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Rozdziat 1: Wprowadzenie

1.1 Rak pecherza moczowego: epidemiologia, czynniki ryzyka, histopatologia i
aktualne metody diagnostyczne

1.1.1 Epidemiologia raka pecherza moczowego

Rak pecherza moczowego (BC) jest drugg po raku prostaty najczestszg chorobg
nowotworowg uktadu moczowego uwzgledniajgc zaréwno zapadalnosé jak i chorobowos¢.
W 2018 roku zdiagnozowano 550 000 nowych przypadkéw raka pecherza moczowego na
Swiecie. Pod wzgledem zapadalnosci jest széstym najczestszym nowotworem u mezczyzn,
siedemnastym u kobiet oraz dziesigtg co do czestosci chorobg nowotworowg uwzgledniajgc
obie ptcie. Standaryzowany wiekowo wspotczynnik zachorowalnos$ci na te chorobe na
Swiecie wynosi 9.6 na 100 000 dla mezczyzn i 2.4 na 100 000 dla kobiet. W 2018 roku z
powodu raka pecherza moczowego zmarto 200 000 osob, co uplasowato go na trzynastym
miejscu pod wzgledem $miertelnosci spowodowanej chorobami nowotworowymi na swiecie i
na drugim miejscu (po raku prostaty) pod wzgledem smiertelnoéci spowodowane;j
nowotworami uktadu moczowego. Standaryzowany wiekowo wspoétczynnik smiertelnosci
wynosi 3.2 na 100 000 dla mezczyzn i 0.9 na 100 000 dla kobiet. W poréwnaniu z 2008
rokiem zapadalno$¢ na raka pecherza wzrosta z 5.3 na 100 000 ludnosci do 5.7 na 100 000
ludnosci, zas sSmiertelno$¢ spadta z 2 na 100 000 ludnosci do 1.9 na 100 000 ludnosci [1,2].

1.1.2 Czynniki ryzyka rozwoju raka pecherza moczowego

1.1.2.1 Wiek, pte¢, rasa,

Wedtug danych American Cancer Society mezczyzni sg 3-4 razy bardziej narazeni na
rozwoj raka pecherza moczowego niz kobiety, prawdopodobnie z powodu zwiekszonego
odsetka palaczy tytoniu oraz narazenia na dziatanie toksyn srodowiskowych. W swoim zyciu
mezczyzni majg 3.8% szansy na rozwoj raka pecherza moczowego i jest to 3-krotnie
wieksze prawdopodobiehAstwo niz w przypadku kobiet. Zapadalnos¢ osob z biatym kolorem
skory jest 2-krotnie wyzsza niz w przypadku Afroamerykandw i Azjatow. Najwyzsza
Smiertelno$¢ spowodowana rakiem pecherza moczowego dotyczy biatych mezczyzn.
Srednio mezczyzni majg 3-krotnie wigkszg $miertelno$é niz kobiety a osoby z biatym
kolorem skory 1.5 raza wiekszg w poréwnaniu z Afroamerykanami i 3 razy wiekszg w
poréwnaniu z Azjatami.

Wiek réwniez w istotnym stopniu wptywa na prawdopodobienstwo zachorowania na raka
pecherza moczowego. Osoby obu pici z przedziatu 0-49 lat majg 0.1% ryzyka zachorowania,
50-59 lat - 0.2%, 60-69 lat - 0.5%, ponad 70 lat - 2.2%. W przeciwienstwie do wielu innych
nowotworow u 0séb mtodszych (ponizej 40 roku zycia) wystepuje tendencja do rozwoju
mniej agresywnego raka pecherza moczowego [3,4].

1.1.2.2 Czynniki genetyczne
Obserwuje sie 2-krotne zwiekszone ryzyko rozwoju choroby u krewnych pierwszego stopnia

chorych na raka pecherza moczowego. Uwaza sie, ze w przeciwienstwie do postaci
dziedzicznych nowotwordéw, rak pecherza moczowego jest wielogenowg chorobg
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nowotworowg spowodowang wieloma genami o niskiej penetracji bez wyraznych cech
dziedziczenia mendlowskiego [5].

1.1.2.3 Palenie tytoniu

Palenie tytoniu jest najwazniejszym czynnikiem ryzyka rozwoju raka pecherza moczowego i
szacuje sie, ze odpowiada za 50 % jego wszystkich przypadkéw. Dym tytoniowy zawiera
ponad 60 réznych substancji rakotworczych i uwaza sie, ze palenie ma zwigzek z
powstawaniem co najmniej 18 roznych nowotwordw. Zwigzki tj. aromatyczne aminy
(B-naftyloamina) oraz policykliczne aromatyczne weglowodory wydalane sg przez nerki i
wywierajg kancerogenny wptyw na caty uktad moczowy. Ryzyko rozwoju raka pecherza
moczowego u palaczy jest 2-4 krotnie wieksze niz u nie-palaczy a intensywnosc¢ i czas
trwania palenia sg wprost proporcjonalne do wzrostu ryzyka. Co istotne ryzyko rozwoju raka
pecherza moczowego zmniejsza sie z czasem od momentu rzucenia natogu jednak nie
osigga poziomu populacyjnego. Szacuje sie, ze nawet 20 lat po rzuceniu natogu ryzyko
nadal jest 2-krotnie wigksze. Palenie wptywa réwniez na czesto$¢ nawrotow oraz ryzyko
progresji do raka pecherza naciekajgcego miesniowke [6,7].

1.1.2.4 Narazenie zawodowe

Zawodowe narazenie na kancerogeny, po paleniu tytoniu, uznawane jest za drugi
najwazniejszy czynnik etiologiczny powstawania raka pecherza moczowego. Okoto 20%
przypadkdéw zwigzane jest z narazeniem na takie czynniki jak aminy aromatyczne,
policykliczne aromatyczne weglowodory, weglowodory chlorowane, ktére powstajg w
przemysle barwiarskim, gumowym, metalowym, petrochemicznym i rafineryjnym [6]. Uwaza
sie, ze istnieje dtugi okres karencji wynoszacy 10-20 lat pomiedzy narazeniem na
kancerogeny przemystowe a powstaniem raka pecherza moczowego [6,8].

1.1.2.6 Zapalenie pecherza moczowego

Najbardziej wyrazny zwigzek pomiedzy przewlektym zapaleniem pecherza moczowego a
ryzykiem rozwoju raka obserwuje sie w wyniku zakazenia Schistosoma haematobium i
Schistosoma mansoni. Endemicznym miejscem wystepowanie tych przywr jest Egip. W
latach 60 XX wieku ogdlna czesto$¢ wystepowania infekcji wynosita 40% i zmniejszyta sie w
2010 roku do poziomu <0.3% w efekcie rzadowej kampanii antybilharzialnej [9]. Mechanizm
kancerogenezy w przypadku zakazenia przywrami nie jest catkowicie poznany. Podejrzewa
sie, ze gtbwng role odgrywajg przewlekly proces zapalny i narazenie na dziatanie czynnikow
srodowiskowych, ktére mogg generowac genotoksyczne substancje w moczu tj.
nitrozoaminy. Substancje te sg wytwarzane w bardzo wysokiej iloSci w moczu pacjentéw
przewlekle zakazonych Schistosomg i sg znanym rakotwérczym czynnikiem rozwoju raka
pecherza moczowego.

1.1.3 Histopatologia nowotworéw pecherza moczowego

Prawidtowa budowa pecherza moczowego sktada sie z czterech warstw: bfony Sluzowej,
btony podsluzowej, warstwy miesniowej oraz warstwy surowiczej. Btona $luzowa wytozona
jest przez wyspecjalizowany nabtonek przejsciowy zwany urotelium. Jest on wynikiem
adaptacji do draznigcego $rodowiska jakim jest mocz. Sktada sie z 3-6 warstw komorek.
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Istniejg dwa podtypy komorek nabtonka urotelialnego: komorki baldaszkowate, ktore
pokrywajg powierzchnie i majg bezposredni kontakt z moczem oraz komorki lezgce u ich
podstaw, ktére stanowig zewnetrzng warstwe. Szczytowa btona komdrkowa komorek
baldaszkowatych sktada sie z biatkowych ptytek zbudowanych z uroplakiny, potgczonych
zawiasowymi obszarami normalnej btony. Tworzy ona nieprzepuszczalng dla wody i jonéw
bariere osmotyczng. Warstwa podstawna urotelium opiera sie na btonie podstawnej. Pod
btong podstawng znajduje sie blaszka wtasciwa (lamina propria) btony sluzowej. Jest to
luZzna strefa sktadajgca sie z tkanki tacznej, zawierajgcej cienkie i delikatne naczynia
krwiono$ne oraz wigzki gtadkich widkien miesniowych, zwanych warstwg miesniowg
Sluzéwki (muscularis mucosae). Jest mocno zréznicowana, w niektérych miejscach sktada
sie z niekompletnej warstwy wtokien miesni gtadkicg az do petnej warstwy podobnej do tej w
jelicie grubym. Tkanka tgczna pod warstwg miesniowg sluzéwki zawiera arkada wiekszych
naczyn krwionosnych. Pod spodem znajduje sie wtasciwa warstwa miesniowa (muscularis
propria) sktadajgca sie z grubych wigzek widkien miesniowych i niewielkiej ilosci luznej
tkanki tgcznej [10].

Rak pecherza moczowego jest nowotworem ztosliwym rozwijajgcym sie zwykle w bfonie
Sluzowej pecherza moczowego. Najczestsze typy histopatologiczne tego nowotworu to rak
urotelialny, rak ptaskonabtonkowy i gruczolakorak.

Rak urotelialny

Rak urotelialny jest najczestszym typem raka pecherza moczowego - stanowi okoto 90%
wszystkich przypadkdw. Ten typ nowotworu powstaje z komoérek urotelialnych
wysciefajgcych wnetrze pecherza moczowego. Gtéwnym kryterium podziatu nowotworow
pecherza moczowego jest gtebokosé naciekania na $ciane pecherza moczowego. 75%
przypadkoéw stanowi tzw. rak pecherza nienaciekajgcy miesnidwki (non-muscle invasive
bladder cancer, NMIBC) i obejmuje btone sluzowg (Ta, CIS) oraz podsluzowa (T1).
Pozostate 25% stanowi rak pecherza moczowego naciekajgcy miesniowke (muscle invasive
bladder cancer, MIBC). Gtebokos$¢ naciekania sciany pecherza jest istotna klinicznie ze
wzgledu na wybor metody leczenia oraz fakt, ze pacjenci z MIBC znajdujg sie w grupie
najwyzszego ryzyka smiertelnosci spowodowanej nowotworami ztosliwymi. Istnieje kilka
wzorcow wzrostu raka urotelialnego w tym typ ptaski, brodawkowaty (egzofityczny),
odwrécony (endofityczny) oraz lity, uszyputowany. NMIBC obejmuje zmiany takie jak rak
in-situ (Carcinoma in situ, CIS), brodawczakowaty nowotwér urotelialny o niskim potencjale
ztosliwosci (ang. Papillary Urothelial Neoplasm of Low Malignant Potential, PUNLMP),
niskiego stopnia zto$liwoéci rak brodawczakowy (Low Grade Bladder Cancer, LG BC) oraz
wysokiego stopnia ztosliwosci rak brodawczakowy (High Grade Bladder Cancer, HG BC)
[10,11,12].

Rak ptaskonabtonkowy

Rak ptaskonabtonkowy pecherza moczowego jest rzadkim typem, stanowigcym okoto 1-2%
wszystkich nowotworéw pecherza moczowego w Stanach Zjednoczonych i Europie. W
Egipcie i Zimbabwe obserwuje sie najwiekszy odetek ptaskonabtonkowych rakéw pecherza
moczowego na $wiecie. Wigze sie to z przewleklym, endemicznym zapaleniem pecherza
moczowego spowodowanym przez przywry z gatunku Schistosoma. Drugg populacjg
szczegolnie narazong na zwiekszone ryzyko raka ptaskonabtonkowego pecherza
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moczowego sg pacjenci po urazie kregostupa. Podejrzewa sie, ze jest to wywotane
draznieniem $ciany pecherza moczowego poprzez przewlekte cewnikowanie oraz
nawracajgce infekcje [14].

Gruczolakorak

Gruczolakorak to kolejny rzadki typ raka pecherza moczowego, stanowigcy okoto 1%
wszystkich przypadkéw. Ten typ wywodzi sie z komorek gruczotowych pecherza
moczowego. Wyréznia sie dwa rodzaje rakow gruczotowych pecherza moczowego -
wywodzgce sie z moczownika, pasmo tkanki fgcznej bedgce pozostatoscig omoczni (/5
przypadkéw), oraz pierwotne gruczolakoraki pecherza moczowego (% przypadkow)
[15,16,17].

Rak drobnokomérkowy

Rak drobnokomorkowy pecherza moczowego jest bardzo rzadka i agresywng forma raka
pecherza moczowego, ktéra stanowi mniej niz 1% wszystkich nowotworéw pecherza
moczowego. Jest to nowotwdr neuroendokrynny, co oznacza, ze zaczyna sie w komorkach,
ktore uwalniajg hormony w odpowiedzi na sygnaty z uktadu nerwowego. Komorki raka
drobnokomorkowego sg mniejsze niz wiekszos¢ innych komérek nowotworowych, a ten typ
raka jest zwykle bardzo agresywny i czesto w momencie diagnozy obecne sg przerzuty [13].

Inne podtypy histopatologiczne

Istnieje kilka innych podtypéw histopatologicznych raka pecherza moczowego, ale sg one
niezwykle rzadkie i z reguty bardzo agresywne. Nalezg do nich odmiany raka urotelialnego
takie jak: rak urotelialny z gniazdami (nested variant of urothelial carcinoma), rak urotelialny
mikrobrodawkowaty (micropapillary urothelial carcinoma) oraz rak plazmocytoidalny
(plasmocytoid urothelial carcinoma) [10,13]. Wyréznia sie réwniez raki sarkomatoidalne,
limfoepitelialne, miesaki i raki jasnokomérkowe [13]. W Tabeli 1 podsumowano wszystkie
postacie histopatologiczne nowotworéw pecherza moczowego.

1.1.4 Grading i staging raka pecherza moczowego

Celem oceny stopnia zaawansowania raka pecherza moczowego stosuje sie pochodzacg z
2002 roku i zaktualizowang w 2009 roku klasyfikacje TNM. Do oceny zréznicowania
histopatologicznego uzywa sie klasyfikacji Swiatowej Organizacji Zdrowia (WHO) z 1973
roku lub zaktualizowanej wersji WHO i International Society of Urological Pathology (IUSP),
ktorg zaproponowano w 1998 roku i ktérg WHO przedstawita w 2004 roku. Klasyfikacja ta
uwzglednia zaréwno zmiany ptaskie (hiperplazja, atypia reaktywna, atypia nieznanego
charakteru, dysplazja nabtonka urotelialnego i rak srodnabtonkowy CIS), jak i zmiany
brodawczakowate (brodawczak przejsciowokomorkowy, brodawczakowy nowotwdr nabtonka
0 niskim potencjale ztosliwosci, niskiego stopnia ztosliwosci brodawczakowy rak nabtonka,
wysokiego stopnia ztosliwosci brodawczakowy rak nabtonka). Wiekszosé dotychczasowych
badan nad rakiem pecherza moczowego zostata przeprowadzona z zastosowaniem
klasyfikacji WHO z 1973 roku, w zwigzku z czym Europejskie Towarzystwo Urologiczne
(European Association of Urology - EAU) zaleca stosowanie obydwu klasyfikacji WHO do
czasu sprawdzenia prognostycznej roli klasyfikacji WHO z 2004 roku. W 2016 roku
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opublikowano nowg klasyfikacje WHO nowotwordw pecherza moczowego z niewielkimi
zmianami w stosunku do klasyfikacji z 2004 roku [18]. Tabele 2 i 3 podsumowujg grading i

staging raka pecherza moczowego.

Tabela 1. Histopatologiczne postacie nowotworéw pecherza moczowego (WHO 2004).*

Nowotwor urotelialny
- tagodny
Brodawczak urotelialny
Odwrdcony brodawczak
- Brodawczakowy nowotwor urotelialny o niskim
potencjale ztosliwosci
- Brodawczak ztosliwy
Rak brodawczakowy, niski potencjat ztosliwosci
Rak brodawczakowy, wysoki potencjat ztosliwosci
Rak brodawczakowy z réznicowaniem
ptaskonabtonkowym lub gruczotowym
- Ztosliwy, nie-brodawczakowy
Ptaski rak in situ
Rak naciekajacy
Odmiany raka naciekajgcego
Z gniazdami
Drobnokanalikowy
Mikrotorbielowaty
Odwrécony
Z réznicowaniem ptaskonabtonkowym
Z réznicowaniem gruczotowym
Mikrobrodawkowaty
Rak migsakowaty
Rak jasnokomorkowy
Plazmocytoidalny
Z syncytiotrofoblastem
Z nietypowym odczynem zrebu
Zrgb pseudomiesakowaty
Zrab kostny lub metaplazja chrzestnokomérkowa
Rak olbrzymiokomorkowy, typ osteoklastyczny
Z zaznaczonym naciekiem limfoidalnym

Rak ptaskonabtonkowy
Typ zwykty
Odmiana
Brodawkowaty
Bazaloidalny
Z cechami migsaka

Gruczolakorak
Typ jelitowy
Sluzowy
Z komérek sygnetowatych
Jasnokomorkowy

Rak hepatoidalny
Gruczolakorak, niesklasyfikowany inaczej
Guz sktadajacy sie z mieszanych komoérek
Raki niezréznicowane

Rak drobnokomodrkowy

Rak wielkokomérkowy, neuroendokrynny
Rak typu nabtoniaka limfatycznego

Rak olbrzymiokomorkowy
Raki niezréznicowane

Przerzut

*Opracowano na podstawie: Lopez-Beltran A. Bladder cancer: clinical and pathological profile. Scand J Urol

Nephrol Suppl 2008;218:95-109.
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Tabela 2. Klasyfikacja WHO raka pecherza moczowego®.

