(GLRLM), SizeZoneNonUniformityNormalized, and
Maximum2DDiameterColumn favored MFS prediction.
The highest accuracy for EFS prediction (approx. 0.65)
was achieved using the SVM classifier with linear kernels
for the mutual information selection of eight features. The
highest accuracy for MFS prediction (approx. 0.73) was
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Figure 2 The integration of clinical and radiomic data. (A) Integration of clinical and radiomic data. Patients were split by the binary EFS. (B)

Kaplan-Meier plot of MFS for the entire population. HP, histopathology; EFS, event-free survival; MFS, metastasis-free survival.

achieved using the LogReg classifier for the five features
selected using the Wilcoxon test. Due to the imbalanced
classes, with “long” (treated as the negative class) being the
predominant group, the models for MFS tended to yield
high specificity and relatively low sensitivity. Most models
performed better for a small number of features.

Prediction of risk of metastasis

For regression-based models, the tendency was similar, with
the highest predictive ability observed for a small number
of features. The highest median C-index across folds was

© Translational Lung Cancer Research. All rights reserved.

reached for two features (GLRLM and NGTDM Business)
in Cox regression and one feature (shapeMinorAxisLength)
in the random survival forest (Figure 5).

The mean C-index for the best set of features using Cox
regression was 0.84, whereas the C-index for the random
survival forest was 0.8. The inclusion of more features in
the model resulted in a loss of prediction quality due to
overfitting. No clinical features were selected for the best
models, which is consistent with the preliminary patient
cohort analysis.

Feature selection on the entire dataset revealed
that the two top features for Cox regression,
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Wilcoxon test and Student’s #-test selections, and mutual information score for mutual information selection. Black dots indicate the median

value across folds, green dots indicate the lowest value across folds, and red dots indicate the highest value. Right column: classification

results for the test set in a 5-fold cross-validation for different models, depending on the number of features. KNN;, K nearest neighbor;

SVM, support vector machine; MFS, metastasis-free survival.

SmallArealLowGrayLevelEmphasis (GLSZM) and
RunLengthNonUniformity (GLRLM), also held high-
ranking positions in the classification approach. Also,
univariate analysis shows that those two features could
discriminate high risk from low-risk patients (Figures S3,54).
Therefore, the Cox model was constructed using those two
features. The high-risk and low-risk groups (Figure 6) had
significantly different MFS, with the log-rank test P<0.001.

Discussion

Lung cancer is the leading cause of cancer-related death
worldwide, claiming over 1.7 million lives yearly. It is
characterized by high invasiveness, and the occurrence
of distant spread significantly influences survival and
treatment options. This necessitates the search for
prognostic biomarkers that could help determine the time

© Translational Lung Cancer Research. All rights reserved.

to metastasis onset. With the rapid development of the
radiomics field, researchers have turned to medical imaging,
which is routinely performed and non-invasive, as a source
of information that could shed some light on the tumor
dissemination process and aid clinicians in therapy planning.
A cohort of NSCLC patients with different subtypes
and stages of the disease was collated. It was concluded that
the standard clinical data available for the patients, except
for higher metastatic potential exhibited by the squamous
subtype, were largely uninformative regarding metastasis
occurrence. To assess the potential of radiomics for MFS
prediction, we extracted 105 radiomic features from PET/
CT scans, using the primary tumor as the ROL.
Correlations between radiomic and clinical features
were mostly low, signifying that both datasets carried
independent information. Also, the hierarchical clustering
of radiomic features did not correspond to any discernible

Transl Lung Cancer Res 2023;12(7):1372-1383 | https://dx.doi.org/10.21037/tlcr-23-60



1380

Wilk et al. Predicting the risk of metastasis in lung cancer

firstorder_Variance - 0.60 [ /
firstorder_RootMeanSquared . o M | oo
5 firstorder_TotalEnergy - - iy P ! . Model
L glszm_ZoneEntropy . 2 0.55 4 Il ;
S glszm_SizeZoneNonUniformityNormalized . g fRiis
: A 5 % og reg
8 glszm GrayLovelNonformity — S N = Bandon Torest
[$) = s W <
S giMm_LongRunHighGrayLevelEmphasis - < 050 \ v = SVM radial
shape_Maximum2DDiameterColumn -
glrim_RunLengthNonUniformity "
T T T T T T T T T T T T T T
05 10 15 20 12345678910
—log,, (P value) Features, n
firstorder_TotalEnergy - r
= glrim_RunLengthNonUniformity 0.60 4
3 glszm_GrayLevelNonUniformity . h i NS Model
L shape_MinorAxisLength .- Foy .~ ALY U 8 ¥
© glszm_SizeZoneNonUniformityNormalized .- £ 055 A aad f P NN
‘g’ firstorder_RootMeanSquared - § A / i Ra%dq?n forest
o] ngtdm_Busyness - 2 1 A% = SVM linear
2 glszm_ZoneEntropy . 0.50 VoA T AN SVM radial
» glszm_ZoneVariance . K Y : X
shape_Maximum2DDiameterColumn - 0.45 v
T T T T T T T T T T T T T T
10 14 18 22 12345678910
—logy, (P value) Features, n
E:”: firstorder_Variance - 0.65
s . glchJ_clgintIIEEtropy - == rFaL
o irstorder_TotalEnergy - BN Model
T glszm_ZoneEntropy - & 0.60 ,.-‘K il i OKNeN
€ firstorder_RootMeanSquared . g L) Jiose S0 rseg
L gldm_DependenceEntropy - D 0.55 4 T, oA I.-" i~ = Random forest
£ glrim_GrayLevelNonUniformityNormalized - £ | e /% = SVMinear
I firstorder_Kurtosis - \ i ;% = SVMradial
= shape_MinorAxisLength - 050 { 1| e N
S glem_Correlation . -
T T T T T T T T T T T T T
0.02 0.04 0.06 12345678910
Mutual information Features, n

Figure 4 EFS prediction using the classification approach. Top row: Wilcoxon test; middle row: Student’s #-test; bottom row: mutual

information test. Left column: feature selection in a 5-fold cross-validation. Features are ranked according to the -log,, (P value) for the

Wilcoxon test and Student’s #-test selections, and mutual information score for mutual information selection. Black dots indicate the median

value across folds, green dots indicate the lowest value across folds, and red dots indicate the highest value across folds. Right column:

classification results for the test set in a 5-fold cross-validation for different models, depending on the number of features. KNN, K nearest

neighbor; SVM, support vector machine; EFS, event-free survival.

grouping of clinical features (see Figure 2).

Regression and machine learning methods were then
used to select radiomic signatures that could predict the
risk of metastasis and achieved a C-index of 0.84 for the
Cox proportional hazards model and 0.8 for the random
survival forest, and an accuracy of 0.72 for the KNN
classifier. These results confirm that medical images contain
information that could be successfully applied to MFS
prediction.