Klasyfikacja WHO z 1973 roku

Brodawczak urotelialny (Urothelial papilloma)

Stopien 1: dobrze zréznicowany (Grade 1: well differentiated)
Stopien 2: srednio zréznicowany (Grade 2: moderately differentiated)
Stopien 3: stabo zréznicowany (Grade 3: poorly differentiated)
Klasyfikacja WHO z 2004 roku

Zmiany ptaskie

Hiperplazja (zmiany ptaskie bez atypii lub wygladu brodawczakowatego)
(Urothelial proliferation of uncertain malignant potential)

Atypia reaktywna (ptaskie zmiany z atypig) (Reactive atypia)

Atypia nieznanego charakteru (Atypia of unknown significance)

Dysplazja nabtonka urotelialnego (Urothelial dysplasia)

Rak srédnabtonkowy CIS (zawsze high grade) (Urothelial CIS)

Zmiany brodawczakowate

Brodawczak urotelialny (zmiana catkowicie tagodna) (Urothelial papilloma)

Brodawczakowaty nowotwor urotelialny o niskim potencjale ztosliwosci
(Papillary urothelial neoplasm of low malignant potential - PUNLMP)

Niskiego stopnia ztosliwosci rak brodawczakowy (Low grade (LG) papillary urothelial carcinoma)
Wysokiego stopnia ztosliwosci rak brodawczakowy (High grade (HG) papillary urothelial carcinoma)

*Opracowano na podstawie wytycznych postepowania dotyczacych raka pecherza moczowego Europejskiego
Towarzystwa Urologicznego, ttumaczenie Polskiego Towarzystwa Urologicznego.

Tabela 3. Klasyfikacja TNM raka pecherza moczowego®.

T - Guz pierwotny

X Brak mozliwosci oceny guza pierwotnego
TO Brak guza pierwotnego
Ta Nienaciekajacy rak brodawczakowaty
Tis Rak srodnabtonkowy (in situ)
T1 Guz nacieka podnabtonkowg tkanke tgczng
o T2a  Guz nacieka potowe wewnetrznej warstwy miesniowej
T2b  Guz nacieka catg migsnidwke
I3 T3a  Guz nacieka mikroskopowo tkanke okotopecherzowg
T3b  Guz nacieka makroskopowo tkanke okotopecherzowg
T4 T4a  Guz nacieka stercz, macice i pochwe

T4b  Guz nacieka sciane miednicy lub powtoki brzuszne
N - Wezly chtonne

NX Brak mozliwosci oceny regionalnych weztéw chtonnych

NO Brak przerzutéw do regionalnych weztéw chtonnych

N1 Przerzut do pojedynczego wezta chtonnego w obrebie miednicy wtasciwej

N2 Przerzut do wielu weztéw chtonnych w obrebie miednicy wiasciwej

N3 Przerzut do jednego lub wielu weztéw chtonnych biodrowych wspdélnych
M - Przerzuty

MX Brak mozliwosci ocen odlegtego przerzutu

MO Brak przerzutéw odlegtych

M1 Przerzuty odlegte

*Opracowano na podstawie wytycznych postepowania dotyczgcych raka pecherza moczowego Europejskiego
Towarzystwa Urologicznego, ttumaczenie Polskiego Towarzystwa Urologicznego.
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1.1.5 Diagnostyka raka pgecherza moczowego

Najczestszym objawem raka pecherza moczowego jest krwiomocz i wystepuje on u 85%
pacjentéw z nowo rozpoznanym guzem pecherza moczowego. Bezobjawowy krwinkomocz
pojawia sie niemal u wszystkich pacjentéw. Definiowany jest przez Amerykanskie
Towarzystwo Urologiczne (AUA) jako obecnos¢ > 3 erytrocytow w mikroskopowej ocenie
osadu moczu w dwoch z trzech prawidtowo pobranych prébek moczu. Ocenia sie, ze niesie
ze sobg 5,4% ryzyka obecnosci nowotworu uktadu moczowego i 4,1% ryzyka obecnosci
guza pecherza moczowego [19]. Z tego wzgledu AUA zaleca petne badanie jak w przypadku
krwiomoczu z uwzglednieniem tomografii komputerowej, cystoskopii i badania
cytologicznego moczu [20]. Nowotwory pecherza moczowego zwykle nie powodujg bolu
oraz rzadko wspotwystepujg z objawami pochodzgcymi z dolnych czesci uktadu
moczowego. Wyjatkiem jest CIS, ktory moze dawac podraznieniowe objawy ze strony
dolnych drég moczowych, tj. parcia naglgce i czestomocz.

Kazda diagnostyka krwiomoczu powinna obejmowac sumiennie zebrany wywiad dotyczgcy
czynnikow ryzyka raka pecherza moczowego, w tym palenia tytoniu, informacji na temat
miesigczki, obecnosci dodatkowych objawow, tj. bélu czy pieczenia przy oddawaniu moczu
oraz informacji na temat niedawno przebytych zabiegéw urologicznych i ginekologicznych.

Celem wstepnej oceny pacjenta z krwiomoczem wykorzystuje sie przezbrzuszne badanie
ultrasonograficzne. Pozwala ono na wykrycie zmian ogniskowych w nerkach, wpuklajgcy sie
do swiatta pecherza moczowego guzow oraz wodonercza jako objawu posredniego w
niektérych nowotworach ukfadu moczowego. Ograniczenia diagnostyki przy uzyciu
ultrasonografu wynikajg z braku mozliwosci wykluczenia raka urotelialnego gérnych drog
moczowych. Petna diagnostyka krwiomoczu powinna obejmowaé wziernikowanie pecherza
moczowego (cystoskopia), badanie cytologiczne moczu oraz badanie obrazowe gérnych i
dolnych drég moczowych (urograficzng tomografie komputerowg jamy brzusznej i miednicy).
Badanie obrazowe wykonuje sie gtéwnie w celu wykrycia nowotworéw urotelialnych gérnego
odcinka drog moczowych (upper tract urothelial carcinoma, UTUC).

Podstawowym badaniem diagnostycznym w przypadku podejrzenia raka pecherza
moczowego jest cystoskopia. Pozwala ona na uwidocznienie zmiany i pobranie wycinka do
badania histopatologicznego. Zwykle wykonywana jest w warunkach ambulatoryjnych przy
uzyciu sztywnego albo coraz czesciej gietkiego cystoskopu. Badanie cystoskopowe
uzaleznione jest w duzym stopniu od doswiadczenia lekarza przeprowadzajgcego badanie
oraz jakosci uzytego sprzetu. Ocenia sig, ze 4-27% guzow zostaje pominietych przy
badaniu. Wartosc¢ ta wzrasta do 32-77% w przypadku zmian o charakterze CIS [21].

Wraz z postepem technologii i lepszym zrozumieniem zmian metabolicznych zachodzgcych
w nowotworach pecherza moczowego wprowadzono kilka modyfikacji badania
cystoskopowego, ktore zwiekszajg jego czutosé. Przykladem jest tzw. cystoskopia
fluorescencyjna/diagnostyka fotodynamiczna (photodynamic diagnosis, PDD). Metoda ta jest
praktycznym przykfadem na to, jak zmieniony metabolizm komoérek nowotworowych moze
przyczynia¢ sie do poprawy diagnostyki i leczenia nowotworu.
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Polega na wykorzystaniu w badaniu cystoskopowym Swiatta niebieskiego po uprzednim
wykonaniu wlewki dopecherzowej ze srodkiem fotouczulajgcym takim jak kwas
5-aminolewulinowy (5-ALA) lub kwas heksaminolewulinowego (HAL). Wszystkie komorki
nabtonka urotelialnego go pochtaniajg, jest on jednak nadmiernie gromadzony przez szybko
dzielgce sie komodrki nowotworowe (10-krotnie wyzszy poziom). Badania wykazaty, ze
wskaznik wykrywalno$ci guza pecherza moczowego wynosi 73-96% w przypadku
cystoskopii w biatym swietle w poréwnaniu z 90-96% w przypadku cystoskopii
fluorescencyjnej. PDD jest szczegdlnie pomocne w wykrywaniu CIS -wskazniki
wykrywalnosci wynoszg 23-68% w przypadku cystoskopii w biatym Swietle w poréwnaniu z
91-97% w przypadku cystoskopii fluorescencyjnej [22,23].

1.1.6 Markery nowotworowe raka pecherza moczowego

1.1.6.1 Wstep

Obecne narzedzia diagnostyczne i prognostyczne stosowane w diagnostyce raka pecherza
moczowego, takie jak cystoskopia i cytologia, majg ograniczenia w zakresie czutosci i
swoistosci. Markery nowotworowe mogtyby stanowic alternatywe dla tego inwazyjnego i
kosztownego badania.

Wczesna diagnoza i doktadnie okre$lenie stopnia zaawansowania klinicznego i zto$liwoSci
histopatologicznej sg kluczowe dla skutecznego leczenia i poprawy wskaznikow przezycia
kazdego nowotworu w tym raka pecherza moczowego. Jednym z obiecujgcych podejs¢ do
osiggniecia tych celéw jest identyfikacja i charakterystyka biomarkeréw, ktére sg mierzalnymi
wskaznikami procesow biologicznych zwigzanych z chorobg. Biomarkery moga dostarczy¢
waznych informacji na temat mechanizméw rozwoju i progresji raka pecherza moczowego, a
takze stuzy¢ jako narzedzia diagnostyczne i prognostyczne. Ich znaczenie obejmuje
wczesne wykrywanie, gdzie mogg by¢ uzywane jako nieinwazyjne narzedzia pomagajgce w
identyfikacji raka pecherza moczowego, nawet zanim pojawig sie objawy lub stang sie one
widoczne w badaniach obrazowych. Wczesne wykrycie moze znacznie poprawi¢ wyniki
leczenia pacjentow. Co wiecej, biomarkery zwigzane z agresywnymi formami raka pecherza
moczowego mogg pomac klinicystom w stratyfikacji pacjentéw na podstawie ich ryzyka,
oferujgc spersonalizowane opcje leczenia. Biomarkery mozna réwniez wykorzystywaé w
celu monitorowania skutecznosci terapeutycznej i wykrywania wczesnych oznak nawrotu, co
ma zastosowanie w nowotworach drog moczowych, tj. raku prostaty czy rak jgdra. Biorgc
pod uwage wysoki wskaznik nawrotéw raka pecherza moczowego, ma to kluczowe
znaczenie.

W erze medycyny spersonalizowanej biomarkery sg kluczowe do podejmowania decyzji o
wyborze odpowiedniej terapii celowanej. Wraz z glebszym zrozumieniem raka pecherza
moczowego na poziomie molekularnym, pojawiajg sie terapie ukierunkowane na okreslone
mutacje genetyczne lub nieprawidtowosci molekularne zwigzane z rakiem pecherza
moczowego. Przyktadem moze by¢ ekspresja ligandu programowanej $mierci 1 (PD-L1) ,
ktérego ekspresja pozwala na dobér leczenia w przerzutowym raku pecherza moczowego.
W przypadku raka pecherza moczowego zastosowanie biomarkeréw moze umozliwié¢
wczesne wykrywanie, stratyfikacje ryzyka, monitorowanie leczenia i personalizacje terapii,
prowadzgc do poprawy wynikéw leczenia pacjentéw.
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Dobry marker nowotworowy powinien charakteryzowac¢ sie matg inwazyjnoscig sposobu
jego pobierania (najlepiej z moczu lub surowicy), powinien by¢ szybki i tatwy do oznaczenia
obiektywny do oceny i interpretacji, 0 wysokiej czutos¢ i swoistosci. Marker raka pecherza
moczowego bytyby uzyteczny zardwno do badanh przesiewowych, jako element diagnostyki
pacjentéw z krwiomoczem lub innymi objawami sugerujgcymi raka pecherza moczowego
jak i w celu obserwacji pacjentéw z rakiem pecherza moczowego celem wczesnej
identyfikacji nawrotow i zapobieganiu progresji choroby. Ze wzgledu na stosunkowo niskg
zapadalno$¢ na raka pecherza moczowego, badanie przesiewowe catej populacji nie bytoby
optacalne ekonomicznie [24]. Jednakze screening 0osOb narazonych na znane czynniki
rakotworcze tj. palaczy, pracownikéw przemystu barwiarskiego, gumowego, metalowego,
petrochemicznego i rafineryjnego oraz osob po radioterapii w obrebie miednicy moze byc¢
korzystyny dla wczesnego wykrywania raka pecherza moczowego. Taki biomarker miatby
rowniez potencjat do zredukowania liczby lub poprawy jako$ci kontrolnych cystoskopii.

Lokeshwar i wsp. sprecyzowali doktadnie jakie cechy powinien mie¢ klinicznie uzyteczny
marker raka pecherza moczowego, powotujgc Miedzynarodowy Panel Porozumienia ds.
Markeréw Raka Pecherza Moczowego (International Consensus Panel on Bladder Tumor
Markers) [25]. Po pierwsze idealny marker raka pecherza moczowego powinien by¢
technicznie prosty do pobrania. Nastepnie powinien cechowac sie odpowiednig
dokfadnoscig diagnostyczna, co jest okreslane za pomocg parametrow, takich jak: czutosc,
swoisto$¢, pole pod krzywg ROC (Area Under Curve, AUC), wartos¢ predykcyjna dodatnia i
wartos$¢ predykcyjna ujemna. Ostatnim, ale nie mniej waznym parametrem idealnego
markera raka pecherza moczowego jest jego koszt.

Szacuje sie, ze pod wzgledem kosztéw leczenia i diagnostyki rak pecherza moczowego
nalezy do najdrozszych ze wszystkich nowotwordéw. Koszt leczenia od momentu diagnozy
do Smierci wynosi od 89 000 USD do nawet 202 000 USD. Cystoskopia w potgczeniu z
badaniem cytologicznym jest podstawowym badaniem we wstepnej diagnostyce, a
nastepnie kontroli pacjenta po leczeniu. W Polsce badanie to wyceniane jest na kwote okoto
200 euro zas w Wielkiej Brytaniii to koszt nawet 600 euro [26]. W przypadku guzéw o
wysokim ryzyku follow-up obejmuje kontrolng cystoskopie co 3 miesigce przez okres 2 lat, a
nastepnie co 6 miesiecy do zakohczenia okresu 5-letniego, pézniej raz w roku oraz
regularne (co roku) wykonywanie badan obrazowych gérnych drég moczowych (tomografia
komputerowa). Jest to wiec duze obcigzenie zaréwno dla pacjenta jak i dla systemu opieki
zdrowotne;.

1.1.6.2 Cytologia moczu

Cytologia moczu jest pierwszym i szeroko dostepnym klinicznie markerem raka
urotelialnego. Zostata wprowadzona po raz pierwszy przez Papanicolaou w 1945 roku i
polega na poszukiwaniu ztuszczonych komérek nowotworowych w moczu lub poptuczynach
z pecherza moczowego. Czuto$¢ i swoistosé tej metody wynosi odpowiednio 11-76% i
>90%. Oznacza to, ze dodatni wynik jest niemal diagnostyczny dla nowotworu
nabtonkowego w obrebie uktadu moczowego. Nie wskazuje on jednak na miejsce rozwoju
nowotworu - rak moze sie znajdowac¢ zaréwno w uktadzie kielichowo-miedniczkowym,
moczowodzie jak i pecherzu moczowym. Z uwagi na niskg czutos¢ badania cytologicznego
moczu w pzypadku nowotworow o niskim stopniu ztosliwosci (4-31%) ujemny wynik nie
wyklucza obecnosci nowotworu w drogach moczowych. Wartosé cytologii jest duza w
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przypadku guzow o wysokim stopniu ztosliwosci i CIS, poniewaz dochodzi do utraty
spojnosci miedzy komérkami nabtonka co prowadzi do ztuszczania sie duzej ilosci komorek.
Na wynik badania cytologicznego moczu majg wptyw takie czynniki jak doswiadczenie
oceniajgcego patologa, fagodne schorzenia w obrebie drég moczowych, tj. zakazenie drég
moczowych, kamica moczowa a takze stan po leczeniu BCG [27].

1.1.6.3 Inne markery raka pecherza moczowego

W celu zniwelowania ograniczen aktualnych metod diagnostyki raka pecherza moczowego
prowadzone sg badania majgce na celu wykrycie biomarkeréow wystepujacych w surowicy
lub moczu. Zwigzki te mogg odzwierciedlac rozne aspekty biologii raka pecherza
moczowego, takie jak zmiany w ekspresji gendéw, metylacji DNA, ekspresji biatek, szlakéw
metabolicznych i mikrosrodowiska guza. W Tabeli 5 przedstawiono podsumowanie i
przeglad komercyjnie dostepnych markerow raka pecherza moczowego. Zaden z tych
markerdw nie zostat jednak zaakceptowany do rutynowej diagnostyki przez towarzystwa
urologiczne. Europejskie Towarzystwo Urologiczne wylicza ich gtéwne cechy:

- czutos¢ jest zwykle wyzsza kosztem nizszej swoisto$ci w poréwnaniu z cytologig
moczu;

- fagodne schorzenia drog moczowych, {j. infekcje, kamica moczowa i terapia BCG,
mogag wptywac na wyniki tych testow;

- niska powtarzalnos¢ niektérych testow moze by¢ wyjasniona przez dobor pacjentéw
oraz skomplikowanymi metodami laboratoryjnymi;

- dodatni wynik badan cytologicznych, UroVysion, NMP22, FGFR 3, TERT i analizy
mikrosatelitarnej u pacjentéw z negatywnym wynikiem badania cystoskopowego i
badania obrazowego gérnych drég moczowych moze zidentyfikowac pacjentéow z
wiekszym prawdopodobienstwem nawrotu i progresji choroby nowotworowej;

- cztery z komercyjnie dostepnych biomarkeréw z moczu: Cx-Bladder, ADX-Bladder,
Xpert Bladder i EpiCheck majg czutosé i ujemne wartosci predykcyjne poréwnywalne
z badaniem cystoskopowym. Te cztery testy mogg by¢ wykorzystane do zastgpienia
i/lub odroczenia cystoskopii, poniewaz mogg zidentyfikowac rzadkie nawroty raka
pecherza moczowego nie-naciekajgcym miesniowki o wysokim stopniu ztosliwosci
histopatologiczne.
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Tabela 5. Komercyjnie dostepne markery nowotworowe raka pecherza moczowego.