Several studies have shown the potential of radiomic
features in predicting distant metastasis in lung cancer,
with most of them focusing on either a particular subtype
or stage (24,25). Coroller er al. (19) investigated radiomic
features extracted from CT images for predicting distant
metastasis in lung adenocarcinoma, which had a C-index
of 0.61 on an independent validation set. Fave ez al. (21)

© Translational Lung Cancer Research. All rights reserved.

demonstrated that combining pre-treatment radiomic
features with clinical information improved the ability of
prognostic models to predict distant metastasis in stage III
NSCLC patients, reporting a C-index of 0.63 (19). Wu
et al. used features extracted from PET images to predict
the freedom of distant metastasis, with a high C-index of
0.71 in independent validation (20). However, this work
only focused on early-stage lung cancer. Dou et al. (22)
presented an interesting approach, extracting features from
both the tumor and tumor rim and achieving a C-index
of 0.64 in a cohort of patients with locally advanced lung
adenocarcinoma (22). In the current work, significantly
better model quality was achieved in a cohort including
patients with varying subtypes (squamous cell carcinoma,
adenocarcinoma, large cell carcinoma) and stages.

While a regression approach, such as a Cox proportional

Transl Lung Cancer Res 2023;12(7):1372-1383 | https://dx.doi.org/10.21037/tlcr-23-60
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Figure 6 Kaplan-Meier plot of metastasis-free survival for the

whole cohort. The patients were divided into high-risk and low- sensitive to feature interactions.
Certain variables retained high positions across different

selections. These included GLRLM RunLengthNonUniformity,
NGTDM Strength, and NGTDM Business. This demonstrates

risk groups according to a Cox model constructed using the feature

selection and number for which the cross-validation accuracy was

highest.
that these radiomic features are important for predicting if and
when metastasis will occur in a lung cancer patient.
hazards model, is typically used for survival-type analysis, This analysis was not without limitations. While the
the risk score it yields does not directly translate to the time study design ensured all images were contoured by one
of event occurrence. The C-index only compares pairs of expert, which prevented bias, this did not allow for an
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assessment of the reproducibility of radiomic feature
extraction. In addition, plans are in place to collect an
independent patient cohort to validate the signature. Future
work will also investigate tumor growth and dissemination
dynamics, to achieve more clinically meaningful predictions.

Conclusions

Based on a cohort comprising 115 NSCLC patients, clinical
features routinely collected during diagnostic procedures
are not sufficient for the prediction of the risk of metastasis.
Medical images (PET/CT scans) were investigated as a
potential source of prognostic markers by assessing radiomic
features in various classes of predictive models. A model
based on two texture features (GLSZM and GLRLM) was
constructed, which divided the patient cohort into low-risk
and high-risk groups that significantly differed in MFS. The
findings of this study have the potential to help clinicians
make adjustments to therapy and create a rational basis for
the intensification of systemic treatment in high-risk lung
cancer patients.
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Abstract. Radiomic features, numeric values extracted from a region
of interest (ROI) in medical images, can be used to train prognostic
models for various types of cancer. However, in locally advanced diseases,
more than one lesion may be present. Using the information contained
in multiple regions increases the complexity and necessitates additional
processing. Here, we tested seven strategies of handling multiple regions
in radiomic-based regularized Cox regression for predicting metastasis-
free survival using a cohort of 115 non-small cell lung cancer patients.
We have found that using all ROIs to fit the model allowed for better
results than using only the largest ROI, achieving c-indexes of 0.617 and
0.581, respectively.

Keywords: lung cancer, radiomics, ROI, metastasis free survival, reg-

ularized Cox regression

1 Introduction

Medical imaging is a standard procedure used in cancer both as part of diag-
nostics, and disease management, for example in radiotherapy planning [5] The
high-depth images generated during PET/CT, MRI, or other types of scans
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contain an abundance of information, invisible to the human eye, but usable in
machine learning models. One of the ways of using this information is radiomics.

In radiomics, quantitative features are extracted from an expert-defined re-
gion of interest (ROI) in the image, describing various characteristics related
to, among others, voxel intensity distributions, shape, or texture. Following suc-
cessful standardization efforts [11], radiomic biomarkers are widely researched
for use in cancer prognostics [4, 6, 10]. Usually, the modeling focuses on the pri-
mary tumor as a source of features and thus incorporates only one region of
interest per patient. However, especially for locally advanced disease, the image
may include multiple lesions, lymph nodes, or other affected regions, disregarded
in the one patient — one ROI approach.

One example of cancer that is often already locally disseminated at diagnosis,
is lung cancer, with most patients diagnosed at an advanced clinical stage of the
disease. Combined with high metastatic potential, the late diagnosis contributes
to low survival rates, with an estimated five-year survival of below 20% [3].

In our earlier work, we demonstrated the potential of radiomic features for
predicting metastasis-free survival in non-small cell lung cancer (NSCLC) pa-
tients [2,9]. Building upon this research, we investigate whether incorporating
multiple ROIs from one patient in the model can improve its predictive abil-
ity. In a cross-validation procedure modified to account for the dependence of
samples from one patient, we proposed and evaluated seven different methods
of handling multiple ROIs. We show that although introducing multiple ROIs is
associated with the higher noisiness of the data, using an appropriate strategy
allows for more accurate prediction than using only one lesion.

2 Materials and Methods

2.1 Patient characteristics

The cohort consists of 115 NSCLC patients treated in the Maria Sklodowska-
Curie National Research Institute of Oncology, Gliwice Branch between 2009
and 2017. The patients received combination treatment, with between one and
six cycles of platinum-based chemotherapy followed by a 60-70 Gy total dose
of radiotherapy. The primary endpoint of interest was metastasis-free survival
(MFS), defined as the time between cancer diagnosis and detection of distant
metastases or time to last follow-up otherwise. Therefore, only patients without
distant tumor spread detectable at diagnosis were included in the study group.

Typically for lung cancer, the majority of patients were male. The median
age at diagnosis was 61 years. T'wo-thirds of the cohort had squamous cell car-
cinoma, other represented subtypes were adenocarcinoma (24.3%) and large cell
(7%). The left lung was slightly more prevalent as the tumor location. Most
patients had advanced disease, with over 60% classified as T3 or T4 in the TNM
staging, and over 80% exhibiting various degrees of lymph node spread. How-
ever, the general condition of the patients was good, as all but two patients were
categorized as 0 or 1 on the Zubrod performance scale. Detailed information
about the study group is presented in Table 1.
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Table 1: Patient characteristics. For age, median and quartiles are given

Sex Male 83 (72.2%)
Female 32 (27.8%)
Age 61 (57-67)
Histopathology Squamous T77(67.0%)
Large cell 8 (7.0%)
Adenocarcinoma 28 (24.3%)
Other 2 (L.7%)
Location Left 65 (56.5%)
Right 50 (43.5%)
T 1 4 (3.5%)
2 37 (32.2%)
3 37 (32.2%)
4 37 (32.2%)
N 0 19 (16.5%)
1 6 (5.2%)
2 83 (72.2%)
3 7 (6.1%)
M 0 115 (100%)
1 0 (0%)
Zubrod score 0 34 (29.6%)
1 80 (69.6%)
2 1 (0.9%)