Rodzaj

biatkowe

oparte na badaniu
cytologicznym

genetyczne

Nosnik

mocz
mocCz
mocCz
mocz

mocz
mocz

mocz
mocCcz
mocz

mocz
mocz
mocCcz

mocCz

mocz
mocz

mocz

Marker

BTA-Stat
BTA-TRAK
NMP-22

BLCA-4
Surwiwina

UBC

CYFRA 21-1

Cytologia
DD23
Immunocyt/uCyt+

UroVysion

Telomeraza (TRAP)
CxBladder

AssureMDX

Inne markery, niedostepne komercyjnie.

genetyczne

biatkowe

mocz
mocCcz
mocCz
mocz

Analiza mikrosatelitarna
Telomeraza (hTERT)
Cytokeratyna 20
HA-HAase

Czutos¢ Swoistosé

(%)
36-89
57-83

47-100

56

89-96
64-100

36-79

75-97

11-76
73-100
38-90

68-87

70-90
82

93-97%

72-97
83-95
82-87
88-94

(%)
50-70
~90
55-80

86

100
87-100

88-92

67-71

>90
33-67
73-80

>90

60-70
85

83-86%

>95
60-70
55-70
67-71

Wykrywany zwigzek

biatko zwigzane z czynnikiem H dopetniacza
biatko zwigzane z czynnikiem H dopetniacza

biatko jgdrowego aparatu mitotycznego
(NuMA)

biatko macierzy jgdrowej
biatko z rodziny inhibitoréw apoptozy

cytokeratyna 8 i 18

cytokeratyna 19

komaorki nowotworowe
antygen zwigzany z nowotworem, 185-kDa

CEA, dwie mucyny zwigzane z komdrkami
nowotoworu pecherza moczowego

aneuploidia chromosomu 3,7,17
delecja locus 9p21

aktywnos$¢ enzymu - telomerazy

5 fragmentéw mRNA: MDK, HOXA13, CDC2,
IGFBP5, CXCR2

metylacja genéw: OTX1, ONECUT2, TWIST1
mutacji genow: FGFR3, TERT, HRAS

polimorfizm krétkich powtérzen tandemowych
hTERT
mRNA cytokeratyny 20
kwas hialuronowy i hialuronidaza

Typ testu

test przyt6zkowy
sandwich ELISA
sandwich ELISA
test przytézkowy

ELISA

immunoblotting przy uzyciu
systemu mikrofiltracji BioDot

test przytézkowy
sandwich ELISA

test immunoradiometryczny
lub ELISA

badanie mikroskopowe
test immunocytochemiczny
test immunocytochemiczny

wielokolorowy FISH

TRAP
RT-PCR

MSP + sekwencjonowanie
nowej generac;ji

RT-PCR

RT-PCR

RT-PCR
ELISA

Rejestracja Dostepny w

FDA Polsce?
tak, 120zt
follow-up
follow-up -
diagnostyka tak, 130zt
follow-up
- tak, 150zt
- tak, 50zt
nd. tak, 100zt
follow-up )
diagnostyka  tak, 1000zt
follow-up



1.2 Metabolomika: zastosowanie w badaniach nad nowotworami

Metabolomika jest dziedzing nauki zajmujgca sie badaniem proceséw metabolicznych
zachodzgcych w organizmie poprzez analize jakosciows i ilosciowg matoczgsteczkowych
zwigzkow, metabolitéw i szlakéw biologicznych w ktérych wystepujg. Metabolity zazwyczaj
sg zwigzkami chemicznymi o masie czgsteczkowej ponizej 1500 Da i nalezg do nich
weglowodany, lipidy, aminokwasy, kwasy ttuszczowe, kwasy organiczne, nukleotydy, sterydy,
alkaloidy, witaminy, fenole i wiele innych. Metabolomika, bedgca koricowym produktem
proceséw komorkowych, zapewnia funkcjonalny odczyt biochemii komérkowej i moze
zaoferowac nieoceniony wglad w fizjologiczny i patologiczny stan organizmu. W kontekscie
badan nad nowotworami - metabolomika stata sie poteznym narzedziem do zrozumienia
ztozonego biochemicznego krajobrazu komoérek nowotworowych i ich mikrosrodowiska.
Profil metabolomiczny komérki nowotworowej odzwierciedla przeprogramowane szlaki
metaboliczne, ktdre napedzajg jej niekontrolowany wzrost, przetrwanie i inwazje, a profile te
moga by¢ wykorzystane do celdéw diagnostycznych, prognostycznych i terapeutycznych.

Metabolomika wraz z genomika, transkryptomikg, proteomikg stanowig element tzw. biologii
systemowej, zajmujgcej sie badaniem ztozonych i skomplikowanych oddziatywan
zachodzgcych w systemach biologicznych (Schemat 1).

Schemat 1. Dziedziny biologii systemowej: genomika, transkryptomika, proteomika i
metabolomika
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Metabolomika ma szereg teoretycznych przewag nad innymi dziedzinami badania biologii
systemow. Jest najszybszym systemem reakcji organizmu na bodzce i zmiany, co najlepiej
pozwala na ocene jego aktualnego stanu. Profil metaboliczny mozna traktowac¢ jako
wypadkowg reakcji organizmu na czynniki genetyczne, czynniki Srodowiskowe, aktywnos$¢
fizyczna, diete, choroby i zastosowane leczenie. W przeciwienstwie do gendw i biatek,
ktérych funkcje podlegajg odpowiednio regulacji epigenetycznej i modyfikacjom
potranslacyjnym, metabolity sg bezposrednig sygnaturg aktywnosci biochemicznej
organizmu i sg najdokfadniejszg reprezentacja fenotypu. Duzg zaletg badan
metabolomicznych jest ich stosunkowo niski koszt i mozliwos¢ szybkiej analizy.

1.3 Metody analizy chemicznej stosowane w metabolomice

W badaniach metabolomicznych stosowane sg gtéwnie dwie podstawowe metody
analityczne: spektrometria mas (MS) i spektroskopia magnetycznego rezonansu jadrowego
(NMR). Obie techniki majg swoje unikalne zalety i ograniczenia, ktére wptywajg na ich
zastosowanie w konkretnych scenariuszach badawczych.

1.3.1 Spektrometria mas (MS)

Spektrometria mas to technika powszechnie stosowana w badaniach metabolomicznych z
racji na wysokg czutos¢, szeroki zakres dynamiczny oraz zdolnos¢ do analizy duzej liczby
metabolitéw. W spektrometrii mas metabolity w prébce sg jonizowane a nastepnie
rozdzielane na podstawie stosunku masy do tadunku (m/z). Kolejno rozdzielone jony sg
wykrywane, a powstate widma masowe analizowane w celu ich identyfikacji i analizy
ilosciowe;j.

W spektrometrach mas mozna wyréznic kilka etapow analizy spektrometrycznej [32].
Pierwszym jest jonizacja gdzie czgsteczki prébki sg przeksztatcane w natadowane
czgsteczki, czyli jony. Czesto stosowanymi metodami jonizacji sg jonizacja w elektrospreju /
jonizacja przez elektrorozpylanie (ESI), desorpcja/jonizacja laserowa (LDI) i jonizacja
elektronowa (El). Wybor techniki zalezy od takich czynnikéw jak polarnosé, masa
czgsteczkowa i stabilnos$¢ termiczna czgsteczek probki. LDI-MS jest technikg najczesciej
uzywang do badan metabolomicznych - wykorzystuje laser do desorpciji i jonizaciji
czgsteczek z prébki do analizy. Jego gtéwng zaletg jest mozliwos¢ badania prébek, ktérych
skutecznos$c jonizaciji jest niska takie jak duze czgsteczki biologiczne. Mozna jg dostosowac
do szerokiego zakresu typow prébek i zwykle wymaga minimalnego przygotowania probki.

Po zjonizowaniu czgsteczek prébki powstate jony sg wprowadzane do analizatora masy.
Tam nastepuje ich rozdzielenie na podstawie stosunku masy do tadunku (m/z). Na rynku
dostepne sg rézne typy analizatorow masy takie jak kwadrupolowy, czasu przelotu (TOF),
putapka jonowa czy tez Orbitrap. Kazdy ma unikalne zalety i ograniczenia w zakresie
doktadnos$ci masy, zdolnosci rozdzielczej i szybkosci skanowania. W TOF-MS
(Time-of-Flight Mass Spectrometry) jony sg przyspieszane do okreslonej energii kinetycznej i
wprowadzane do analizatora masy, gdzie sg rozdzielane na podstawie stosunku masy do
tadunku (m/z). Po rozdzieleniu jonéw w analizatorze masy sg one wykrywane przez
odpowiedni detektor jak powielacz elektronéw lub kubek Faradaya. Detektor generuje sygnat
elektryczny proporcjonalny do liczby trafiajgcych do niego jondw. Sygnaty te sg nastepnie
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przeksztatcane w widmo masowe ktore pokazuje intensywnosc¢ (liczebnosc) jonow w funkciji
wartosci m/z. Na Rycinie 1 przedstawiono przyktadowe widmo spektrometryczne z analizy
tkanki nowotworowej raka pecherza moczowego. Ostatnim etapem jest analiza danych.
Otrzymane widma masowe sg analizowane przy uzyciu specjalistycznego oprogramowania
w celu identyfikacji i analizy ilosciowej metabolitéw. Moze to obejmowac wykrywanie
sygnatéw i przeszukiwanie bazy danych w celu dopasowania obserwowanych wartosci m/z
wzoréw izotopowych i wzoréw fragmentaciji (dla eksperymentéw MS/MS) do znanych
zwigzkow. Analiza ilodciowa analitéw jest zwykle osiggana przez poréwnanie intensywnosci
albo powierzchni sygnatéw probki z intensywno$cig lub powierzchnig wewnetrznych bgdz
zewnetrznych wzorcéw.

Rycina 1. Przyktadowe widmo spektrometryczne z analizy tkanki nowotworowej pecherza

moczowego. O$ pozioma przedstawia stosunek masy (m) do tadunku (z) jonu (m/z). O$

pionowa przedstawia intensywnos¢ (liczba zliczen danego jonu przez detektor). Sygnaty

pochodzg od jondw wytworzonych podczas jonizacji zwigzkow.
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Kluczowe cechy MS to wysoka czuto$¢ co oznacza ze moze wykrywac¢ metabolity w bardzo
niskich stezeniach, a to szczegdlnie przydatne w identyfikacji biomarkeréw w stezeniach
sladowych. Inng cechg jest szeroki zakres dynamiczny, mianowicie MS moze jednoczes$nie
analizowa¢ metabolity w szerokim zakresie stezen w prébce. Dodatkowo MS cechuje
wszechstronno$¢ co oznacza, ze moze byc¢ sprzezony z réoznymi technikami separaciji,
takimi jak chromatografia cieczowa (LC-MS) lub chromatografia gazowa (GC-MS), w celu
uzyskania rozdziatu chromatograficznego metabolitéw, co poprawia zdolnos¢ i parametry
detekcji oraz identyfikacji ztozonych mieszanin metabolitéw.
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1.3.1.1 Obrazowanie MS (Mass Spectrometry Imaging, MSI)

Spektrometria mas wykonywana w instrumentach ze zrédiem jonéw typu MALDI/SALDI
umozliwia dodatkowo przedstawienie rozktadu powierzchniowego wykrytych zwigzkéw
probki statej (np. tkanki) w formie graficznej, w postaci tzw. obrazowania MS [33].
Desorpcja/jonizacja laserowa wspomagana matrycg (MALDI) i desorpcja/jonizacja laserowa
wspomagana powierzchnig (SALDI) to techniki jonizacji stosowane w spektrometrii mas.
Procedura MALDI polega na wykorzystaniu lasera do jonizacji czgsteczek w probce za
pomocg dodatkowo dodawanej do probki matrycy. Analizowana prébka jest mieszana z
odpowiednim materiatem matrycy, a nastepnie naswietlana laserem. Matryca pochtania
energie lasera i pomaga w desorpcji oraz jonizacji czgsteczek prébki. Jony sg kolejno
przyspieszane do analizatora masy w celu ich wykrycia. Technika ta nadaje sie do analizy
biomolekut, takich jak biatka, peptydy i polimery, poniewaz powoduje niewielkg fragmentacije
prébki. SALDI jest modyfikacjg MALDI, w ktérej zamiast matrycy organicznej do
desorpcji/jonizacji laserowej wykorzystywane sg powierzchnie nanostrukturalne.
Nanostrukturalng powierzchnig mogg by¢ nanoczgstki metali, nanorurki weglowe lub inne
nanostruktury. Podobnie jak w przypadku MALDI analizowana prébka jest umieszczana na
nanostrukturalnej powierzchni, a promieniowanie laserowe powoduje desorpcje i jonizacje
czgsteczek probki. Ze wzgledu na zastosowanie nanostrukturalnych powierzchni SALDI
czesto oferuje lepszg odtwarzalnos¢, nizsze tto chemiczne na widmie MS i wymaga
mniejszych ilosci prébek w poréwnaniu z MALDI [34].

Metoda obrazowania LDI-MS ma kilka zalet, ktére czynig jg cennym narzedziem,
szczegolnie w dziedzinie badan biomedycznych. Kluczowg sitg LDI-MSI jest jej wysoka
rozdzielczosc¢ przestrzenna. Pozwala to na graficzne mapowanie rozktadu metabolitow w
prébce tkanki, co jest szczegdlnie pomocne w badaniach nad nowotworami do identyfikacji
granic guzow i potencjalnych obszaréw przerzutéw. LDI-MSI charakteryzuje sie rowniez
zdolnoscig do wykrywania szerokiej gamy czgsteczek - od matych metabolitéw do wiekszych
biatek i polipeptydéw. Ten szeroki zakres wykrywalnosci sprawia, ze jest to wszechstronny
instrument do badania ztozonych systeméw biologicznych. Kolejng zaletg LDI-MSI jest
mozliwosc¢ jednoczesnego obrazowania wielu czgsteczek w jednym eksperymencie. Ta
zdolnos¢ jest szczegdlnie przydatna przy badaniu skomplikowanych ukfadéw biologicznych,
w ktorych wiele czgsteczek moze wchodzi¢ w interakcje. Co wiecej, LDI-MSI moze
dostarczy¢ danych ilosciowych na temat wykrywanych czgsteczek, umozliwiajgc poréwnanie
pewnych poziomdéw molekularnych pomiedzy réznymi prébkami tkanek, takimi jak zdrowe i
nowotworowe. Wreszcie, technika ta moze byc¢ nieniszczgca dla probki poprzez
zastosowanie tzw. imprintéw - do wykonania analizy tkanki wystarczy tylko odcisk tkanki.
Daje to mozliwos¢ przeprowadzenia dalszych analiz lub walidacji przy uzyciu innych metod
na tej samej prébce. Na Schemacie 2 przedstawiono przyktadowe zastosowanie
obrazowania MS w raku nerki.

Obrazowanie MS moze potencjalnie wspomdc w wielu aspektach badanie histopatologiczne.
Prawidtowa identyfikacja pochodzenia guza jest kluczowa dla spersonalizowanego leczenia.
W znacznej liczbie przerzutéw nowotworowych, nie udaje sie ustali¢ na podstawie badania
histopatologicznego w potgczeniu z metodami immunohistochemicznymi pochodzenia guza
pierwotnego. Meding i wsp. udowodnili, ze za pomocg obrazowania MS, mozna rozréznic¢
sze$¢ rodzajow gruczolakorakow (przetyk, piers, jelito grube, watroba, zotgdek, tarczyca).
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Udowodnili réwniez, ze dzieki niemu mozliwe jest rozroznienie miedzy przerzutami raka jelita
grubego, pierwotnym guzem jelita grubego oraz rakiem watrobowokomaérkowym [30].

Schemat 2. Obrazowanie MS raka jasnokomérkowego nerki i przylegajgcego zdrowego
migzszu nerki z zastosowaniem metody AUNPET SALDI. Intensywnos¢ sygnatu w
przypadku zwigzku zidentyfikowanego jako digliceryd (18:1/20:2) jest okoto 50 razy wieksza
w rejonie z rakiem w poréwnaniu ze zdrowg tkankg*.

Perinephric i
fat Normal tissue

\

AuNPET

A

Pseudocapsule

Clear cell
RCC

. 0 Cancer reglon

j w0 DG{18:1720:0)
- EEEEEE® i -'-""*
Masaasg

800 1000 1100
miz

*Niziot J i wsp. Surface-Transfer Mass Spectrometry Imaging of Renal Tissue on Gold Nanoparticle Enhanced
Target. Anal Chem. 2016;88(14):7365-7371.)

Z uwagi na szybkos$¢ badania tkanki przy uzyciu technologii obrazowania MS (10-30 min)
oraz brak potrzeby stosowania dodatkowych barwien, markeréw i odczynnikow moze mie¢
ona zastosowanie w ocenie margineséw chirurgicznych w badaniu srédoperacyjnym. Ocena
marginesu chirurgicznego jest rzadko przeprowadzana srodoperacyjnie ze wzgledu na
ograniczenia czasowe i matg precyzje takiej oceny. Rutynowe, patologiczne badanie
Srodoperacyjne nie dostarcza takze informacji molekularnych. Pirro i wsp. pokazali, ze
obrazowanie MS moze by¢ uzyteczne w srodoperacyjnej ocenie margineséw chirurgicznych
- w trakcie resekcji glejaka mozgu (czutosé 93%), a pomiary molekularne mogg by¢ szybko
wykonywane na tkankach podczas operacji w celu identyfikacji typow tkanek, oceny
naciekania nowotworu oraz identyfikacji obecnosci mutacji prognostycznych poprzez
oznaczenie onkometabolitow i fosfolipidéw [31].