2.2 Image acquisition

For 24 patients the planning PET/CT images were acquired using Philips Gemi-
niGXL 16 (Philips, Amsterdam, Netherlands) scanner, and for 88 patients using
Siemens Biograph mCT 128 (Siemens AG, Munich, Germany) scanner. Images
were contoured by an experienced nuclear medicine specialist utilizing MIM 7.0.1
software and the PET Edge™ tool (both MIM Software Inc., OH, USA). In addi-
tion to the primary tumor, the ROIs included other tumor lesions in the lung and
lymph nodes. Out of the entire cohort, 47 patients had only one ROI contoured,
the remaining 68 had between two and eleven ROIs (Figure 1).
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Fig. 1: Number of contoured ROIs per patient

2.3 Radiomic feature extraction

For each of the contoured ROIs, we extracted 105 radiomic features describ-
ing their shape, texture etc., using PyRadiomics version 3.0.1 [8]. The features
can be divided into seven categories: first-order statistics (18 features), shape
(14 features), Gray Level Co-occurrence Matrix (GLCM, 22 features), Gray
Level Dependence Matrix (GLDM, 14 features), Gray Level Run Length Ma-
trix (GLRLM, 16 features), Gray Level Size Zone Matrix (GLSZM, 16 features),
and Neighboring-Gray Tone Difference Matrix (NGTDM, 5 features).

2.4 Survival analysis — general framework

To test the constructed models, we employed a 1000-iteration Monte Carlo Cross-
Validation scheme with fixed subsets. Since the dataset contained multiple obser-
vations (ROIs) per patient, the subsets had to be generated in a way preventing
information leakage. Therefore, in each iteration, the patients were divided into
a training (two-thirds) and test (one-third) groups, stratified according to the
metastasis status. The resulting training and test sets contained all ROIs from
the assigned patients. While such partitioning ensured that all ROIs of a given
patient were used either for training or for testing, and the number of patients in
the subsets was always the same, the set cardinalities could be different in each
iteration (depending on method) due to varying number of contoured lesions per
patient.

To explore the association between radiomic features and the metastasis-free
surival we applied the Regularized Cox Regression model (CoxNet) implemented
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in the glmnet R package, version 4.1-6 [1,7]. The optimal A value was found
using a cross-validation procedure. We assessed the predictive ability of the fitted
models using the Harrell’s c-index calculated for patients in the test set, adopting
the median across all iterations as the final quality index.

2.5 Handling multiple ROIs
We focused on two main approaches to handling multiple ROIs:

1. selecting (or constructing) a single ROI per patient and using it to fit the
model, or

2. fitting the model on a full dataset (containing all ROIs) and reconstructing
patient risk from the risks obtained for the ROIs.

The advantage of the second idea is having a larger dataset to build the model.
However, because of the substantial heterogeneity, it may also be more subject
to data noise.

Between the two approaches, we tested a total of seven distinct methods of
handling multiple ROIs. The overview of the tested strategies is presented in
Figure 2.

randomROI In this approach, one ROI is randomly selected to represent a
patient. It requires no defined order existing for the ROIs, but the results are
largely dependent on chance and change with each realization of the method.
Considering the pronounced differences between ROIs from the same patient,
the instability makes it largely unsuitable for potential clinical use. Here it will
be regarded as the baseline model for comparison.

largestROI Again, one ROI is selected to represent each patient, taking advan-
tage of the intuitive order according to size (here defined as the voxel number
of the mask). Selecting the largest ROI ensures that the result is identical each
time the method is called. However, it does not utilize any information from the
remaining ROIs. Indeed, since the largest of the lesions is usually the primary
tumor, this method corresponds to the classic approach adopted in radiomics
studies.

arithmeticMeanROI A representative ROI is constructed, where each feature
is an arithmetic average calculated across all the patient’s ROIs. Although this
method incorporates information from all the contoured lesions, it puts into
question the interpretability of obtained radiomic features. For example, shape
features like major axis length have fairly straightforward interpretation when
applied to one ROI, but are no longer meaningful when averaged.
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weightedMeanROI Analogous to the previous method. The representative
ROLl is calculated as a weighted mean of all ROIs with their sizes (voxel numbers)
as weights.

allROIMin In the subsequent three strategies, no selection takes place before
training. The model is fitted using all available ROIs, resulting in a risk value
assigned to each ROI. Thus, the methods require post-processing, in which the
risk for the patient is derived. In the first version, the smallest risk is selected.
As a consequence of such an approach, patients with multiple ROIs are more
likely to be assigned smaller risks.

allROIMax Opposite to the previous method, the highest risk is chosen for
the patient, resulting in patients with multiple ROIs generally displaying higher
risks. Notably, the highest risk is not necessarily associated with the largest ROI.

allROIMean The risk for the patient is calculated as the mean of the risks of
all the ROIs. Here, the risk is not directly dependent on the initial ROI number.

3 Results

3.1 ROI characteristics

As expected, there is high intra-patient heterogeneity — the contoured ROIs
had varying shapes, sizes, and even origin (lung tissue vs lymph nodes), which
was reflected in the extracted radiomic features.

Perhaps surprisingly, there was no direct link between number of ROIs and
MFS (Figure 3a). The p-value in the log-rank test between groups with one, two
to three, and more contoured lesions was 0.85. However, some differences could
be observed in the radiomic profiles between patients with long and short MFS,
even with the same number of ROIs, as seen in Figures 3¢ and 3b. For clarity,
features (depicted in columns) were not clustered.

3.2 Prediction of metastasis free survival

Although the values of the obtained c-indexes were highly dependent on itera-
tion, which can be attributed to the small sample size, distinct trends emerged
in performance of the different strategies. Predictably, the worst result (median
c-index 0.534) was obtained by the randomROI method. The ,,classic” approach
using only the largest ROI yielded better results (median c-index 0.581), but was
still outperformed by the weightedMeanROI method incorporating information
from multiple ROI (c-index 0.592). The arithmeticMeanROI worked worse (c-
index 0.557), confirming that a good strategy for incorporating multiple samples
is crucial as the model is susceptible to noise.
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Fig. 3: Characterization of the dataset with respect to ROIs

Among the methods using all available ROIs to fit the model, allROIMin had
the poorest performance, giving a median c-index of 0.566. The other two meth-
ods, allROIMaz, and allROIMean achieved the best overall performance, yielding
median c-indexes of 0.617 and 0.616, respectively. Notably, the allROIMean ap-
proach displayed the lowest variability between subsets, emphasizing the added
advantage of a larger training set associated with these approaches.

4 Discussion

Medical images are gaining popularity as a source of prognostic biomarkers in
cancer due to the relative simplicity and low invasiveness of their acquisition.
With great emphasis and effort toward reproducibility and standardization, ra-
diomics provides a way to extract quantitative features from regions of interest in
the image. The extracted variables, incorporated into predictive models such as
Cox regression, can be used, for example, to assess the risk of distant metastasis.
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Fig.4: Benchmark results. Boxplots depict c-indexes obtained in 1000 cross-
validation iterations.

However, in malignancies like lung cancer, the disease is often locally dissemi-
nated at diagnosis. Hence, apart from the primary tumor, the regions of interest
can include other tumor lesions or lymph nodes, resulting in an additional layer
of information often overlooked in radiomic studies.

While the idea of utilizing the additional information in modeling is tempting,
the exact strategy of handling multiple ROIs is a non-trivial task. It presents a
set of unique challenges, from dataset structure, through inference of risk for a
particular patient, to validation preventing information leakage. In an attempt to
tackle these challenges, we performed a benchmark of seven different approaches,
evaluating their performance in a tailored Monte Carlo Cross-Validation scheme.

On a cohort of 115 non-small cell lung cancer patients, we found that training
the model on all available ROIs allowed for better prediction than using only
the largest one. Setting the patient’s risk to the maximum over all ROIs the
median c-index in all iterations was 0.617, which was the highest reached quality.
Also a representative ROI constructed as a weighted average outperformed the
largestROI approach.

There are some limitations to the presented study, the most important be-
ing the limited cohort size. In every iteration, the training set contained only
77 patients, further reduced in the internal cross-validation within CoxNet. It
resulted in a certain instability that could be observed in the large dispersion
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between iterations. Furthermore, we tested only one type of survival model, a
limitation we plan to address in the future.

5 Conclusion

In radiomics-based survival modeling, incorporating multiple ROIs per patient
can improve the predictive ability, provided that an appropriate strategy is used.
For our dataset, the best results were achieved when all ROIs were used for
prediction and the risk for a particular patient was derived subsequently.
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Abstract

The main objective of this work is to explore the possibility of incorporating radiomic information from multiple
lesions into survival models. We hypothesise that when more lesions are present, their inclusion can improve model
performance, and we aim to find an optimal strategy for using multiple distinct regions in modelling.

The idea of using multiple regions of interest (ROIs) to extract radiomic features for predictive models has been
implemented in many recent works. However, in almost all studies, analogous regions were segmented according
to particular criteria for all patients — for example, the primary tumour and peritumoral area, or subregions of the
primary tumour. They can be included in a model in a straightforward way as additional features. A more interesting
scenario occurs when multiple distinct ROIs are present, such as multiple lesions in a regionally disseminated cancer.
Since the number of such regions may differ between patients, their inclusion in a model is non-trivial and requires
additional processing steps.

We proposed several methods of handling multiple ROIs representing either ROI or risk aggregation strategy, com-
pared them to a published one, and evaluated their performance in different classes of survival models in a Monte-Carlo
Cross-Validation scheme. We demonstrated the effectiveness of the methods using a cohort of 115 non-small cell lung
cancer patients, for whom we predicted the metastasis risk based on features extracted from PET images in original
resolution or interpolated to CT image resolution. For both feature sets, incorporating all available lesions, as op-
posed to a singular ROI representing the primary tumour, allowed for considerable improvement of predictive ability
regardless of the model.

Keywords:
multiple ROIs, radiomics, survival models, ROI aggregation, risk aggregation
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proving invaluable for diagnostics, therapy planning and
management. In addition to their standard, visual applica-
tion, resulting digital images can be treated as data used
in machine learning models [1]. Although deep learning
can be applied directly to raw images, a major obstacle is
the cohort size necessary to construct a believable model
[2]. A compromise solution is radiomics, where numeri-
cal features are first extracted from a specific part of the
image. These can be fed into statistical models, achiev-
ing better performance compared to clinical or radiologi-
cal features [3]. The growing interest in the field, related
among others to oncology [4, 5] can largely be attributed
to consistent efforts to make the extracted features robust
and reproducible [6].

One of the challenges in radiomics is the definition of
the region of interest (ROI). Typically, in cancer-related
studies, an intuitive region is the tumour itself, however,
various other ROI delineations have been explored. In [7],
radiomic features were extracted from intra-tumour re-
gion as well as the peritumoural area and applied for sur-
vival risk prediction in early-stage lung cancer. Xu et al.
[8] presented a diagnostic approach utilizing five different
ROIs in two types of breast ultrasound images, including
the whole tumour region, the strongest perfusion region,
and the surrounding region. In [9], radiation-induced skin
toxicity was investigated using six types of ROIs based
on radiation doses. Shan et al. [10] used ROIs corre-
sponding to the lesion and the peritumoural area to pre-
dict recurrence in hepatocellular carcinoma. Chen et al.
[11] predicted metastasis in rectal cancer based on ROIs
delineating tumour area, peritumoural fat, and the largest
pelvic lymph node. Chen et al. [12] described a deep
learning model for MGMT promoter methylation predic-
tion using radiomic features extracted from the whole tu-
mour region and the tumour core. In [13], three ROIs
of different sizes created around the nodule center served
for differentiation between benign and malignant thyroid
nodules. Han et al. [14] used features extracted from the
tumour zone and the tumour-liver interface to predict pre-
dominant histopathological growth patterns of colorec-
tal liver metastases. In [15], radiomic features extracted
from MR images for two types of ROIs (Facet and Circle)
were used to identify axial spondyloarthritis. In [16], axil-
lary lymph node (ALN) metastasis status in breast cancer
was predicted using radiomics extracted from tumour and
ALN ROIs in MRI and mammography images. Dammak

et al. [17] distinguished between lung cancer recurrence
and benign radiation-induced injury based on six semi-
automatically contoured ROIs (each initialised with a RE-
CIST line drawn by a specialist). In [18], immunother-
apy response in non-small cell lung cancer was predicted
based on radiomic features extracted from three sub-
regions of the primary tumour obtained through k-means
clustering. Hou et al. [19] construct a model predicting
neutrophil-lymphocite ratio for lung cancer patients based
on CT radiomics from five anatomical regions. A work
by Zhang et al. [20] demonstrates the influence of peri-
tumoural margin on the performance of radiomics mod-
els. A later study [21] describes a model combining deep
learning and conventional radiomics for ROIs comprising
the tumour region and peritumoural area. Similarly, in
[22], radiomic and deep features are integrated to classify
breast lesions. In [23], ROIs resulting from radiotherapy
planning are considered — gross tumour volume, plan-
ning tumour volume, and the difference between the two.
Even in studies focusing on extraction of deep features,
multiple ROI delineations are used, such as in [24], where
the VOI used to predict nodal metastasis in lung cancer is
divided into sections representing tumour core and per-
itumoral area. Finally, Huang et al [25] predict acute
coronary syndrome based on two ROIs — pericoronary
adipose tissue and atherosclerotic plaques. These studies
show that including other ROIs can improve the predic-
tive ability of models. Still, their inclusion in the model
remains relatively straightforward since they can be deter-
mined for each of the patients and accordingly labelled,
introducing no ambiguity.

However, in many cases the tumour is already locally
spread [26], and in addition to the primary tumour there
are also secondary lesions and involved lymph nodes. All
these structures may constitute separate regions of interest
and carry information valuable for modelling. Yet, as the
number of ROIs may differ for each patient, there is no
trivial way to incorporate them all in one model. Beyond
medical imaging, this problem can easily be extended to
other aspects of diagnostics and prognostics where multi-
ple measurements per patient might occur, such as blood
tests, biopsies or tissue samples. In the work [27] ded-
icated to mass spectrometry imaging, it was discussed
that a “’single-pixel” approach (using all available data for
training the model) allowed for better classification qual-
ity than a “mean spectrum’ approach.