1.3.2 Spektroskopia magnetycznego rezonansu jagdrowego (NMR)

Spektroskopia NMR jest kolejng technikg stosowang w badaniach metabolomicznych.
Opiera sie na obserwacji zachowania jgder atomowych w polu magnetycznym, co pozwala
na identyfikacje oraz analize ilosciowg metabolitdw na podstawie ich odmiennego otoczenia
chemicznego i czestotliwosci rezonansowych [35].
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Spektroskopia magnetycznego rezonansu jgdrowego dziata na zasadzie wiasciwosci
magnetycznych niektérych jgder, takich jak wodor-1 czy wegiel-13. Gdy prébka jest
umieszczona w silnym i jednorodnym polu magnetycznym, jgdra te ustawiajg sie zgodnie z
kierunkiem pola magnetycznego, a kazde z nich obraca sie wokot wiasnej osi. Przytozone
pole magnetyczne rozdziela poziomy energetyczne wirujgcych jader, tworzgc réznice miedzy
stanem o nizszej energii (zgodnym z kierunkiem polem) a stanem o wyzszej energii
(niezgodnym z kierunkiem pola). Nastepnie stosowany jest impuls o czestotliwosci radiowe;,
ktory odpowiada luce energetycznej miedzy nizszymi i wyzszymi stanami energetycznymi.
Energia ta powoduje, Ze jadra zmieniajg swoj stan spinowy, pochtaniajgc energie i
przechodzac do stanu o wyzszej energii. Po wytgczeniu impulsu jadra rozluzniajg sie z
powrotem do pierwotnego stanu spinowego, uwalniajgc energie, ktdrg wczesniej pochtonety.
Energia uwalniana podczas relaksacji, w formie fal radiowych, jest wykrywana przez NMR.
Czas potrzebny na relaksacje jader i ilos¢ energii, ktérg uwalniaja, zalezg od otoczenia
chemicznego kazdego jadra i dostarcza szczegdtowych informaciji o strukturze czgsteczki.
Spektrometr NMR wykorzystuje te dane do wygenerowania widma, ktére mozna
zinterpretowac¢ w celu okreslenia struktury molekularnej prébki. Nalezy zauwazy¢, ze NMR
jest technikg niedestrukcyjna, co oznacza, ze probke mozna odzyska¢ w niezmienionej
postaci po zakonczeniu pomiaréw. Technika ta ma szerokie zastosowanie w takich
dziedzinach jak chemia organiczna, chemia medyczna i biochemia. Gtdwnym ograniczeniem
analizy NMR jest nizsza czutos¢ w poréwnaniu z MS, co moze utrudnia¢ wykrywanie
metabolitow o niskim stezeniu.

1.3.3 Zalety i wady poszczegdinych metod analizy chemicznej

Spektrometria masowa (MS) i spektroskopia magnetycznego rezonansu jgdrowego (NMR)
sg szeroko stosowane w badaniach metabolomicznych, a kazda z metod ma swoje zalety i
wady [36,37]. Gtéwng zaletg MS jest wysoka czuto$¢, co oznacza, ze moze wykryé nawet
niewielkie ilosci metabolitéw w prébce. Potgczenie chromatografii ze spektrometrig lub
zastosowanie nowoczesnych metod jonizacji, tj. MALDI/SALDI, pozwala na oznaczenie
szerszego zakresu metabolitow, ktére moze analizowac, w tym polarne, niepolarne i lotne
zwigzki. Analiza metabolomiczna oparta na MS moze by¢ stosunkowo szybka, co czyni jg
odpowiednig do badan na duzg skale i z udziatem wielu probek.

MS ma jednak pewne wady. Czesto wymaga ztozonego przygotowania probki, co moze
wprowadzi¢ zmiennosc i potencjalne btedy. Wiele technik MS wymaga wstepnego etapu
separacji chromatograficznej, takiego jak chromatografia gazowa lub chromatografia
cieczowa, a to moze by¢ czasochtonne i prowadzi¢ do utraty bgdz degradacji prébki.
Obecno$¢ innych zwigzkéw w matrycy probki moze wptywac na jonizacje i wykrywanie
metabolitéw, powodujgc ttumienie lub wzmacnianie jonéw. Ponadto, aby zidentyfikowac i
oznaczyc¢ ilosciowo metabolity, MS czesto wymaga znanych standardéw referencyjnych.
Stanowi to pewne ograniczenie, poniewaz nie wszystkie metabolity majg komercyjnie
dostepne standardy.

Spektrometria masowa dostarcza danych o stosunku masy do tadunku (m/z) jondw, ktére
mogg by¢ wykorzystane do wnioskowania o masie czgsteczkowej i elementach
strukturalnych zwigzku. Jednak rézne zwigzki mogg czasami dawac podobne wartosci m/z,
co prowadzi do niejednoznacznosci. Co wiecej, baza danych uzywana do dopasowywania
moze nie by¢ catkowicie wyczerpujgca, co za tym idzie - mogg istnie¢ nieznane zwigzki,
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ktore pasujg do obserwowanych danych, ale nie sg uwzglednione w bazie danych. Aby
jednoznacznie zidentyfikowaé metabolit, czesto wymagane sg dodatkowe metody
identyfikacji. W tym celu stosowana jest tandemowa spektrometria mas (MS/MS) i/lub
spektrometria mas o wysokiej albo ultrawysokiej rozdzielczosci (HRMS). MS/MS dostarcza
informaciji strukturalnych o metabolitach, ktére mogg pomoc w jego identyfikacji, podczas
gdy HRMS zapewnia doktadniejsze wartosci m/z, ktére mogg pomoc zawezié opcje
identyfikacji. Eksperymenty tandemowe MS (MS/MS) mogg dostarczy¢ dodatkowych danych
strukturalnych o metabolitach, wspomagajac identyfikacje i walidacje. MS/MS jest
dwuetapowym procesem, ktéry pomaga zidentyfikowac czgsteczki w oparciu o dodatkowe
dane strukturalne niz pojedyncza analiza spektrometrii mas. Pierwszy etap jest podobny do
typowego eksperymentu spektrometrii masowej, gdzie czgsteczki sg jonizowane i sortowane
na podstawie ich stosunku masy do tadunku. Jednakze, w przeciwienstwie do
jednostopniowej spektrometrii mas, MS/MS na tym nie konczy. Wykorzystuje niektore z
posortowanych jonow i rozbija je na mniejsze czesci, czyli fragmenty. Odbywa sie to za
pomocg procesu zwanego dysocjacjg indukowang zderzeniem, gdzie jony sg przyspieszane
i zderzajg sie z gazem obojetnym, powodujgc ich rozpad. Te pofragmentowane jony sg
nastepnie analizowane w drugim etapie procesu MS/MS. Otrzymane widma dostarczajg
informaciji o strukturze czgsteczek, w tym sekwencji peptydow lub strukturze metabolitu, co
moze byé cenne dla identyfikacji nieznanych metabolitéw albo potwierdzenia identyfikacji
danych metabolitéw. Dlatego MS/MS jest szeroko stosowany w badaniach proteomiki i
metabolomiki.

Z drugiej strony, magnetyczny rezonans jgdrowy ma swdj unikalny zestaw zalet. Dostarcza
szczegdbtowych informac;ji strukturalnych o metabolitach, co czyni go doskonatym
narzedziem do identyfikacji i charakterystyki nieznanych zwigzkéw. NMR pozwala na analize
ilosciowg metabolitéw bez potrzeby stosowania zewnetrznych lub wewnetrznych wzorcow,
poniewaz intensywnos¢ sygnatu jest wprost proporcjonalna do stezenia analitu. NMR
wymaga zwykle mniej ztozonego przygotowania probki w porownaniu z MS, co zmniejsza
potencjat zmienno$ci i bledu systematycznego. Ponadto NMR jest technikg nieniszczaca, co
pozwala na odzyskanie prébki po analizie w celu dalszego badania lub zastosowania technik
uzupetniajgcych.

Jednakze NMR ma réwniez ograniczenia, np. znacznie nizszg czutos¢ w poréwnaniu z MS,
moze nie wykry¢ metabolitow obecnych w niskich stezeniach [28,29]. W praktyce oznacza to
mozliwos¢ oznaczenia w badanej probce biologicznej zwykle do 100 zwigzkdéw chemicznych
co moze utrudnia¢ wykrywanie metabolitéw o niskim stezeniu w ztozonych prébkach. Dla
poréwnania MS pozwala na oznaczenie w tych samych probkach ponad 1000 ré6znych
zwigzkow [29]. NMR jest bardziej odpowiedni do analizy polarnych i nielotnych metabolitow,
podczas gdy jego przydatno$¢ do zwigzkoéw niepolarnych i lotnych jest ograniczona.
Naktadajgce sie sygnaty w ztozonych prébkach biologicznych moga sprawié, ze analiza
spektralna NMR bedzie wyzwaniem, szczegdlnie w przypadku mieszanin zawierajgcych
liczne metabolity. Wysokopolowe spektrometry NMR sg drogie w zakupie i wymagaja
specjalistycznej konserwaciji, a to moze ogranicza¢ dostepnos¢ dla niektorych laboratoriow.

1.3.4 Analiza danych, identyfikacja metabolitow, mapowanie sciezek metabolicznych

W badaniach metabolomicznych, analiza danych, identyfikacja metabolitéw i wyznaczanie
szlakéw metabolicznych to kluczowe kroki do uzyskania wglagdu w ztozone systemy
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biologiczne. Rézne metody, oprogramowanie i bazy danych zostaty opracowane w celu
utatwienia tych zadan, umozliwiajgc naukowcom odkrycie cennych informacji biologicznych z
zawitych danych metabolomicznych [38].

Analiza danych w metabolomice obejmuje kilka etapow, takich jak przetwarzanie wstepne,
normalizacja, skalowanie i analiza statystyczna. Przetwarzanie wstepne obejmuje redukcje
szumow, korekcje linii podstawowej, wykrywanie sygnatow i wyréwnanie, podczas gdy
normalizacja danych i skalowanie pomagajg uwzglednic¢ réznice w stezeniu prébki lub
odpowiedzi urzadzenia. Pozwala to na dokfadniejsze poréwnania pomiedzy roznymi
prébkami albo eksperymentami. Analizy metabolomiczne, a w szczegdlnosci niecelowana
analiza metabolomiczna, prowadzg do powstania ztozonych zbiorow danych. Dlatego tez
stworzono narzedzia analityczne, ktére sg kluczowe dla przetwarzania i interpretacji tych
wynikow. Pomagajg w rozwigzywaniu probleméw z przetwarzaniem duzej ilosci danych,
analizami statystycznymi, identyfikacjg metabolitow oraz umiejscowieniem ich w
poszczegodlnych szlakach metabolicznych. Rodzaje analiz statystycznych, ktére mozna
zastosowac odnosnie do danych metabolomicznych sg bardzo obszerne a wybor
witasciwego testu moze stanowi¢ wyzwanie. Przykfady oprogramowania do analizy danych
obejmujg MetaboAnalyst, platforme internetowg do kompleksowej analizy, wizualizaciji i
interpretacji danych metabolomicznych, czy tez oprogramowanie ogolne, np. SIMCA lub
MatLAB.

Po wykryciu metabolitow i poréwnaniu ich poziomoéw pomiedzy grupami eksperymentalnymi,
kolejnym krokiem jest identyfikacja konkretnych zwigzkéw odpowiedzialnych za
obserwowane zmiany. Czesto wymaga to poréwnania zmierzonego stosunku masy do
tadunku (m/z), czasu retencji i wzorcéw fragmentac;ji (dla danych MS) lub przesunie¢
chemicznych i statych sprzezenia (dla danych NMR) z danymi referencyjnymi dostepnymi w
bibliotekach spektralnych albo bazach danych. Bazy danych do identyfikacji metabolitéw
obejmujg Human Metabolome Database (HMDB), ktéra oferuje szczegétowe informacje na
temat ludzkich metabolitow, METLIN, baze danych metabolitéw zawierajagcg widma MS/MS i
inne informacje dla wielu zwigzkéw, MassBank, publiczne repozytorium danych widm
masowych oraz Biological Magnetic Resonance Data Bank (BMRB), baze danych widm
NMR dla réznych biomolekut.

Mapowanie zidentyfikowanych metabolitéw na szlaki metaboliczne jest kluczowe dla
zrozumienia procesow biologicznych lezgcych u podstaw obserwowanych zmian. Moze to
pomaoc w zidentyfikowaniu sciezek metabolicznych, ktére ulegty zmianie, i wygenerowaniu
hipotez dotyczgcych mechanizmow napedzajgcych réznice miedzy grupami
eksperymentalnymi. Narzedzia i bazy danych do mapowania sciezek metabolicznych
obejmujg Kyoto Encyclopedia of Genes and Genomes (KEGG), wspomniany MetaboAnalyst
Pathway Analysis, MetScape oraz Reactome.

1.3.5 Analiza statystyczna w badaniach metabolomicznych

Metodologia stosowana do interpretacji danych metabolomicznych zostaty zaadaptowane od
powstatych wczesniej analiz genomicznej i transkryptomicznej. Klasyczne podejscie
analityczne polega na ocenie roznic grupowych. W tym celu stosuje sie analizy
jednozmiennowe i wielozmiennowe [39,40,41]. Jednym z narzedzi wykorzystywanych w
analizie statystycznej danych metabolomicznych jest MetaboAnalyst 5.0 [42]. To

29



kompleksowe narzedzie online do analizy danych metabolomicznych, ktére integruje szereg
zaawansowanych metod statystycznych i uczenia maszynowego, obejmujgc wszystkie etapy
analizy danych metabolomicznych. Proces ten zaktada wstepne przetwarzanie i
normalizacje danych, eksploracyjng analize danych oraz interpretacje funkcjonalna.
Przetwarzanie i normalizacja danych sg kluczowymi krokami wstepnymi, a narzedzie to
oferuje szerokg game metod normalizacji, w tym normalizacje wedtug sumy, mediany,
skalowania Pareta i automatycznego skalowania. MetaboAnalyst zapewnia odmienne
sposoby wizualizacji danych wielowymiarowych, takie jak analiza gtéwnych sktadowych,
mapy cieplne i hierarchiczne grupowanie, ktére majg kluczowe znaczenie dla wstepnej
kontroli danych, identyfikacji wartosci odstajgcych i rozrézniania grup. Jesli chodzi o analize
statystyczng, obejmuje ono potgczenie metod jedno- i wielowymiarowych. Techniki takie jak
testy t, analiza wariancji i volcan plot pomagajg w analizie jednowymiarowej, podczas gdy
czesciowa analiza dyskryminacyjna metodg najmniejszych kwadratéow (PCA) i ortogonalna
czesciowa analiza dyskryminacyjna metoda najmniejszych kwadratow (OPLSDA) moga byé
stosowane do analizy wielowymiarowej. Techniki te wspomagajg identyfikacje najbardziej
dyskryminujgcych metabolitow, ktore roznicujg odmienne grupy probek. W przypadku
bardziej ztozonych projektéw eksperymentalnych narzedzie obejmuje metody statystyczne,
takie jak analiza szeregéw czasowych i dwuczynnikowa ANOVA. Jesli chodzi o uczenie
maszynowe, jest kilka metod, takich jak vector machines, random forests i k-nearest
neighbors, przydatnych do zadan klasyfikacji i przewidywania. W narzedziu tym dostepna
jest rowniez analiza Sciezek i analiza wzbogacenia sciezek, ktore przy uzyciu
zidentyfikowanych metabolitéw mogg podkresli¢ najistotniejsze szlaki metaboliczne i
zapewni¢ wglad w biologiczne mechanizmy stojgce za obserwowanymi zmianami w
metabolomie. Wreszcie, narzedzie zapewnia réwniez tez walidacje modeli i ocene istotnosci
statystycznej za pomocg takich metod jak testy permutacyjne czy walidacja krzyzowa.

Jednowymiarowe metody statystyczne

Jednowymiarowe metody statystyczne analizujg jedng zmienng jednoczesnie i porownuja
poziomy kazdego metabolitu indywidualnie pomiedzy grupami eksperymentalnymi.
Przyktady tych metod obejmujg test t-Studenta, ktéry poréwnuje srednie dwdch grup; analiza
wariancji (ANOVA), ktora poréwnuje $rednie wielu grup. Jesli ANOVA wykaze znaczgce
réznice, przeprowadzane sg testy post-hoc w celu okreslenia, ktdre konkretne grupy réznig
sie od siebie. Krotno$¢ zmiany (fold-change, FC), ktdra jest stosunkiem $rednich pozioméw
metabolitéw miedzy dwiema grupami eksperymentalnymi. Test U Manna-Whitneya lub test
Kruskala-Wallisa to testy nieparametryczne, ktére mogg by¢ stosowane, gdy dane nie
spetniajg zatozen testu t-Studenta ani ANOVA (np. gdy dane nie majg rozktadu normalnego).

Wielowymiarowe analizy statystyczne

Z drugiej strony wielowymiarowe metody statystyczne obejmujg rownoczesng analize wielu
zmiennych, biorgc pod uwage zaleznosci miedzy metabolitami i ogélne wzorce w danych.
Wyrdznia sie dwie gidwne grupy analiz statystycznych stosowanych w metabolomice:
analizy nadzorowane i nienadzorowane.

- Metody nienadzorowane. W analizie statystycznej metody nienadzorowane

koncentrujg sie na znajdowaniu wzorcéw, struktur lub zwigzkéw w danych bez
opierania sie na znanych etykietach czy wynikach. Analiza sktadowych gtéwnych
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(Principal Component Analysis, PCA) to technika nienadzorowanej analizy, ktora jest
czesto stosowana w metabolomice do redukcji wymiarowosci danych i wizualizacji
ztozonosci probek. PCA identyfikuje gtéwne sktadowe w danych, ktére wyjasniajg
najwiekszg wariancje. Moze by¢ uzywana do analizy podobiehstw i réznic miedzy
probkami, bez uwzgledniania zadnych z géry okreslonych grup probek. Pozwala na
zidentyfikowanie wzorcow i tendencji w danych metabolomicznych, co moze
prowadzi¢ do dalszych analiz i hipotez badawczych.

- Metody nadzorowane. W analizie statystycznej metody nadzorowane wykorzystujg
zbiory danych ze znanymi etykietami lub wynikami do budowy modeli, ktére mogg
przewidzie¢ etykiety dla nowych, niewidzianych danych. Analiza dyskryminacyjna
oparta na ortogonalnej projekcji do najmniejszych kwadratéw (Orthogonal Projection
to Latent Structures Discriminant Analysis, OPLS-DA) to przyktad analizy
nadzorowanej, ktéra jest wykorzystywana do identyfikacji metabolitow réznigcych sie
miedzy z gory zdefiniowanymi grupami probek. OPLS-DA jest rozwinigciem PCA,
ktére uwzglednia informacje o klasach prébek. Tworzy model dyskryminacyjny
pozwalajgcy na przewidywanie przynaleznosci prébek do okreslonych grup na
podstawie ich profili metabolomicznych. Moze by¢ stosowany do identyfikacji
biomarkeréw réznicujgcych odmienne grupy prébek, np. prébki zdrowych i chorych.

Podsumowujgc, PCA jest przyktadem analizy nienadzorowanej w metabolomice, ktora stuzy
do redukcji wymiarowosci danych i wizualizacji ztozonosci probek. OPLS-DA natomiast jest
przyktadem analizy nadzorowanej, ktéra pozwala na identyfikacje metabolitow réznigcych
sie miedzy zdefiniowanymi grupami prébek. Zaréwno PCA, jak i OPLS-DA sg szeroko
stosowane w metabolomice oraz dostarczajg cennych informacji na temat wzorcow i réznic
w danych metabolomicznych.

Metody uczenia maszynowego

Techniki uczenia maszynowego sg wykorzystywane do ztozonych zadan, takich jak
przewidywanie wynikéw lub klasyfikowanie prébek na podstawie zestawu cech, w tym
przypadku metabolitéw. Techniki te sg szczegdlnie przydatne, gdy istnieje wiele zmiennych
(tj. metabolitow) i zachodzg miedzy nimi ztozone relacje [43].

- Maszyny wektorow nosnych (support vector machines, SVM): popularna metoda
uczenia maszynowego stosowana zaréwno do klasyfikacji, jak i regresji. W
metabolomice SVM moze by¢ wykorzystywana do rozrézniania odmiennych klas
probek (np. choroba vs. kontrola) na podstawie ich profili metabolitow. Gtéwng ideg
SVM jest znalezienie hiperptaszczyzny, ktéra najlepiej oddziela klasy, jednoczes$nie
maksymalizujgc margines miedzy najblizszymi prébkami kazdej klasy (wektory
wsparcia).

- Lasy losowe (random forest, RF): to wszechstronna metoda wykorzystujgca zespot
drzew decyzyjnych. Kazde drzewo jest budowane przy uzyciu probki bootstrapowej
danych, a ostateczna prognoza opiera sie na wiekszosci gtosow (w przypadku
klasyfikacji) lub sredniej (w przypadku regresji) wszystkich drzew [44]. Bootstrap to
technika statystyczna polegajgca na tworzeniu nowych probek z istniejgcego zbioru
danych poprzez losowe wybieranie punktéw danych z szansg na wielokrotne
wybranie tego samego punktu danych. Lasy losowe mogg uchwyci¢ ztozone,
nieliniowe zaleznosci miedzy zmiennymi, a takze zapewniajg miare waznosci
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zmiennej, ktérg mozna wykorzystac do identyfikacji najbardziej wptywowych
metabolitow.

- Algorytm k-najblizszych sasiadéw (k-nearest neighbours, KNN): prosta, ale
skuteczng metodg klasyfikaciji i regresji. W przypadku klasyfikacji w metabolomice
probka jest klasyfikowana na podstawie klasy wiekszo$ciowej jej k najblizszych
sgsiadow w przestrzeni metabolitow.

- Uczenie glebokie (deep learning): algorytmy gtebokiego uczenia, w szczegolnosci
sztuczne sieci neuronowe (ANN), sg coraz czesciej wykorzystywane do analizy
danych metabolomicznych. Sktadajg sie z warstw potgczonych weztéw lub
"neuronéw" i mogg modelowaé ztozone, nieliniowe zaleznosci. Konwolucyjne sieci
neuronowe (CNN) i rekurencyjne sieci neuronowe (RNN) to inne formy modeli
gtebokiego uczenia wykorzystywane w konkretnych zastosowaniach.

Stownik poje¢ statystycznych stosowanych w publikacjach

PCA (Principal Component Analysis - analiza gtéwnych sktadowych) to technika
statystyczna uzywana do redukcji wymiarowosci danych. Czesto siega sie po nig w celu
uproszczenia ztozonych zestawow danych, jednoczesnie starajgc sie zachowac jak
najwiecej informacji zawartych w tych danych. PCA przeksztatca oryginalne zmienne,
ktére moga by¢ ze sobg skorelowane, w nowe, niezalezne "gtéwne sktadowe". Pierwsza
gtéwna sktadowa (PCA1) wyjasnia najwiecej zmiennosci w danych, a kazda kolejna
gtéwna sktadowa (PCA2) wyjasnia jak najwiecej pozostatej zmiennosci, bedgc
jednoczesnie ortogonalng (prostopadtg) do poprzednich sktadowych. PCA jest uzywana
do wizualizacji ogolnej struktury danych, identyfikacji grup lub klastréw oraz wykrywania
obserwacji odstajgcych (outlierow).

OPLS-DA (Orthogonal Partial Least Squares Discriminant Analysis - ortogonalna
analiza dyskryminacyjna czesciowych najmniejszych kwadratéw) to metoda

statystyczna uzywana do budowy modeli predykcyjnych dla danych z géry zdefiniowanych

klas (np. zdrowy vs. chory). To nadzorowana metoda, ktéra rézni sie od PCA tym, Zze nie
tylko redukuje wymiarowos¢ danych, lecz takze maksymalizuje réznice miedzy
zdefiniowanymi klasami. Metoda ta jest czesto uzywana w metabolomice, gdy interesuje
nas zidentyfikowanie metabolitow roznigcych sie pomiedzy grupami. OPLS-DA separuje
zmienno$¢ w danych, ktora jest bezposrednio powigzana z wynikiem zainteresowania
(tzw. zmiennos¢ predyktywng), od zmiennosci, ktora nie jest z tym wynikiem zwigzana
(tzw. zmiennos¢ ortogonalna). Dzieki temu tatwiej identyfikowac¢ metabolity, ktére sg
istotne w réznicowaniu grup.

Korekta Bonferroniego i wspétczynnik fatszywych odkry¢ (FDR) to techniki
statystyczne stuzgce do korekty poréwnan wielokrotnych. Biorgc pod uwage, ze badanie
metabolomiczne moze przeprowadzac testy na tysigcach metabolitow jednoczeénie,
kontrolowanie odsetka wynikow fatszywie dodatnich ma kluczowe znaczenie.

Korekta Bonferroniego to metoda w ktdrej poziom istotnosci jest dzielony przez liczbe
poréwnan (np. w przypadku testowania 20 metabolitéw, wynik uznany bedzie za istotny,
gdy wartosc¢ p jest nizsza niz 0,05/20 = 0,0025). Moze by¢ jednak zbyt rygorystyczna w
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sytuacjach, w ktoérych przeprowadzanych jest wiele testéw, co prowadzi do wysokiego
wskaznika wynikéw fatszywie ujemnych.

Wspoétczynnik fatszywych odkry¢ (FDR) to mniej rygorystyczna metoda niz korekta
Bonferroniego i czesto stosowana podczas przeprowadzania duzej liczby testow.
Kontroluje oczekiwany odsetek nieprawidtowo odrzuconych hipotez zerowych (fatszywych
odkry¢). Procedura Benjamini-Hochberg jest powszechnie stosowang metodg kontroli
FDR.

VIP (Variable Influence on Projection - wpltyw zmiennej na projekcje) to parametr
statystyczny uzywany w analizie wielowymiarowej, takich jak regresja czgstkowa
najmniejszych kwadratéw (PLS) i ortogonalna regresja czgstkowa najmniejszych
kwadratéw (OPLS). VIP mierzy znaczenie kazdej zmiennej (w tym przypadku metabolitu)
w projekcji lub rozréznianiu miedzy odmiennymi grupami albo klasami. Okresla wktad
kazdej zmiennej w model predykcyjny. Zmienne o wyzszych wartosciach VIP sg uwazane
za majgce wiekszy wplyw na model i sg bardziej istotne w rozréznieniu miedzy grupami.
W kontekscie studiow metabolomicznych lub innych studiéw omicznych, wartosci VIP
czesto sg uzywane do wyboru istotnych zmiennych bgadz biomarkeréw, ktére znaczgco
przyczyniajg sie do separacji lub klasyfikacji roznych grup probek (np. tkanka
nowotworowa vs. zdrowa). Potgczenie wartosci VIP z innymi miarami statystycznymi,
takimi jak analiza wspétczynnika zmiany, FC (fold change) i test t, pozwala na
zidentyfikowanie metabolitdow, ktére wykazujg istotne réznice miedzy grupami i majg
potencjalng wartos¢ diagnostyczng lub predykcyjna.

R2Y i Q2 oraz test permutaciji - to parametry statystyczne stosowane przy walidaciji
modeli wielowymiarowych, takich jak te generowane ortogonalng analize dyskryminacyjng
najmniejszych kwadratow czesciowych (OPLS-DA).

R2Y: parametr czesto okresly sie jako "dopasowanie modelu". Reprezentuje proporcje
wariancji zmiennej odpowiedzi (Y), ktérg mozna wyjasni¢ za pomocg modelu. Jest to
miara, jak dobrze model pasuje do zaobserwowanych danych. Wartos¢ R2Y wynoszaca 1
wskazuje na doskonate dopasowanie, natomiast wartosc¢ blizej 0 wskazuje na stabe
dopasowanie.

Q2: miara "zdolnosci predykcyjnej" modelu. Oblicza sie jg za pomocg metod walidacji
krzyzowej i szacuje, jak dobrze model moze przewidzie¢ nowe dane. Wartos¢ Q2 blizej 1
wskazuje na doskonatg zdolnos¢ predykcyjng, podczas gdy warto$¢ blizej 0 sugeruje
stabg zdolnos$¢ predykcyjng. Ujemna warto$¢ Q2 moze sygnalizowa¢ nadmierne
dopasowanie modelu, co oznacza, ze model moze opisywaé szum zamiast bazowy trend.

Test permutac;ji: technika statystyczna, ktéra polega na przetasowaniu, czyli losowym
przestawieniu danych, a nastepnie porownaniu przetasowanych danych z tymi
oryginalnymi. Celem jest ustalenie, czy obserwowany efekt jest istotny, czy moze wynika
po prostu z losowosci. Gdy wykonujemy test permutacji z 2000 powtdrzeniami,
przetasowujemy dane 2000 razy, za kazdym razem obliczajgc interesujgcg nas statystyke
(np. réznice srednich). Kazde przetasowanie daje jedno "symulowane" wyniki. Wyniki tych
2000 symulaciji tworzg rozktad statystyki testowej pod hipotezg zerowg (ij. hipoteza, ze
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obserwowany efekt jest wynikiem losowosci). Mozemy teraz poréwnac naszg rzeczywistg
obserwacje (statystyke obliczong na oryginalnych, nieprzetasowanych danych) z tym
rozktadem. Jezeli rzeczywista obserwacja jest ekstremalna z rozktadem z symulacji (np.
jest w najmniejszym 5% lub najwiekszym 5% wynikéw), to nalezy odrzuci¢ hipoteze
zerowg i uznac, ze obserwowany efekt jest statystycznie istotny.

FC (Fold change - wspétczynnik zmiany) to wskaznik uzywany do poréwnywania
poziomu metabolitéw miedzy dwiema réznymi grupami probek. Odnosi sie do wielkosci
zmiany w stezeniu metabolitow miedzy tymi grupami. Jest obliczany jako stosunek
Sredniego stezenia metabolitu w jednej grupie do $redniego stezenia w drugiej. Wartos¢
fold change wyraza ilekro¢ stezenie metabolitu wzrasta lub maleje miedzy grupami. Na
przyktad, fold change wynoszacy 2 oznacza, ze stezenie metabolitu jest dwukrotnie
wieksze w jednej grupie w poréwnaniu z druga.

Modelowanie random forest to popularny algorytm uczenia maszynowego, ktéry nalezy
do kategorii metod uczenia zespotowego. Nazwa pochodzi od lasu drzew decyzyjnych
generowanych losowo, ktére tgczg swoje wyniki, aby dokonaé predykcji. Mozna to
poréwnac z komitetem ekspertow, gdzie kazde drzewo decyzyjne to jeden ekspert. Kazdy
ekspert (drzewo) wydaje swojg opinie (prognoze), a nastepnie decyzja komitetu (lasu) jest
podejmowana na podstawie najczesciej wystepujgcej opinii (gtosowania
wiekszosciowego). Etapy modelowania:

1. Tworzenie drzew decyzyjnych: random forest tworzy wiele drzew decyzyjnych,
kazde z nich trenowane na réznych podzbiorach danych. To jakby mie¢ réznych
ekspertéw specjalizujgcych sie w réznych obszarach.

2. Prognozowanie: kiedy mamy nowe dane do prognozowania, kazde drzewo
decyzyjne (ekspert) dokonuje swojej prognozy.

3. Gtosowanie: wszystkie prognozy zostajg zebrane i najczesciej wystepujaca staje
sie prognozg random forest. To jakby zbiera¢ opinie wszystkich ekspertow, a
potem decydowag, idgc za najpopularniejszg z nich.

ROC (Receiver Operating Characteristic - krzywa charakterystyki operacyjnej
odbiornika) to wykres przedstawiajgcy zaleznos¢ miedzy czutoscig (True Positive Rate) a
1-swoistoscig (False Positive Rate) w réznych punktach odciecia dla danego modelu
diagnostycznego. ROC jest szeroko stosowana w analizie diagnostycznej i ocenie
skutecznosci modeli klasyfikacyjnych.

AUC (Area Under the Curve - obszar pod krzywa to parametr ktéry ocenia zdolnos¢
modelu do rozréznienia miedzy dwiema klasami lub grupami. Mierzy powierzchnie pod
krzywag ROC. Im wieksza warto$¢ AUC, tym lepsza zdolnos¢ modelu do rozroznienia
miedzy klasami. AUC réwna 1 oznacza doskonatg zdolnos¢ rozrézniania, AUC réwna 0,5
wskazuje na brak zdolnosci rozrézniania, a AUC ponizej 0,5 sugeruje

przeciwng interpretacje klasyfikaciji.

Krzywa ROC i AUC sg czesto stosowane w badaniach diagnostycznych, aby oceni¢

skutecznos¢ modeli w rozpoznawaniu choroby. Sg szczegdlnie przydatne, gdy modele
generujg wyniki binarne, takie jak choroba/niechoroba. Krzywa ROC i AUC dostarczajg
informaciji o czutosci i swoistosci modelu oraz pozwalajg na wybor optymalnego punktu
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odciecia, ktory zapewnia rownowage miedzy tymi dwoma wskaznikami. W badaniach
metabolomicznych, ROC i AUC uzywane sg w analizie biomarkeréw. Oceniajg
skutecznos$c¢ roznych metabolitow jako biomarkerow roznicujgcych tkanke nowotworowg
od tkanki zdrowej. AUC wykorzystuje sie do okreslenia efektywnosci diagnostycznej tych
metabolitéw. Metabolity o wyzszych wartosciach AUC sg uwazane za bardziej obiecujgce
ze wzgledu na lepsze rozréznianie miedzy grupami prébek nowotworowych i zdrowych.
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Rozdziat 2: Zalozenia i cel pracy

Zatozenia lezgce u podstaw tej rozprawy obejmujg przekonanie, ze profil metaboliczny
pacjentéw z rakiem pecherza moczowego wyraznie rozni sie od profilu oséb zdrowych.
Zaktada sie, ze réznica ta moze by¢ wykryta w surowicy, tkance i moczu przy uzyciu
zaawansowanych technik analizy metabolomicznej. Uznano, ze metody analizy chemicznej
takie jak NMR i MS w potaczeniu z rozbudowanymi narzedziami bioinformatycznymi oraz
metodami analizy statystycznej pozwolg na wykrycie takich zwigzkéw. Rozprawa zakfada, ze
wszelkie zidentyfikowane biomarkery mogg by¢ stosowane jako wiarygodne wskazniki do
diagnozowania, prognozowania i monitorowania terapeutycznego raka pecherza
moczowego. Przyjmuje sie rowniez, ze badana grupa chorych reprezentuje szerszg grupe
demograficzng oséb z rakiem pecherza moczowego, co zapewnia szerokie zastosowanie
wynikéw badan. Ponadto zaktada sie, ze metodologie i techniki zastosowane w badaniu, w
oparciu o wspotczynniki statystyczne przyniosg doktadne i wiarygodne wyniki.

Rozprawa doktorska ma na celu wykorzystanie analizy metabolomicznej surowicy, tkanki i
moczu do wskazania potencjalnych biomarkeréw raka pecherza moczowego. Poprzez
analize profili metabolicznych i porownanie pacjentéw z rakiem pecherza moczowego i 0sob
zdrowych, badanie ma ujawni¢ okreslone metabolity lub szlaki metaboliczne, ktére mogtyby
dziata¢ jako wczesne markery diagnostyczne, czynniki ryzyka albo cele terapeutyczne.
Badania majg na celu poszerzenie istniejgcej wiedzy na temat raka pecherza moczowego i
utorowanie drogi do bardziej precyzyjnych i mniej inwazyjnych metod diagnostycznych oraz
ukierunkowanych opcji leczenia. Ostatecznym celem jest poprawa wynikéw leczenia
pacjentdw, zmniejszenie obcigzenia chorobg i poprawa jakosci zycia 0osob, u ktorych
zdiagnozowano raka pecherza moczowego.