Expanding on this idea, we take lung cancer as an ex-
ample, because it is often diagnosed at a late, locally
advanced stage and involves a high probability of mul-
tiple ROIs being present. It has already been shown
[28, 29, 30, 31] that radiomic features extracted from the
primary tumour have the potential for predicting the risk
of metastatic dissemination. Here we investigate whether
incorporating information from additional available ROIs
allows for more accurate prediction. While many works,
as mentioned above, present models including different
(often multiple) definitions of the region of interest, the
problem of using actually distinct regions, whose number
is inconsistent between patients, is addressed much less
frequently. Notably, Zhao et al. [32] proposed a method
of ROI aggregation based on “meta histograms” and ap-
plied it for PET/CT radiomics in lung adenocarcinoma
to train classification models corresponding to 3- and 4-
year overall survival, as well as tumour grade and risk.
Nevertheless, the method was not compared to a single-
ROI approach. We perform the comparison for a time-to-
event problem, for the “meta histogram” strategy as well
as original ROI or risk aggregation methods. We test sev-
eral different classes of survival models in a Monte Carlo
validation scheme. Moreover, considering the differences
in radiomic profiles of patients’ ROIs, we hypothesise that
the inter-ROI heterogeneity might be a better predictor of
early metastasis than simply the number of ROISs itself.

2. Materials and methods

The retrospectively collected study cohort, described in
detail elsewhere [29], consists of 115 Polish non-small
cell lung cancer patients treated in the Maria Sklodowska-
Curie National Research Institute of Oncology Gliwice
Branch. The study was approved by the institutional
Ethics Committee (KB/430-48/23) and the data were
anonymized before the analysis.

The endpoint considered in this study was metastasis-
free survival (MFS), defined as the time from diagnosis to
detection of distant metastases (event) or the last screen-
ing without detectable distant metastases (censored ob-
servations). It is important to note, that as implied by this
definition, censoring from the MFS point of view does not
coincide with the patient’s death.

2.1. PET/CT image acquisition and processing

As part of radiotherapy planning, PET/CT images were
acquired using Philips GeminiGXL 16 (Philips, Amster-
dam, Netherlands) (24 patients) and Siemens Biograph
mCT 131 (Siemens AG, Munich, Germany) (91 patients).
An experienced nuclear medicine expert contoured all the
radiologically changed regions within the lung. Taking
into consideration the validity of texture features, we ex-
cluded regions smaller than two voxels. Using PyRa-
diomics v3.1.0 [33] with bin width set to 0.1, we extracted
100 radiomic features for each region of interest (ROI).
Before calculating the features we standardized the PET
images using body weight (SUVbw) and used the images
both in the original resolution (PET dataset) and interpo-
lated to the CT resolution with the nearest neighbour al-
gorithm (PET_CT dataset). None of the additional filters
were used in the pre-processing step.

2.2. Inter-ROI heterogeneity

To check whether the number of ROIs is related to
MES, we divided the patients into three groups of similar
cardinalities — with only one contoured ROI, with two to
three ROIs, and with four or more ROIs. We compared
the Kaplan-Meier curves for the resulting groups using
the log-rank test.

To assess the level of inter-ROI diversity, several con-
cerns had to be addressed. Firstly, some of the radiomic
features can take negative values, which excludes cer-
tain popular dissimilarity measures, in particular entropy-
based indices. In addition, the number of ROIs was not
consistent between patients. We decided to employ sev-
eral distance- and correlation-based indices, listed below:
Canberra distance. The Canberra distance d¢(x, y) is de-
fined as:
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Kendall distance. The Kendall distance dg(x,y), based
on the Kendall correlation coeflicient, is defined as:
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Spearman distance. The Spearman distance ds(x,Yy),
based on the Spearman correlation coefficient, is defined
as:

cov(R(x), R(y))
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where R(x) and R(y) are x and y converted to rank vectors.
Due to the vast differences in magnitude levels of the ra-
diomic features, Pearson’s correlation coefficient was im-
practical for this application.

For a particular patient, the heterogeneity index is equal
to 0O if there is only one ROI, and to the average value
for all distinct pairs of ROIs otherwise. For consistency
against the number of ROIs, the patients were again strat-
ified into three groups, according to terciles of the hetero-
geneity index values. Naturally, in our cohort, the one-
ROI group and the low-heterogeneity group for any given
index are equal.

2.3. Methods of handling multiple ROIs

Generally, survival-type models take as input a collec-
tion of observations (patients, objects), each of them con-
sisting of a feature vector, in our case radiomic features
for the ROI, and the response, which is a pair of values de-
noting time-to-event and status (event or censoring). Af-
ter fitting, the model can be used for new observations,
assigning a risk value corresponding to a new feature vec-
tor. Utilizing multiple feature vectors, non-equivalent be-
tween patients, requires aggregation of either ROIs before
the model training or risks thereafter. A schematic illus-
tration of the methods is shown in Fig. 1. They are listed
and described in the following Section.

2.3.1. Aggregation of ROIs

The main idea of ROI aggregation approaches is to se-
lect or construct a single ROI to represent each patient.
The dataset consists of fewer data points, but the models
can be used as is, and the results require no further pro-
cessing.

largestROI. In the case of medical imaging, the ROIs
can be intuitively ordered according to their size, that is
the number of voxels. The largest one, usually corre-
sponding to the primary tumour, is a default choice for
the modelling, and as such will be treated as the refer-
ence method. Although it is a straightforward approach,
its major disadvantage is the loss of information from the
remaining ROIs.

randomROI. For each patient, a random ROI is se-
lected. Since the result is largely dependent on chance, it
may differ for each realization of the method. Taking into
account considerable variability between ROIs for a sin-
gle patient, the instability it introduces in the model makes
it practically unsuitable for clinical application. Neverthe-
less, this method is useful when there exists no intrinsic
ordering of the measurements.

largestROldiversityIndex. For each patient, the hetero-
geneity indices described above are calculated based on
all the ROIs. The five resulting variables are concate-
nated to the radiomic feature vector from the largest ROI,
and can subsequently be selected within the model. This
method utilizes, to some extent, information from all the
available data points.

randomROldiversityIndex. Similar to largestROIdiver-
sitylndex, except diversity indices are considered together
with the radiomic features extracted from a randomly se-
lected ROI.

arithmeticMeanROI. A representative ROI X is con-
structed as the arithmetic average of all corresponding
ROIs. Although it uses information from all contoured
regions, in this method many radiomic features, particu-
larly shape features, lose their interpretability.

weightedMeanROI. The representative ROI is calcu-
lated as the weighted mean of all regions scaled by the
volumes of the ROIs.