Cele gtéwne:

1. Analiza metabolomiczna tkanki, surowicy i moczu z zastosowaniem spektrometrii mas
oraz spektroskopii magnetycznego rezonansu jadrowego.

2. ldentyfikacja pojedynczych metabolitéw (biomarkeréw) i/lub grup metabolitow ktére bedg
rozréznia¢ pomiedzy tkankg, surowicg oraz moczem nowotworowym i kontrolnym.

3. Ocena analitycznej wiarygodnosci wykrytych biomarkeréw. Bedzie sie ona opieraé na
wielowymiarowej analizie statystycznej z zastosowaniem metod takich jak PCA i OPLS-DA
oraz parametrach statystycznych takich jak: czuto$¢, swoistos¢, AUC, FC i VIP, dla
poszczegdlnych zwigzkdw i grup zwigzkow.

Cele poboczne:

1. Identyfikacja szlakow metabolicznych w ktorych wystepujg zidentyfikowane metabolity.

2. Préba zidentyfikowania metabolitdw réznicujgcych poszczegdlne stopnie zaawansowania
klinicznego oraz stopnie zto$liwosci histopatologiczne;.

3. Ustalenie czy metoda obrazowania MS (LDI-MSI) moze wspoméc badanie
histopatologiczne w postawieniu prawidtowej diagnozy w trudnych przypadkach oraz w
wspomagaé w wyznaczaniu marginesow resekcji guza nowotworowego.

Cele planuje sie osiggng¢ poprzez:

1. Zastosowanie nie-celowanej i celowanej analizy metabolomicznej tkanki, surowicy i
moczu pobranych od grupy 100 pacjentéw z rakiem pecherza moczowego oraz 100 oséb
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zdrowych, z zastosowaniem spektrometrii mas oraz spektroskopii magnetycznego
rezonansu jgdrowego.

2. Obrazowanie tkanki nowotworowej i zdrowej metodg LDI MSI.

3. Zastosowanie chemometrycznych metod analizy danych do identyfikacji statystycznie
istotnych metabolitow/biomarkerdéw réznicujgcych prébki pochodzace od oséb z rakiem
pecherza moczowego z prébkami kontrolnymi, planowane jest zastosowanie internetowych
narzedzi, tj. MetaboAnalyst 4.0 i/lub XCMS Online do analizy statystycznej uzyskanych
wynikéw: zaréwno podstawowej analizy jednozmiennowej (np. za pomocg testu t-Studenta),
jak i analiz wielozmiennowych, tj. analiza gtéwnych sktadowych - PCA (Principal Component
Analysis) oraz dyskryminacyjny wariant metody czgstkowych najmniejszych kwadratow -
PLS-DA (Partial Least Squares Discriminant Analysis).

4. Analizy szlakow metabolicznych zwigzanych z nowymi markerami.
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Rozdziat 3: Materialy i metody

3.1 Protokoét badania, przygotowanie materiatu

Protokot badania zostat zatwierdzony przez Komisje Bioetyczng przy Uniwersytecie
Rzeszowskim (pozwolenie nr 2018/04/10) i przeprowadzony zgodnie z odpowiednimi
wytycznymi i przepisami, m.in. Deklaracjg helsinskg z 1964 roku i jej pdzniejszymi zmianami.
Prébki i dane kliniczne od pacjentéw biorgcych udziat w badaniu zostaty pobrane za
pisemng zgoda.

Do badan metabolomicznych raka pecherza moczowego zgromadzono fragmenty tkanek,
prébek surowicy i moczu od 100 pacjentéw z rakiem pecherza moczowego oraz 100
kontrolnych prébek surowicy i moczu. Tkanki kontrolne stanowity fragmenty zdrowe;j
Sluzéwki pecherza moczowego pobrane w trakcie zabiegu TURBT od pacjentow z rakiem
pecherza moczowego. Od kazdego pacjenta pobrano zaréwno fragment tkanki
nowotworowej jak i fragment zdrowej Sluzowki pecherza moczowego, kazda o wymiarach
okoto 6 x 6 mm (ok. 5 mg). Celem weryfikacji histopatologicznej preparatéw (zaréwno
nowotworowej, jak i kontrolnej - prawidtowej) podzielono je na dwie czesci - jedna zostata
poddana badaniu histopatologicznemu a drugg zamrozono w temperaturze -60°C. Mocze i
surowice kontrolne pochodzg od pacjentéw przyjetych na oddziat urologii celem wykonania
diagnostyki lub leczenia zabiegowego tagodnych schorzen w obrebie uktadu moczowego, tj.
przerost prostaty, zwezenie cewki moczowej i zwezenie podmiedniczkowe moczowodu,
stulejka, wodniak jgdra, zylaki powrdzka nasiennego, nietrzymanie moczu i inne. Kazdy
pacjent z grupy kontrolnej miat wykonany w ramach hospitalizacji podstawowy pakiet badan
laboratoryjnych (w tym badanie ogéine moczu) i obrazowych (USG jamy brzusznej).
Stanowito to podstawe do wykluczenia raka pecherza moczowego w grupie kontrolnej. U
kazdego pacjenta, do badania pobrano okoto 2.6ml krwi oraz 50 ml moczu. Krew byta
odwirowana przy 3000 obr/min przez 10 minut w temperaturze pokojowej celem uzyskania
surowicy. Po odwirowaniu oddzielong surowice i mocz zamrozono w temperaturze -60°C.

Poszczegdlne etapy przygotowania tkanki, surowicy i moczu do badania z zastosowaniem

spektrometrii mas lub spektroskopii magnetycznego rezonansu jgdrowego przedstawiono ze
szczegoOtami w publikacjach.
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Rozdziat 4: Wyniki i dyskusja

4.1 Analiza metabolomiczna tkanki

Monoisotopic silver nanoparticles-based mass spectrometry imaging of human
bladder cancer tissue: Biomarker discovery, Advances in Medical Sciences, 2023,

K. Ossolinski, T. Ruman, T. OssoliAski, A. Ossolinska, A. Arendowski, A. Kotodziej, A.
Ptaza-Altamer, J. Niziot

W publikacji przedstawiono metabolomiczng analize tkanki nowotworowej pecherza
moczowego w poréwnaniu z tkankg prawidtowg. Zastosowano metode obrazowania
LDI-MSI (obrazowanie metodg laserowej desorpcji/jonizacyjnej spektrometrii mas) opartg na
nanoczgstkach srebra ("AgNPET) oraz LDI-MS i MS/MS do analizy ekstraktéw
tkankowych. tacznie przeanalizowano materiat pochodzacy od 6 pacjentéw (pary tkanka
nowotworowa i zdrowa). Analiza danych MSI doprowadzita do identyfikacji 28 zwigzkdw,
ktére wykazywaty najwieksze zréznicowanie miedzy obszarami tkanki nowotworowej i
kontrolnej. Wsrod nich 2 zwigzki miaty wyzszg Srednig intensywnos$¢ w tkance
nowotworowej, podczas gdy pozostate 26 wykazywato wyzszg intensywnos¢ w prawidtowe;j
tkance pecherza moczowego. Wybrane zostaty tylko te zwigzki, ktére wykazywaty spojne
trendy we wszystkich 6 eksperymentach.

Dane dotyczgce roznic w intensywnosci zidentyfikowanych zwigzkéw poddawano
wielowymiarowej analizie statystycznej w tym analizie gtéwnych sktadowych (PCA) i
ortogonalnej analizie dyskryminacyjnej metodg najmniejszych kwadratéw (OPLS-DA), w celu
oceny separacji miedzy obszarami nowotworowymi i normalnymi tkankami. Poprzez
potgczenie VIP (>1) z wynikami testu t (wartos¢ p i FDR z testu t <0,05) oraz fold change
(0,5 < FC > 1,2), wybrano 10 metabolitéw réznicujgcych probki tkanki nowotworowej i
prawidtowej. Metabolity te obejmowaty glicyne, hipotauryne, 3-metylobutanal, etylofosforan,
glutamine, myosmineg, P1(22:0/0:0), aminopentanal, betaine proliny i metyloguanidyne.

Doktadnos¢ diagnostyczng wybranych metabolitdw oceniono za pomocg analizy krzywej
ROC. Obszary pod krzywymi (AUC) zostaty obliczone w celu okreslenia skutecznosci
diagnostycznej metabolitow. Analizy ROC wykazaty, ze wszystkie wybrane metabolity miaty
wartosci AUC powyzej 0,81, przy czym hipotauryna i 3-metylobutanal wykazywaty
najwyzszg warto$¢ AUC = 0,94. Potgczenie 10 wybranych metabolitéw okazato sie lepszym
narzedziem diagnostycznym (AUC = 0,993) niz kazdy z metabolitow oddzielnie.
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4.2 Analiza metabolomiczna surowicy

Untargeted ultra-high-resolution mass spectrometry metabolomic profiling of blood
serum in bladder cancer. Scientific Reports, 2022

J. Niziot, K. Ossolinski, A. Ptaza-Altamer, A. Kotodziej, A. Ossolinska, T. Ossolinski, T.
Ruman

Badanie miato na celu identyfikacje potencjalnych biomarkeréw raka pecherza moczowego
w surowicy. W niecelowanym badaniu wykorzystano spektrometrie masowg o ultrawysokiej
rozdzielczosci (UHRMS) i ultra wysokosprawng chromatografie cieczowg (UHPLC) w
ekstraktach surowicach od 100 pacjentéw z rakiem pecherza moczowego (BC) i 100 osob z
grupy kontrolnej (NC) z uwzglednieniem stopnia zaawansowania klinicznego i ztosliwosci
histopatologicznej. Surowice zostaty podzielone na dwie grupy: zestaw treningowy
obejmujgcy 80% wszystkich prébek i zestaw walidacyjny obejmujgcy pozostate 20% prébek.
Profilowanie metaboliczne surowicy przeprowadzono niezaleznie na dwoch zestawach
danych. Zbidr treningowy zostat wykorzystany do identyfikacji markeréw diagnostycznych w
surowicy. Zbior walidacyjny postuzyt do niezaleznej walidacji skutecznoéci diagnostyczne;j
biomarkerow.

Analiza UHPLC-UHRMS wykazata tgcznie 5498 wartosci m/z (metabolitow) w treningowym i
walidacyjnym zbiorze danych. Analiza PCA wykazata dobrg separacje miedzy surowicami
bazujac na ich réznych profilach metabolitow. Nadzorowana analiza statystyczna z
wykorzystaniem OPLS-DA dodatkowo podkreslita roznice metaboliczne miedzy grupami BC
i NC. Na podstawie wartosci VIP (>1) z modelu OPLS-DA i niezaleznych testéw t (wartos¢ p
i FDR <0,05), zidentyfikowano 1012 zmiennych w zbiorze treningowym i 1052 w zbiorze
walidacyjnym, ktére uznano za statystycznie istotne. Nastepnie wyselekcjonowano wspdlny
zestaw 864 wartosci m/z, 121 wartosci m/z przyporzadkowano okreslonym zwigzkom
chemicznym. 85 sposrod 121 wybranych metabolitéw wykazywato wysokie wartosci AUC
(>0,8), co wskazuje na dobrg zdolnos¢ dyskryminacyjng miedzy prébkami surowicy
nowotworowej i kontrolnej. Analiza AUC dla kombinacji wykrytych metabolitéw okazata sie
znakomitym dyskryminatorem prébek surowicy BC vs. NC (AUC >0. 99). Ostatecznie
wybrano 27 metabolitdw na podstawie wartosci odciecia FC wynoszacych >2 i <0,5.

Aby okresli¢, czy analiza metabolomiczna prébek surowicy moze pomdéc w rozréznieniu
miedzy réznymi stopniami ztosliwosci histopatologicznej, przeprowadzono kolejng serie
analiz PCA i OPLS-DA na grupie treningowej (80 NC, 32 pacjentow z HG i 45 pacjentow z
LG) i walidacyjnej (20 NC, 8 pacjentow z HG i 12 pacjentéw z LG). Pacjentéw z PUNLMP
wykluczono z analizy. Analiza wykazata dobrg dyskryminacje miedzy grupami kontrolnymi i
nowotworowymi z rozréznieniem na raka low-grade (LG) i high grade (HG) zaréwno w
zestawach treningowych, jak i walidacyjnych. Modele nie byly jednak w stanie w
statystycznie istothy sposéb odréznié¢ surowice pochodzacych od pacjentéw z
nowotworami LG vs HG. Zidentyfikowano znaczng liczbe wartosci m/z , ktére w isotny
statystycznie sposdb rozrézniaty pomiedzy poszczegdlnymi stopniami ztosliwosci
histopatologicznej a grupg kontrolng (1500 dla HG BC vs. NC i 1600 dla LG BC vs NC). 138
i 148 wartosci m/z dla grup HG BC vs. NC i LG BC vs. NC zostato powigzanych z
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okreslonymi zwigzkami chemicznymi. Ponadto analizy krzywej ROC wykazaty dobrg
wydajnos¢ diagnostyczng modeli, przy wartosciach AUC >0,75 dla pieciu metabolitow, co
wskazuje na wysoki poziom doktadnosci. Ostatecznie wyselekcjonowano 23 potencjalne
biomarkery dla podgrup LG i HG BC z warto$ciami FC >2 i <0,5.

W badaniu przeprowadzono takze analize surowicy w zaleznosci od stopnia zaawansowania
klinicznego. Stadia obejmowaly nieinwazyjnego raka brodawczakowatego (pTa), raka
naciekajgcego podnabtonkowg tkanke tgczng (pT1) i raka naciekajgcego btone miesniowg
(pT2), z tacznie 69 probkami dla pTa, 19 dla pT1 i 12 dla pT2. Wyniki analizy gtéwnych
sktadowych (PCA) i ortogonalnej analizy dyskryminacyjnej metodg najmniejszych kwadratéw
(OPLS-DA) wykazaty dobrg separacje miedzy kontrolnymi surowicami (NC) a
poszczegolnymi stadiami BC. Nie stwierdzono jednak statystycznie istotnych réznic
przy analizie poréwnawczej trzech grup stadiow raka wzgledem siebie (pTa vs. pT1 vs.
pT2). Dalsza analiza modelu OPLS-DA, obejmujgca analize¢ FC i VIP, ujawnita szereg
wartosci m/z najbardziej istotnych w rozréznieniu probek. Obejmowaty one 63 wartosci m/z
dla pTa BC vs NCs, 66 wartosci m/z dla pT1 BC vs. NCs i 69 wartosci m/z dla pT2 BC vs.
NCs. Analiza krzywej ROC pozwolita na zidentyfikowanie 37 potencjalnych biomarkeréw z
warto$ciami FC >2 i <0,5, czutoscig i swoistoscig wynoszgca odpowiednio 74% i 62%.

Metabolomic and elemental profiling of blood serum in bladder cancer. Journal of
Pharmaceutical Analysis, 2022

K. Ossolinski, T. Ruman, V. Copié, B.P. Tripet, L. B. Nogueira, K.O.P.C. Nogueira, A.
Kotodziej, A. Ptaza-Altamer, A. Ossolinska, T. Ossolinski, J. Niziot

Badanie dotyczyto analizy 200 prébek surowicy uzyskanych od 100 pacjentow z rakiem
pecherza moczowego (BC) i 100 zdrowych osdb (NC), z wykorzystaniem celowanego i
niecelowanego podejscia profilowania metabolomicznego. Zastosowane techniki analityczne
obejmowaty wysokiej rozdzielczosci '"H NMR, spektrometria atomowa emisyjna z indukcyjnie
sprzezong plazma (ICP-OES) i wysokiej rozdzielczosci laserowg desorpcje/jonizacje MS
(LDI-MS) opartg na nanoczastkach ztota i srebra (PFL-2D GS LASIS AuNPs LDI-MS oraz
PFL-2D GS LASIS '"“AgNPs LDI-MS).

ICP-OES (Inductively Coupled Plasma Optical Emission Spectroscopy - spektrometria
emisyjna z indukcyjnie sprzezonym plazmg) to technika analityczna stosowana do analizy
sktadu pierwiastkowego prébek [45]. Jest to metoda spektroskopii emisyjnej, ktora
wykorzystuje zjawisko jonizacji w plazmie indukcyjnie sprzezonej (ICP) oraz pomiar emisji
Swiatta przez jonizowane pierwiastki. Prébka wprowadzana jest do indukcyjnie sprzezonej
plazmy w postaci aerozolu. Wysoka temperatura plazmy powoduje rozpad prébki na
atomy sktadowe, ktére nastepnie zostajg wzbudzone i emitujg swiatto o
charakterystycznych dtugosciach fal. Mierzgc intensywnos¢ tego swiatta, mozna okresli¢
stezenie pierwiastkdéw w prébce. W kontekscie metabolomiki, a doktadnie elementomiki,
ICP-OES moze by¢ szczegdlnie przydatna do wykrywania i iloSciowego oznaczania jonéw
metali i innych pierwiastkbw zaangazowanych w rézne procesy biochemiczne.
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PFL-2D GS LASIS to udoskonalona metoda generowania nanoczgstek opracowana przez
zespdét T. Rumana polegajgca na zastosowaniu do generowania nanoczgstek lasera
Swiattowodowego z galwoskanerem 2D ktdra jest potgczona jest z laserowg
jonizacja/desorpcjg wspomagang nanoczgstkami ztota (AuNPs) i srebra ("®AgNPs).

Surowice zostaty podzielone na dwie grupy: zestaw treningowy obejmujacy 80% wszystkich
probek (n=80) i zestaw walidacyjny obejmujgcy pozostate 20% probek (n=20). Profilowanie
metaboliczne surowicy przeprowadzono niezaleznie na obu zestawach danych. Zbiér
treningowy zostat wykorzystany do identyfikacji markeréw diagnostycznych w surowicy.
Zbiér walidacyjny postuzyt niezaleznej walidacji skutecznosci diagnostycznej biomarkeréw.

200 ekstraktow surowicy (100 od pacjentéw z rakiem i 100 z grupy kontrolnej) poddanych
zostato analizie NMR, identyfikujgc 39 réznych zwigzkéw w kazdej prébce. Dwa metabolity,
3-hydroksymaslan i octan, wykazywaty statystycznie znaczgce réznice w stezeniu miedzy
grupa chorych na raka i grupg kontrolng. Poziomy 3-hydroksymaslanu byly znacznie wyzsze
u pacjentéw z rakiem, podczas gdy poziomy octanu byty zauwazalnie nizsze. Nastepnie,
zebrane dane dotyczgce metabolitow zostaty podzielone na dwie grupy: treningowy zbior
danych (80 pacjentow z rakiem i 80 kontroli) - w celu opracowania modelu oraz walidacyjny
zbiér danych (20 pacjentéw z rakiem i 20 kontroli) - w celu oceny wydajnosci modelu.
Analiza gtéwnych sktadowych (PCA) wykazata dobrg separacje miedzy grupami
nowotworowymi i kontrolnymi w obu zestawach danych. Nastepnie zastosowano analize
OPLS-DA celem szkolenia modelu na zidentyfikowanych metabolitach. Model wykazat silng
separacje miedzy grupami nowotworowymi i kontrolnymi. Dalsza analiza modelu OPLS-DA
ujawnita szereg metabolitow o istotnej korelacji z separacjg grup. Metabolity, takie jak octan,
propionian, piroglutaminian i cholina, wykazywaty dodatnie korelacje, podczas gdy
izomaslan - ujemng. W zestawie walidacyjnym wszystkie metabolity poza piroglutaminianem
wykazaty istotno$¢ w zdolnosci do rozrézniania miedzy grupami. Nastepnie przeprowadzono
analize krzywej charakterystyki operacyjnej odbiornika (ROC) na zestawach treningowych i
walidacyjnych w celu oceny potencjatu diagnostycznego wybranych metabolitéw. Wszystkie
cztery metabolity (octan, propionian, cholina i izomaslan) wykazywaty wysokie wartosci AUC
(>0,82), przy czym izomaslan okazat sie najbardziej znaczgcym biomarkerem, uzyskujgc
najwyzsze wyniki w zakresie AUC (>0,953), swoistosci (0,9) i czutosci (0,9). Nastepnie
skonstruowano model klasyfikacji ROC, zbudowany przy uzyciu MetaboAnalyst 5.0 oparty
na algorytmie random forest. Podejscie to obejmowato potgczone poziomy tych czterech
metabolitéw, okazujac sie lepszym dyskryminatorem (z AUC >0,999) niz kazdy metabolit
osobno.

W celu ustalenia czy analiza metabolomiczna NMR moze rozrézni¢ surowice z
pochodzgcymi od pacjentéw z nowotworami z réznymi stopniami zto$liwoSci
histopatologicznej, przeprowadzono analizy PCA i OPLS-DA na calym zbiorze danych
metabolitéw. Analiza obejmowata 95 prébek surowicy od pacjentéow z rakiem pecherza
moczowego; wykluczono 3 prébki od pacjentow z PUNLMP i 2 probki od pacjentéw z guzem
mieszanym HG + LG. Ostatecznie wykorzystano 41 ekstraktow surowicy od pacjentéw z
rakiem HG i 54 prébki od pacjentéw z rakiem LG. Zaréwno analiza PCA jak i OPLS-DA
wykazaly niewielka, ale statystycznie istotng separacje pomiedzy grupami LG vs. HG.
Nastepnie zidentyfikowano 15 nastepujgcych metabolitdw przyczyniajgcych sie do tej
niewielkiej separacji: leucyna, histydyna, alanina, 3-metylo-2-oksowalerianian, tyrozyna,
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fenyloalanina, cholina, tryptofan, hipoksantyna, asparagina, walina, prolina, treonina,
2-hydroksymaslan i glutamina. Dalsza analiza ROC dla kazdego metabolitu z osobna
pozwolita na selekcje 5 (leucyna, histydyna, alanina, 3-metylo-2-oksowalerianian i tyrozyna)
o wartosciach AUC wiekszej niz 0,74. Nastepnie wyliczono AUC dla modelu opartego na
pofgczeniu 5 wyselekcjonowanych metabolitow, ktére wynosito 0,775.

Przeanalizowano réwniez réznice w profilach metabolicznych w zaleznosci od stopnia
zaawansowania klinicznego z zastosowaniem NMR. Uwzgledniono tgcznie 88 prébek od
pacjentow z rakiem nienaciekajgcym miesniowki - NMIBC (pTa/pT1) i 12 probek od
pacjentéw z rakiem naciekajgcym miesniéwke - MIBC (pT2). Wykresy PCA i OPLS-DA
wykazaly niewielka ale statystycznie istothg separacje miedzy pTa/pT1 a pT2 BC.
Wyselekcjonowano 12 metabolitow istotnych w réznicowaniu miedzy stopniami
zaawansowania raka pTa/pT1 i pT2: histydyna, alanina, tryptofan, glutamina, glicyna,
metylohistydyna, cholina, izomaslan, treonina, fenyloalanina, leucyna i
3-metylo-2-oksowalerianian. Wszystkie miaty wyzsze stezenia w surowicach pTa/pT1.
Dalsza analiza krzywej ROC pozwolita na zawezenie listy do 9 metabolitéw (histydyna,
alanina, tryptofan, glutamina, glicyna, metylohistydyna, cholina, izomaslan i treonina), ktére
wykazaty najwiekszg zdolno$¢ dyskryminacyjng (AUC wieksze niz 0,75). Nastepnie
obliczono nowe AUC dla tego udoskonalonego modelu (ktéry teraz uwzgledniat tylko te 9
metabolitéw) - wynosito 0,844. Nie stwierdzono istotnych statystycznie réznic w profilu
metabolicznym pomiedzy surowicami pTa vs. pT1 vs. pT2.

Dalsza analiza obejmowata badanie z zastosowaniem ICP-OES 116 prébek surowicy - 65
surowic nowotworowych i 51 kontrolnych. Okreslono stezenie fgcznie dla 12 pierwiastkdw.
Dane z analizy surowicy zostaty podzielone losowo na dwa zestawy: treningowy (42
surowice kontrolne i 52 surowice nowotworowe) oraz walidacyjny (10 surowic kontrolnych i
13 surowic nowotworowych). Wykres PCA ujawnit tendencje do oddzielania obu grup w
zestawie treningowym. Z kolei analiza OPLS-DA pozwolita na nieco lepsze zréznicowanie
miedzy pacjentami z rakiem a osobami kontrolnymi. Trzy pierwiastki - Cu, Fe, Li - wyroznity
sie w rozréznianiu grup badawczych. Po przeprowadzeniu walidacji modelu, tylko Cu i Fe
zostaty uznane za znaczgce dyskryminatory obu grup. Wykres S analizy OPLS-DA dla
zestawu treningowego pokazat, ze Fe byt ujemnie skorelowany z rozdzielaniem grup
(P(corr)[1] <0,5), co wskazuje na znacznie wyzsze stezenie tego pierwiastka w surowicy
pacjentow z BC w poréwnaniu z grupg kontrolng. Li natomiast wykazat dodatnig korelacje z
rozdzielaniem grup (P(corr)[1] >0,5), co sugeruje wyzsze stezenie tego pierwiastka w
prébkach surowicy oséb kontrolnych. Analiza ROC wskazata Fe jako najbardziej znaczacy
pierwiastek, z wartoscig AUC wynoszgcg 0,850, czutoscig 0,8 i swoistoscig 0,8. Dla Li
warto$¢ AUC wyniosta 0,710, czutos¢ - 0,8, a swoistos¢ - 0,6. Wydajnos¢ modelu ICP-OES
w rozréznianiu prébek rakowych od kontrolnych oceniono na podstawie tych dwéch
wybranych pierwiastkow (Fe i Li). Model wykazat wartos¢ AUC wynoszacg 0,807, co
sugeruje dobrg moc dyskryminacyjng miedzy grupg BC i NC.

Analize surowicy z zastosowaniem LDI-MS przeprowadzono na 100 surowicach
nowotworowych i 100 surowicach kontrolnych. W tym celu zastosowano dwie metody
analityczne: PFL-2D GS LASIS AuNPs LDI-MS i PFL-2D GS LASIS "®“AgNPs LDI-MS, co
pozwolito na identyfikacje odpowiednio 335 i 650 wartosci m/z. Zebrane dane poddano
analizie statystycznej, dzielgc je na dwa podzbiory: treningowy, zawierajacy 160 probek (80
od 0s6b z rozpoznanym rakiem pecherza moczowego (BC), 80 od oséb zdrowych (NC)),
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oraz walidacyjny skfadajacy sie z 40 probek (20 BC i 20 NC). Zastosowanie metod 2D-PCA i
OPLS-DA dla danych uzyskanych za pomocg analizy '®®AgNPs LDI-MS pozwolito na
wyrazne rozroznienie miedzy probkami surowicy od 0sob z rozpoznanym rakiem pecherza
moczowego i grupy kontrolnej w obu podzbiorach. Udato sie zidentyfikowa¢ 216 wspdlnych
cech m/z. Sposréd nich 96 wartosci m/z byto obecnych w wiekszej ilosci w surowicy
pacjentow z BC, natomiast 119 cech prezentowato odwrotng tendencje. Co istotne,
pofgczenie wartosci m/z okazato sie lepszym dyskryminatorem pomiedzy grupami BC i NC
(AUC >0.99) niz niezalezna ocena kazdej cechy m/z (AUC >0,73). Nastepnie,
zidentyfikowane cechy widma masowego poréwnano z bazami danych metabolitéw, co
umozliwito domniemang identyfikacje 17 naturalnie wystepujgcych w organizmie cztowieka
metabolitéw. Podobne wyniki przyniosta analiza danych uzyskanych za pomocg techniki
PFL-2D GS LASIS AuNPs LDI-MS. W tym przypadku réwniez zaobserwowano wyrazne
réznice miedzy surowicg od oséb z rozpoznanym rakiem pecherza moczowego a surowicg
od 0s6b zdrowych przy zastosowaniu analizy PCA i OPLS-DA. Analiza pozwolita na
identyfikacje 172 wspdlnych cech. Sposrdd nich 44 wartosci m/z byty obecne w wiekszej
ilosci w surowicy od 0s6b z rozpoznanym rakiem pecherza moczowego, podczas gdy 128
cech prezentowato odwrotng tendencje. Tak jak w poprzednim przypadku, bardziej
efektywne okazato sie wykorzystanie potgczonej oceny cech widma masowego (AUC
>0.99), w poréwnaniu z wartosciami AUC pojedynczych metabolitow. Kolejno
zidentyfikowane cechy widma masowego poréwnano z bazami danych metabolitéw, co
umozliwito identyfikacje 8 metabolitéw wystepujgcych w organizmie cztowieka.
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4.3 Analiza metabolomiczna moczu

Untargeted urinary metabolomics for bladder cancer biomarker screening with
ultrahigh-resolution mass spectrometry. Scientific Reports, 2023.

J. Niziot, K. Ossolinski, A. Ptaza-Altamer, A. Kotodziej, A. Ossolinska, T. OssoliAski, A.
Nieczaj, T. Ruman

Badanie miato na celu analize metabolomiczng moczu na potrzby poszukiwania
potencjalnych biomarkeréw raka pecherza moczowego. Do analizy uzyto spektrometrii mas
o ultraOwysokiej rozdzielczosci (UHRMS) w potgczeniu z ultra-wysokosprawng
chromatografig cieczowg (UHPLC) na prébkach moczu pobranych od 100 chorych na raka
pecherza moczowego (BC) oraz 100 osdb z grupy kontrolnej (NC), uwzgledniajgc stopien
zaawansowania klinicznego i stopien ztosliwosci histopatologicznej. Prébki moczu
podzielono na dwie czesci: zestaw treningowy zawierajgcy 70% wszystkich prébek oraz
zestaw walidacyjny z pozostatymi 30%. Metaboliczne profilowanie moczu wykonano
oddzielnie dla obu zestawow. Zestaw treningowy postuzyt do wykrycia biomarkeréw
diagnostycznych w moczu, natomiast zestaw walidacyjny wykorzystano do niezaleznego
potwierdzenia skutecznosci wykrytych biomarkerow.

Analiza spektrometryczna wykazata fgcznie 2969 wartosci m/z (metabolitow) w
treningowym i walidacyjnym zbiorze danych. Analiza PCA wykazata dobrg separacje miedzy
pacjentami z rakiem a grupg kontrolng bazujgc na réznych profilach metabolitow.
Nadzorowana analiza wielowymiarowa z wykorzystaniem OPLS-DA dodatkowo podkreslita
réznice metaboliczne miedzy grupami BC i kontrolnymi. Kolejne testy permutacyjne
potwierdzity doktadno$¢ modelu OPLS-DA. Nastepnie przeprowadzono analize ROC,
zaréwno na zestawach treningowych, jak i walidacyjnych, aby ocenié¢ zdolnosc¢
diagnostyczng modeli. Powierzchnia pod krzywg ROC (AUC) zostata wykorzystana do
analizy czuto$ci i swoistosci biomarkeréw. Na podstawie wartosci AUC >0,7 w potgczeniu z
VIP >1 z modelu OPLS-DA i niezaleznych testéw t (wartos¢ p i FDR <0,05), wybrano 464
zmienne w zbiorze treningowym i 548 zmiennych w zbiorze walidacyjnym, ktére uznano za
istotne.

Nastepnie wyselekcjonowano wspélny zestaw 51 wartosci m/z, z czego 20 udato sie
przyporzgdkowac okreslonym zwigzkom chemicznym. 5 z 51 wybranych metabolitéw
wykazywato bardzo wysokie wartosci AUC (>0,9), co wskazuje na doskonatg zdolnos¢
dyskryminacyjng miedzy prébkami moczu pochodzgcego od pacjentéw z nowotworem i
kontrolnych. Potgczenie metabolitéw z zestawu treningowego i walidacyjnego $wietnie
roznicuje pomiedzy grupami BC vs. NC, z AUC > 0,979.

Dodatkowe analizy PCA i OPLS DA zostaty wykonane na zbiorach danych treningowych (70
NC, 30 pacjentow z HG i 38 pacjentéw z LG) oraz walidacyjnych (30 NC, 12 pacjentow z HG
i 17 pacjentow z LG). Miaty na celu zweryfikowanie, czy badanie metabolomiczne prébek
moczu mogtoby stuzy¢ do rozrézniania stopni ztosliwosci histopatologicznej. Z analizy
wytaczono pacjentéw z PLUMP z powodu ich niewielkiej liczebnosci. W ramach zestawow
treningowych i walidacyjnych, wykresy wynikéw PCA i OPLS-DA ujawnity wyrazng separacje
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pomiedzy grupami kontrolnymi a grupami nowotworowymi o réznym stopniu ztosliwosci
histopatologicznej (LG vs. NC i HG vs. NC). Kolejne testy permutacyjne potwierdzity
doktadno$¢ modelu OPLS-DA. Niemniej jednak na wykresie PCA nie zaobserwowano
znaczacych réoznic pomiedzy pacjentami z LG vs. HG. W modelu OPLS-DA
poréownujgcym LG BC z NC, uznano 26 wykrytych zwigzkéw chemicznych za znaczgce (VIP
>1, wartos¢ p <0,05) zarbwno w zestawie treningowym, jak i walidacyjnym, za$ do analizy
poréwnujacej HG BC z NC wyselekcjonowano 63 zwigzki spetniajgce te kryteria. 2 z 26
metabolitéw w modelu LG vs. NC i 13 z 63 w modelu HG vs. NC miaty warto$ci AUC
powyzej 0,9.

Aby zidentyfikowac réznice pomiedzy stopniami zaawansowania klinicznego raka pecherza
moczowego, stworzono modele PCA i OPLS-DA. 68 préobek moczu od pacjentéow z pTa BC
podzielono na grupy treningowe (70 NC, 47 pTa BC) i walidacyjne (30 NC, 21 pTa BC). 19
probek moczu od pacjentéw z pT1 BC réwniez podzielono na grupy treningowe (70 NC, 15
pT1 BC) i walidacyjne (30 NC, 5 pT1 BC). W przypadku stadium pT2 BC ze wzgledu na
matg liczbe prébek przeprowadzono analize bez podziatu grupy treningowe i walidacyjne (30
NC, 12 pT2 BC). Wykresy wynikéw PCA i OPLS-DA wykazaty wyrazng separacje miedzy
NC a poszczegolnymi stadiami BC (pTa vs. NC, pT1 vs. NC, i pT2 vs. NC). Testy permutac;ji
potwierdzity duze zréznicowanie profili metabolitéw miedzy tymi grupami. Skutecznosé
trzech modeli w réznicowaniu pomiedzy stopniami zaawansowania klinicznego pTa, pT1 i
pT2 oraz NC oceniono za pomocg analizy krzywej ROC. Opierajgc sie na kryteriach odciecia
(FC >2lub <0,5, VIP >1; AUC >0.7, warto$¢ p i FDR <0,05) wyselekcjonowano kolejno 19,
68 i 81 zwigzkéw chemicznych, ktore najlepiej rozrézniaty prébki moczu pomiedzy stadiami
pTa BC vs. NC, pT1 BC vs. NC i pT2 BC vs. NC. Poréwnanie trzech stopni
zaawansowania nowotworu pomiedzy sobg (pT1 vs. pTa vs. pT2) nie wykazato
istotnych réznic statystycznych.