MetaHistogram. The method proposed by Zhao et
al.[32]. Briefly, for each patient a “meta histogram” is
constructed — the “bins” are values of a particular ra-
diomic feature for ROIs arranged in descending order of
size. Next, multi-lesion features are extracted as charac-
teristics of the "meta histogram”: mean, variance, sum,
skewness, kurtosis, energy, and entropy. Since this ap-
proach results in a large number of features, correlation-
based redundancy filtering was first employed with a 0.9
threshold.
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Figure 1: Methods of handling multiple ROIs. Radiomic features (represented by grey rectangles) are extracted from the input image for each
region of interest. In the ROI aggregation methods, a representative ROI is constructed. The ROIs serve as input for a survival model, whose output
is a risk score (represented by red rectangles). In risk aggregation methods, risk scores are aggregated to obtain a single value for every patient. See

a more detailed description in the text.

2.3.2. Aggregation of risks

In the following methods, all available patient ROIs are
used for fitting. When the trained model is applied for
prediction, each ROl is assigned its own risk, resulting in
multiple scores per patient. Only then, aggregation is per-
formed on the risk values. Since all ROIs are included
in the dataset, more data points are available for train-
ing. However, high levels of intra-patient heterogeneity
can contribute to noise in the data.

allROIMin. The smallest risk is chosen for each patient.

allROIMax. Opposite to the previous method, the high-
est risk is chosen.

allROIWeightedMean. The risk for the patient is an av-
erage of all the risks for the corresponding ROIs weighted
with ROI volumes.

allROIMean. Analogous to the previous method, but
the patient’s risk is calculated as an arithmetic average of
ROI risks.

2.4. Survival models

Survival models are used in a setting where the re-
sponse variable consists of pairs (;, d;), where ¢; repre-
sents the censoring status, and #; is the time to event if
0; = 1 or time to last follow-up if §; = 0. Typically,



the output of such models can be interpreted as a rela-
tive risk — the higher the risk score, the sooner the event
should occur. Several survival models, representing dif-
ferent classes, usually coupled with some variable selec-
tion strategy, were included in the analysis.

CoxStepAIC. The classic Cox proportional hazards re-
gression, with forward stepwise selection of variables ac-
cording to the Akaike Information Criterion (AIC). Due
to its popularity in survival analysis, it is treated as the
reference model.

Coxnet. Regularized Cox regression, with embedded
feature selection. The optimal A value was determined
in cross-validation. The R package glmnet was used [34,
35].

Weibull. Model-based boosting (using mboost pack-
age) with Weibull accelerated failure time (AFT) model
[36, 37].

Loglog. Model-based boosting with Loglog AFT
model.

Lognormal. Model-based boosting with Lognormal
AFT model.

randomForest. A random survival forest model grown
with 1000 trees. The package RandomForestSRC was
used [38, 39].

SVMregression. A survival support vector machine
[40] with a regression model and an additive kernel func-
tion. The package survivalsvm was used [41].

SVMvanbellel. A survival support vector machine with
a Van Belle model and an additive kernel function.

2.5. Model quality evaluation

Since for the risk aggregation methods the dataset con-
tained multiple ROIs from the same patient, the validation
scheme had to be specifically constructed to prevent in-
formation leakage. This would be a situation when ROIs
from the same patient were placed in the training set and
test set in the same iteration. To avoid it, and to ensure
unbiased comparisons between models and aggregation
methods, a tailored Monte Carlo cross-validation parti-
tioning was constructed, and fixed for all the schemes.

In each of 1000 iterations, the patients were partitioned
into the training group (2/3) and the test group (1/3).
Then, depending on the ROI handling method, the train-
ing and test sets were constructed to contain either the
representative ROIs for all patients from the correspond-
ing group or all ROIs for patients from the corresponding

group. Thus, in every iteration and scheme, the same pa-
tient groups were used for training and testing, albeit in
the risk aggregation models the actual sizes of the train-
ing and test sets differ.

3. Statistical analysis

We employed Harrel’s c-Index to evaluate the predic-
tive ability of the models [42]. Defined as a ratio of con-
cordant observation pairs (where higher risk corresponds
to shorter time-to-event) to all comparable pairs, it can
be viewed as a survival analysis counterpart of the area
under the ROC curve (AUC) in classification. Indeed, the
value 0.5 indicates a completely random model, while 1 is
a perfect model. Because of the large sample sizes (1000
iterations constituting a group), we used Cohen’s d ef-
fect size as an indicator of the strength of the difference
against the reference scheme. The standard interpretation
was assumed, with |d| < 0.2 treated as a negligible effect,
0.2 < |d| < 0.5 meaning small effect, 0.5 < |d| < 0.8
medium effect and otherwise large effect.

For comparison of survival between two or more
groups, we used the log-rank test, assuming the standard
significance threshold p = 0.05.

All statistical analyses were conducted using the R en-
vironment for statistical computing, version 4.1.3 (R Core
Team, 2022).

4. Results

4.1. Patient characteristics

The clinical characteristics of the study population
were consistent with a typical lung cancer cohort, with the
majority of patients being male and diagnosed in an ad-
vanced stage of the disease (according to the TNM classi-
fication). The patients differed in the number of contoured
regions of interest, ranging from one to ten (see Fig. 2).
In nearly 60% cases, multiple ROIs were present.

4.2. Inter-ROI heterogeneity related to early metastasis

In the analysed cohort, there was no significant differ-
ence in metastasis-free survival probability between the
groups based on ROI number (Fig. 3a). In contrast, for
the PET_CT dataset, the two subgroups with more than
one ROI differed significantly for some of the diversity
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Figure 2: Characterization of the cohort with respect to ROI number

indices, with higher heterogeneity related to early metas-
tasis. The lowest p-value equal to 0.026 was obtained for
the Euclidean distance (Fig. 3b). It shows that the diver-
sity indices can be used as variables in a survival model
for MES prediction. However, the Kaplan-Meier curve for
the low-heterogeneity group was positioned between the
other two, suggesting that the inclusion of other features
is necessary for the generality of the model.

4.3. Comparison of approaches to handling multiple
ROIs and survival models

For the PET dataset, the model quality varied both be-
tween models and ROI handling approaches (Fig. 4a),
with median c-Indices between 0.456 for the combina-
tion largestROIldiversityIndex + SVMvanbellel and 0.632
for MetaHistogram + randomForest. For the reference
scheme, largestROI + CoxStepAIC, the median c-Index
was 0.554. 7 schemes performed better with large effect
size, 20 performed better with medium effect size, 37 per-
formed better with small effect size, 3 performed worse
with small effect size, 1 performed worse with medium
effect size, and 2 performed worse with large effect size.
For the rest, the effect size was negligible (Fig. 4b).

randomForest, Loglog, and Weibull generally yielded
high c-Indices. Interestingly, for the largestROI method,
all but one model were better than the reference
(CoxStepAIC). Although adding the diversity indices im-
proved the largestROI method only for two models (ran-
domForest and SVMregression), it was beneficial for the
randomROI method, improving the performance of all but
one model.

The proposed methods of handling multiple ROIs al-
lowed for improving the predictive ability of the mod-
els. Unsurprisingly, randomROI worked worse than the

largestROI approach for every model but SVMvanbellel.
Among the ROI aggregation methods, arithmeticMean-
ROI achieved the highest overall median c-indexes —
0.629 for CoxStepAIC and 0.630 for Weibull. Although
not as effective, weightedMeanROI method was more
consistent across different models, outperforming large-
stROI for all of them. Risk aggregation, with the ex-
ception of allROIMin, also yielded good results, particu-
larly for the Weibull model — 0.623 for allROIMean and
0.625 for allROIMax. The latter method achieved higher
c-Indices than largestROI for all tested models.

The schemes also differed in the distribution of c-
Indices across the cross-validation iterations (Fig 4c). The
minimum c-Indices were between 0.090 for the scheme
weightedMeanROI + SVMvanbellel and 0.364 for all-
ROIMax + randomForest, while the maximum c-Indices
ranged from 0.733 for largestROI + SVMvanbellel to
0.941 for randomROldiversityIndex + SVMregression.
Since c-Indices below 0.5 indicate a performance worse
than random, such values for the test set likely stem from
overfitting. Schemes MetaHistogram + randomForest all-
ROIMean + Weibull, weightedMean + randomForest, and
allROIMax + Weibull were most robust to overfitting, as
all of them had c-Index < 0.5 in fewer than 60 out of 1000
iterations. A complete summary of the results is given in
the Supplementary Table 2.

For the PET_CT dataset, similar tendencies could be
observed with large differences between schemes (Fig.
5a); the median c-Indices varied between 0.498 for the
combination largestROldiversitylndex + SVMvanbellel
and 0.634 for allROIMax + randomForest. For the ref-
erence scheme, largestROI + CoxStepAIC, the median c-
Index was 0.540. 6 schemes performed better with large
effect size, 14 performed better with medium effect size,
35 performed better with small effect size, and 5 per-
formed worse with small effect size. For the rest, the ef-
fect size was negligible (Fig. 5b).

The randomForest model consistently outperformed
others regardless of the ROI handling approach, with the
sole exception of the MetaHistogram approach. For the
largestROI method, all but one model was better than the
reference (CoxStepAIC). Once again, the worst perform-
ing model for most ROI handling methods was SVMvan-
bellel.

Also for this dataset, the results obtained for the large-
stROI method could be improved by incorporating mul-
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Figure 3: Predictive value of the inter-ROI heterogeneity. (a) Kaplan-Meier plot of metastasis-free survival for patients divided according to the
number of ROIs. (b) Kaplan-Meier plot of metastasis-free survival for patients divided according to the heterogeneity index of ROIs (euclidean

distance, PET resolution)

tiple ROIs. Risk aggregation methods seemed to be
more suitable — allROIMax achieved better c-Indices for
all models, allROIMean and allROIWeightedMean per-
formed similarly or better than largestROI.

The schemes displayed different robustness levels ob-
served in the distribution of c-Indices across the cross-
validation iterations (Fig 5c¢). The minimum c-Indices
were between 0.062 for the scheme weightedMeanROI
+ SVMvanbellel and 0.357 for allROIMax + random-
Forest, while the maximum c-Indices ranged from 0.762
for weightedMeanROI + SVMvanbellel to 0.922 for all-
ROIMax + SVMregression. Schemes allROIMax + ran-
domForest, allROIWeightedMean + randomForest, all-
ROIMean + randomForest, and weightedMeanROI + ran-
domForest were most robust to overfitting, achieving c-
Indices lower than 0.5 in 50, 60, 61 and 61 iterations, re-
spectively. A complete summary of the results is given in
the Supplementary Table 3.

5. Discussion

Radiomics is gaining popularity in cancer research as
a source of biomarkers, both in diagnostic and prognos-
tic settings [4, 43, 44, 45, 46]. In addition to the imaging

data, extraction of radiomic features requires a defined re-
gion of interest. In many cases, the cancer is already lo-
cally disseminated at diagnosis - for example in the US,
from 2011 to 2020, 23.3% of lung cancer cases were di-
agnosed at a localized stage, 21.1% at a regional stage,
and 48.3 % at a distant stage [26]. Even in a regionally
advanced cancer, the number of distinct lesions that can
be considered regions of interest is greater than one, and
can include lymph nodes and secondary tumours.

These ROIs carry information that can prove prognosti-
cally useful but is non-trivial to include in the modelling.
In this work, we answer the question of whether including
all available regions improves the performance of survival
models. Since they are distinct foci, not different ways
of contouring the primary tumour, their number and na-
ture vary between patients. Therefore, dedicated methods
must be developed to account for patient heterogeneity
and relationships between ROIs. To explore the possibil-
ity of incorporating multiple ROIs into survival-type mod-
els, we collected a cohort of 115 non-metastatic non-small
cell lung cancer patients, with between one and ten con-
toured ROIs. We used radiomic features extracted from
the ROIs to predict metastasis-free survival, employing
different regression models and proposing various strate-
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Figure 4: Results of the comparison for the PET dataset. (a) Median c-Indices of all the tested schemes. The top and right annotations show
the best median c-Indices for the models and ROI handling methods, respectively. (b) Comparison of the schemes with the reference model
(largestROI+CoxStepAIC). Colours represent differences between median c-Indices, and stars show Cohen’s d effect size, () meaning negligible,
(*) — small, (**) — medium, and (***) — large. (c) c-Indices of the selected schemes across 1000 iterations.
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Figure 5: Results of the comparison for the PET_CT dataset. (a) Median c-Indices of all the tested schemes. The top and right annotations
show the best median c-Indices for the models and ROI handling methods, respectively. (b) Comparison of the schemes with the reference model
(largestROI+CoxStepAIC). Colours represent differences between median c-Indices, and stars show Cohen’s d effect size, () meaning negligible,
(*) — small, (**) — medium, and (**%) — large. (c) c-Indices of the selected schemes across 1000 iterations.
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gies of multiple ROI handling. Additionally, we evaluated
the relation between inter-ROI heterogeneity and time-to-
metastasis.

We have shown that for patients with more than one
ROI, their number alone was not significantly related to
the metastasis-free survival probability (see Fig. 3a).
However, for the PET dataset, the groups created by di-
viding patients by heterogeneity indices differed in MFS
— higher inter-ROI heterogeneity was related to a higher
risk of metastasis (Figure 3b). Therefore, heterogeneity
indices, synthetic features combining information from
all the patient’s ROIs, can be used as prognostic variables
in the models. Still, the trend is disturbed, as the Kaplan-
Meier curve for a group of patients with only one ROI, and
consequently low heterogeneity, was between the two oth-
ers. For a more generally useful model, the heterogeneity
indices must be augmented with other radiomic features.

The prediction quality, evaluated in terms of Harrell’s
c-Index, was highly dependent on the used survival model
(Figures 5, 3). While the classic approach, consisting of
the Cox proportional hazards regression with stepwise se-
lection based on AIC performed quite well, other mod-
els achieved better predictions — random survival forest
achieved higher c-Index for each ROI handling method.
Ensemble models, such as model-based boosting and the
random forest, deserve attention for their performance.
They model the data well without overfitting, as seen on
the test data, where they rarely yielded c-Indices below
0.5 (Supplementary Tables 2 and 3).

The ROI aggregation methods performed better for the
PET dataset. Adding diversity indices to radiomic fea-
tures allowed for improving some largest-ROI models,
and many randomROI models. Even better results were
obtained for the arithmeticMeanROI and weightedMean-
ROI, which outperformed the largestROI method for most
models. This confirms the benefit of incorporating infor-
mation from all lesions, especially since in ROI aggrega-
tion methods the improvement cannot be explained by a
larger data set used for training.

Very good overall results for both datasets were
achieved by the risk aggregation methods except for all-
ROIMin. An intuitive explanation of this poor perfor-
mance can be found in the inter-ROI heterogeneity anal-
ysis. Patients with highly diverse ROIs will likely be as-
signed both very high and very low risks. After risk ag-
gregation, they will be given the lowest value, contrary to

11

what is presented in Fig. 3b, where the high-heterogeneity
group exhibits more and earlier events than the other two.
The opposite strategy implemented in the allROIMax
method is consistent with the findings from the hetero-
geneity analysis, resulting in the highest c-Indices of all
the methods.

The MetaHistogram method, introduced by Zhao and
coworkers [32], improved the model performance com-
pared to the largest ROI particularly in the PET dataset.
However, since the endpoint of this study was related to
metastasis, our cohort was limited to cases where can-
cer was regionally advanced at most. Consequently, the
number of ROIs was relatively smaller than in the origi-
nal work introducing the concept —- in fact, slightly over
40% of patients had only one contoured lesion. In such
cases, the constructed “meta histogram” consists of only
one bin, which makes some of the extracted features un-
informative.

This study is not without limitations, the greatest be-
ing only one, relatively small cohort used for compar-
ing the schemes. A search was conducted for an exter-
nal imaging dataset to validate the findings. While there
are studies providing multiple nodules per patient [47]
or survival data [48], to the authors’ best knowledge no
public dataset exists with both available. Also, different
possible ROIs have been explored [8, 9, 10, 2, 11, 13,
14, 17, 15, 16, 18, 20, 21, 23, 19], usually related to ei-
ther narrowing or extending the tumour area, for instance
tumour core, tumour margin, peritumoural area etc. In-
cluding such regions in a machine learning model is rela-
tively straightforward, since they can be identified for ev-
ery patient and accordingly labelled, introducing no am-
biguity. In our work, we understand multiple regions of
interest as independent uptakes in the PET images, as op-
posed to the elsewhere adopted idea based on different
ways of contouring or defining new types of ROL. In one
study also involving multiple actual lesions, the method
of extracting multi-lesion radiomic features was used for
a classification problem [32]. Nevertheless, we included
the described strategy (MetaHistogram) in our compari-
son demonstrating that for certain datasets it can indeed
improve the performance of survival models. Overall, the
presented results can neither be directly compared to pub-
lished studies nor verified in an external cohort. It should
however be noted, that the aim of the present study is not
to present a solution to a particular clinical problem (in



this case the prediction of metastasis risk) but to investi-
gate whether incorporating information from multiple le-
sions can improve model performance.

6. Conclusion

We proposed several methods of incorporating in-
formation from multiple lesions/regions of interest in
radiomics-based survival models. We evaluated their per-
formance with different types of models for the prediction
of metastasis-free survival, based on PET images from a
cohort of 115 non-small cell lung cancer patients. Re-
gardless of the model, the predictive ability (assessed in
terms of Harrell’s c-Index in 1000 validation iterations)
could be improved by using aggregation of ROIs or risks,
compared to a model built using only the primary tumour.
Furthermore, including information from all lesions im-
proved the robustness of the models.

Using all available feature vectors in a structurally het-
erogneous dataset to fit survival models can be considered
a promising direction not only for imaging studies, but
also for molecular research, in particular spatial or single-
cell analysis.
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W kolejnym roku akademickim rozpoczeta ksztalcenie w Szkole Doktorow Politechniki
Slaskiej w dyscyplinie Inzynieria Biomedyczna.

Aktywnie uczestniczyla w siedmiu projektach badawczych, finansowanych przez
Narodowe Centrum Badan i Rozwoju, Narodowe Centrum Nauki oraz Agencje Badan
Medycznych, w tym w projekcie ,Nowe narzedzia diagnostyki molekularnej i obrazo-
wania w indywidualizowanej terapii raka piersi, tarczycy i gruczotu krokowego” akro-
nim MILESTONE; ,Uczenie maszynowe, modelowanie biologiczne i przetwarzanie ob-
raz6w medycznych w prognozowaniu przerzutéw raka ptuc.” oraz ,Centrum Medycyny
Cyfrowej SILESIA”. Realizowala rowniez wilasne projekty, finansowane z subwencji ba-
dawczych dla mtodych naukowcow. Brata udzial w szkoleniach i kursach, na przyktad
szkole wiosennej ,Structured Population Models”. Odbyla takze trzymiesieczny staz w
German Cancer Research Center (DKFZ), na ktory pozyskata finansowanie w programie
Helmbholtz Information and Data Science Academy.

Wspblpracowata z wieloma zespotami badawczymi, m.in. ze Slaskiego Uniwersytetu
Medycznego, Gdanskiego Uniwersytetu Medycznego, oraz Narodowego Instytutu On-
kologii, gdzie od 2020 r. jest pracownikiem Dzialu Analiz Bioinformatyczno - Biostaty-
stycznych; a takze z partnerami komercyjnymi takimi jak Wasko S.A. czy CelonPharma
S.A.

Dorobek naukowy doktorantki to m.in. jedenascie artykutow opublikowanych w
czasopismach, indeksowanych w bazie Web of Science, kilka artykulow w monografiach
pokonferencyjnych, w tym indeksowanych w bazie Scopus, oraz kilkanascie doniesien
i plakatow, prezentowanych na konferencjach naukowych w kraju i za granica, takich
jak Festival of Genomics w Londynie, Asian Conference on Intelligent Information and
Database Systems w Ho Chi Minh City czy International Conference on Risk Analysis
w Perugii. Jest rowniez wspotautorks trzech europejskich zgloszen patentowych, ktore
sa aktualnie procedowane przez EPO.

Poza dzialalnoscia badawcza, mgr inz. Agata Wilk wspotorganizowata XXVII Kra-
jowa Konferencje Zastosowan Matematyki w Biologii i Medycynie. Byla takze laureatka
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Ogolnopolskiej Olimpiady Jezyka Angielskiego dla Studentow Wyzszych Uczelni Tech-
nicznych.

Doktorantka prowadzila zajecia dydaktyczne, obejmujace ¢wiczenia i laboratoria z
roznych przedmiotéow dotyczacych zagadnien sztucznej inteligencji i uczenia maszyno-
wego dla studentéw kierunkéw Informatyka, Automatyka i Robotyka, Data Science (Ma-

krokierunek), Cognitive Technologies oraz Biotechnologia.
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