Targeted and untargeted urinary metabolic profiling of bladder cancer. Journal of
Pharmaceutical and Biomedical Analysis, 2023

K. Ossolinski, T. Ruman, V. Copié, B.P. Tripet, A. Kotodziej, A. Ptaza-Altamer, A.
Ossolinska, T. Ossolinski, A. Nieczaj, J. Niziot

W niniejszej pracy zbadano profile metabolitéw 200 probek moczu uzyskanych od 100
pacjentek z rakiem pecherza moczowego (BC) i 100 zdrowych os6b (NC), z wykorzystaniem
celowanego i niecelowanego podejscia profilowania metabolomicznego. Zastosowane
techniki analityczne obejmowaty wysokiej rozdzielczosci 'H NMR oraz spektrometrie mas
opartg na nanoczgstkach ziota i srebra generowanych laserowo (PFL-2D GS LASIiS AuNPs
LDI-MS oraz PFL-2D GS LASIS "AgNPs LDI-MS). Do analizy statystycznej danych NMR
wykorzystano 99 prébek moczu. W przypadku jednej prébki nie mozna byto uzyskaé
odpowiednio wysokiej jakosci widm NMR. Probki moczu zostaty podzielone na dwie grupy,
zestaw treningowy, obejmujacy n = 70 prébek BC i NC oraz zestaw walidacyjny obejmujgcy
pozostate n=30 BC i NC. Profilowanie metaboliczne surowicy przeprowadzono niezaleznie
na obu zestawach danych. Zbiér treningowy zostat wykorzystany do identyfikacji markerow
diagnostycznych w moczu. Zbiér walidacyjny postuzyt niezaleznej walidacji skuteczno$ci
diagnostycznej biomarkerow.
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Analiza probek moczu z zastosowaniem 'H NMR o wysokiej rozdzielczosci pozwolita na
zidentyfikowanie 39 metabolitéw, ktére wykazywaty znaczgce réznice w stezeniach miedzy
probkami BC i NC. Zebrane dane NMR podzielono na podzbiory treningowe i walidacyjne w
celu skutecznej budowy i weryfikacji modelu. Analiza gtéwnych sktadowych (PCA) obu
zestawow danych wykazata wyrazng separacje miedzy grupami BC i NC. Nastepnie
przeprowadzono analize OPLS-DA na potrzeby zbadania zakresu réznic metabolicznych
miedzy grupami BC i NC, w wyniku ktorej uzyskano znaczgca separacje grup w obu
zestawach danych. Analiza krzywej ROC wraz z okresleniem VIP zostata przeprowadzona
na obu zestawach w celu oceny skutecznosci diagnostycznej modeli OPLS-DA.
Wyselekcjonowano odpowiednio 15 i 16 metabolitow w zestawie treningowym i
walidacyjnym na podstawie potgczonej analizy wynikow VIP (> 1,), testéw t (wartosci p i
FDR <0,05) oraz analizy powierzchni pod krzywg ROC (AUC >0,7). 12 z nich powtarzato sie
w obydwu zestawach. Ostatecznie 5 metabolitéw zostato zidentyfikowanych jako istotne na
podstawie parametru FC >2 lub <0,5 (trygonelina, hipuran, mocznik, mannitol i
4-hydroksyfenylooctan). Potencjat diagnostyczny tych 5 metabolitdw oceniono za pomocg
analiz krzywej ROC i modelowania random forest, ktére wykazaty wysoki potencjat
dyskryminacji (AUC >0,828) miedzy dwiema grupami w obydwu zestawach danych.
Najbardziej obiecujgce wyniki zaobserwowano dla trygoneliny, mocznika, mannitolu i
4-hydroksyfenylooctanu, z ktorych wszystkie osiggnety wartosci AUC wieksze niz 0,8.

Celem identyfikacji metabolitow rozrézniajgcych pomiedzy stopniem ztosliwosci
histopatologicznej zastosowano analize statystyczng, ktéra obejmowata PCA, OPLS-DA i
jednokierunkowe analizy ANOVA zaréwno na zestawach danych treningowych, jak i
walidacyjnych. Pula probek sktadata sie z 95 prébek moczu od pacjentow z rakiem o
wysokim stopniu ztosliwosci (HG) i niskim stopniu ztosliwosci (LG), z wytgczeniem prébek od
pacjentéw z brodawkowatym nowotworem urotelialnym o niskim potencjale ztosliwosci
(PUNLMP). Zbiory danych treningowych i walidacyjnych zostaty wykorzystane odpowiednio
do trenowania i walidacji modelu PCA. Zestaw treningowy skfadat sie z 29 prébek HG, 36
LG i 69 NC, podczas gdy zestaw walidacyjny zawierat 11 prébek HG, 18 prébek LG i 30 NC.
Zaréwno w zestawie treningowym, jak i walidacyjnym, wykresy wynikéw PCA i OPLS-DA
wykazaty separacje miedzy grupami kontrolnymi i nowotworowymi (LG BC vs. NC i HG BC
vs. NC). Rozréznienie pomiedzy LG vs HG na wykresie PCA bylo jedynie marginalne
(nieistotne statystycznie). Trzy metabolity, a mianowicie trygonelina, hipuran i mannitol,
okazaty sie statystycznie istotne (VIP > 1, wartos¢ p, FDR 0,05, FC <0,5 lub >2, AUC >0,7)
w modelu OPLS-DA dla grup LG BC vs. NC oraz HG BC vs. NC, zarbwno w zestawie
treningowym jak i walidacyjnym. Chociaz nienadzorowana analiza PCA nie zdotata rozroznié
grup na podstawie réznych stopni ztosliwos$ci histopatologicznej (LG vs. BC), z
powodzeniem rozrdzniata nowotworowe i kontrolne prébki moczu.

Nastepna analiza z zastosowaniem NMR postuzyta do proby identyfikacji metabolitow
rozrozniajgcych pomiedzy stopniami zaawansowania klinicznego. W tym, celu zastosowano
analize statystyczng, ktora obejmowata PCA, OPLS-DA i jednokierunkowe analizy ANOVA
zaréwno na zestawach danych treningowych, jak i walidacyjnych.
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Zbidr danych obejmowat probki moczu od 87 pacjentow z nieinwazyjnym rakiem pecherza
moczowego - NMIBC (pTa i pT1) oraz 12 pacjentdw z naciekajgcym miesniéwke rakiem
pecherza moczowego - MIBC (pT2). Zostaly one podzielone na zestaw treningowy (n=48
pTa i n=69 NC) i zestaw walidacyjny (n=20 pTa i n=30 NC). Ze wzgledu na ograniczong
liczbe probek w przypadku stadiéw pT1 (n=34) i pT2 (n=12) analiza przeprowadzono jako
jeden zestaw, bez podziatu na treningowy i walidacyjny. Wykresy wynikow PCA i OPLS-DA
wykazaty dobrg separacje miedzy préobkami kontrolnymi (NC) a réznymi stadiami BC (pTa
vs. NC, pT1 vs. NC i pT2 vs. NC). Analiza krzywej ROC dodatkowo potwierdzita
skutecznos¢ modeli w rozréznianiu stadiéw pTa, pT1i pT2 BC i NC. Bazujac na ustalonych
kryteriach odciecia (FC >2 lub <0,5, VIP >1; AUC 0,7, wartos¢ p i FDR <0,05),
wyselekcjonowano metabolity majgce najwieksze znaczenie dla rozréznienia miedzy
grupami pTa BC vs. NC (6 metabolitéw), pT1 BC vs. NC (10 metabolitéw) oraz pT2 BC vs.
NC (7 metabolitow). W badaniu nie stwierdzono jednak statystycznie istotnych réznic
we wzorcach metabolitow, ktére moglyby odrézni¢ miedzy sobg trzy stopnie
zaawansowania klinicznego (pT1 vs. pTa vs. pT2).

Analiza metabolomiczna probek moczu z zastosowaniem LDI-MS obejmowata metody
PFL-2D GS LASIS AuNPs i PFL-2D GS LASIS "“AgNPs LDI-MS. Do analizy wykorzystano
200 probek moczu. tgcznie uzyskano 690 cech MS roznicujgcych grupy. Zbior danych
zostat podzielony na zestaw treningowy (n=70 BC i n=70 NC) i zestaw walidacyjny (n=30 BC
i n=30 NC). Zaréwno analizy PCA, jak i OPLS-DA doprowadzity do wyraznej separacji
miedzy grupg z rakiem pecherza moczowego a grupg kontrolng na podstawie ich profili
metabolitdw w moczu. Aby zidentyfikowac najbardziej dyskryminujgce cechy widma
masowego miedzy grupami BC i NC, wybrano metabolity charakteryzujgce sie wartoscig VIP
>1 z modelu OPLS-DA.

e Analiza PFL-2D GS LASIS "®AgNPs LDI-MS

Zidentyfikowano 74 cechy widma masowego (m/z) wspdélne dla zbioréw danych
treningowych i walidacyjnych, ktére spetniaty okreslone kryteria (wartos¢ VIP >1, wartos¢ p
<0,05, FC <0,5 lub >1,8 oraz AUC >0,7). Dalszg analize eksploracyjng ROC, opartg na
algorytmie random forest, przeprowadzono w celu zidentyfikowania najbardziej
dyskryminujgcych cech spektralnych m/z miedzy grupami BC i kontrolnymi. 50-cechowy
panel w zestawie treningowym i 100-cechowy panel w zestawie walidacyjnym wykazaty
doskonalg site dyskryminacji (AUC >0,97).

e Analiza PFL-2D GS LASIS PFL-2D GS LASIS AuNPs
W analizie obu podzbioréw (treningowyego i walidacyjnego) znaleziono 98 wspdélnych cech z
wynikami VIP >1,, wartoscig p <0,05, FC <0,5 lub >1,8 i AUC >0,7. Sposrad nich, 49 byto
bardziej obfitych w probkach moczu pacjentéw z rakiem pecherza moczowego, a 49 cech
wykazywato odwrotng tendencje. Identyfikacje przypuszczalnych zwigzkéw wybranych cech
widma masowego przeprowadzono poprzez porownanie obserwowanych cech widmowych
ze zwigzkami obecnymi w bazach danych metabolitéw. 25cech widma masowego
przypisano do metabolitéw wystepujgcych u ludzi.
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Podsumowanie i wnioski

Badanie pt. "Metabolomiczna analiza tkanki, surowicy i moczu w poszukiwaniu
potencjalnych biomarkeréw raka pecherza moczowego" miato na celu identyfikacje
biomarkeréw raka pecherza moczowego poprzez przeprowadzenie kompleksowego
profilowania metabolomicznego prébek surowicy, moczu i tkanek. Wedtug wiedzy autora jest
to jedyne badanie tgczgce analize zaréwno wszystkich dostepnych probek biologicznych jak
i wszystkie dostepne metody analizy stosowanej w metabolomice. Obejmowato ono
zaawansowane techniki, takie jak spektrometra mas, NMR do analizy profilu
metabolomicznego raka pecherza moczowego i rzadko stosowana metoda ICP-OES do
analizy profilu elementomicznego. Badanie wykazato odmienne profile metabolomiczne
pomiedzy pacjentami z rakiem pecherza moczowego a grupg kontrolng. Zidentyfikowano
metabolity, ktére na podstawie analizy statystycznej wykazujg potencjat jako mozliwe
biomarkery diagnostyczne raka pecherza moczowego.

Wyniki badania torujg droge do lepszego zrozumienia zmian metabolicznych zwigzanych z
rakiem pecherza moczowego. Zidentyfikowane metabolity stanowig obiecujgcy kierunek
rozwoju nieinwazyjnych narzedzi diagnostycznych i prognostycznych moggcych poprawic
wczesne wykrywanie raka pecherza moczowego i wyniki jego leczenia. Konieczne sg jednak
dalsze badania walidacyjne w celu potwierdzenia tych ustalen w wiekszych i bardziej
zréznicowanych kohortach pacjentéw.

Mocne strony badania:

- Kompleksowe podejscie. W badaniu zastosowano kompleksowe podejscie
metabolomiczne i elementomiczne, badajgc probki surowicy, moczu i tkanek,
zapewniajgc w ten sposdb cato$ciowy obraz zmian metabolicznych zachodzgcych w
raku pecherza moczowego.

- Zaawansowane techniki. Zastosowanie zaawansowanych technik analitycznych (MS,
NMR i ICP-OES) utatwito wykrycie i identyfikacje szerokiego zakresu metabolitow,
zwiekszajgc szanse na znalezienie potencjalnych biomarkeréw.

- Analiza sciezek. Analiza zmienionych szlakow metabolicznych, a nie tylko
poszczegdlnych metabolitow, zapewnia glebsze zrozumienie mechanizmu choroby i
moze pomoc w opracowaniu ukierunkowanych terapii.

- Potencjat dla testow nieinwazyjnych. Biorgc pod uwage charakter zidentyfikowanych
biomarkerdw, istnieje mozliwos¢ opracowania nieinwazyjnych testow do
diagnozowania i monitorowania raka pecherza moczowego, co moze poprawi¢
doktadno$¢ diagnostyczng, obnizyé koszty diagnostyki i monitorowania pacjentéw z
rakiem pecherza moczowego, jednoczesnie zwiekszajgc komfort i przestrzeganie
zalecen przez pacjentéw.
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W publikacji pt. “Monoisotopic silver nanoparticles-based mass spectrometry imaging
of human bladder cancer tissue: Biomarker discovery” przeanalizowano fragmenty
tkanek pochodzace od pacjentéw z rakiem pecherza moczowego. Poza zidentyfikowaniem
poszczegodlnych metabolitdw rozrézniajgcych tkanke nowotworowsg i kontrolng
przeanalizowano dodatkowo szlaki metaboliczne, w ktérych wystepuja, oraz okreslono ich
zwigzek z nowotworzeniem. Analiza ujawnita wyrazne r6znice miedzy nowotworowg a
prawidtowg tkankg pecherza moczowego, wskazujgc na potencjat tych metabolitéw jako
markeréw diagnostycznych raka pecherza moczowego. Lipidy odegraty znaczgca role wsréd
zidentyfikowanych biomarkeréw, odzwierciedlajgc ich zaangazowanie w rézne procesy
komoérkowe oraz podkres$lajgc znaczenie w metabolizmie nowotworéw i szlakach
sygnatowych. Aminokwasy, takie jak glicyna i glutamina, wykazywaty obnizone poziomy w
tkance nowotworowej, co sugeruje ich potencjat jako wskaznikéw metabolizmu guza
poprzez zwiekszone zapotrzebowanie w procesie proliferacji komoérek nowotworowych. Inne
metabolity z r6znych klas chemicznych, w tym aldehydy, osmoprotektanty i zwigzki
organiczne, zostaty rowniez zidentyfikowane jako potencjalne biomarkery. Integracja
wielowymiarowej analizy statystycznej pozwolita na kompleksowg ocene potencjatu
diagnostycznego zidentyfikowanych metabolitéw. Wykazano réwniez, ze wartos¢ AUC dla
grupy metabolitow jest wyzsza niz kazdego z nich oddzielnie, wskazujgc na znaczenie
uwzglednienia grupy metabolitéw celem poprawy ich doktadnosci diagnostycznej. Wysokie
wartosci AUC uzyskane z analizy ROC sygnalizujg na potencjalng uzytecznos¢ kliniczng
tych metabolitdéw jako narzedzi diagnostycznych w przypadku raka pecherza moczowego,
majacych potencjat chocby do wspomagania analizy histopatologicznej - zastosowanie
metody obrazowania LDI-MSI pozwolito na graficzne zobrazowanie w przestrzeni
dwuwymiarowej rozktadu poszczegolnych metabolitow.

W publikacjach pt. “Untargeted ultra-high-resolution mass spectrometry metabolomic
profiling of blood serum in bladder cancer.” oraz “Metabolomic and elemental
profiling of blood serum in bladder cancer.” przeanalizowano surowice pochodzgce od
pacjentéw z rakiem pecherza moczowego oraz surowice kontrolne. W pierwszej publikaciji
zastosowano ultra-wysokowydajng chromatografie cieczowg (UHPLC) potgczong z
ultra-wysokorozdzielczg spektrometrig mas (UHRMS) do niecelowanego profilowania
metabolomicznego 200 prébek ludzkiej surowicy, aby zidentyfikowac sygnatury
biochemiczne réznicujgce raka pecherza moczowego od surowic kontrolnych. Jedno- i
wielozmiennowe analizy statystyczne z zewnetrzng walidacjg wykazaty 27 metabolitow
réznicujgcych surowice pochodzgce od pacjentéw z rakiem pecherza i kontrolne. Obfitos$¢
tych metabolitow wykazywata istotne réznice statystyczne w dwéch niezaleznych zestawach
szkoleniowych i walidacyjnych. Zidentyfikowano rowniez 23 metabolity réznicujgce surowice
pochodzgce od pacjentéw z rakiem o niskim i wysokim stopniu ztosliwosci histopatologicznej
w poréwnaniu z surowicami kontrolnymi. 37 metabolitdbw w surowicy réznicowato odmienne
stadia zaawansowania klinicznego BC w poréwnaniu z surowicami kontrolnymi. Nie
stwierdzono jednak statystycznie istotnych réznic w profilach metabolicznych w analizie
poréwnawczej pomiedzy poszczegdlnymi stopniami ztosliwosci histopatologicznej i
zaawansowania klinicznego. Poza zidentyfikowaniem poszczegdélnych metabolitéw
przeanalizowano réwniez szlaki metaboliczne, w ktérych dane zwigzki wystepujg, oraz
okreslono ich korelacje z nowotworzeniem. Wyniki sugerujg, ze pomiar metabolitow w
surowicy z zastosowaniem spektrometrii moze zapewni¢ doktadng i mato inwazyjng metode
diagnostyczng do wykrywania raka pecherza moczowego.
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W publikacji pt. “Metabolomic and elemental profiling of blood serum in bladder
cancer” wykazano, ze kompleksowy zestaw narzedzi obejmujgcy NMR o wysokiej
rozdzielczosci, ICP-OES i LDI-MS w potfgczeniu z wielowymiarowg analizg statystyczng jest
poteznym narzedziem do analizy zmian metabolomicznych i elementomicznych
zachodzgcych w raku pecherza moczowego. W kontekscie identyfikacji biomarkeréow za
pomocg spektroskopii '"H NMR, zidentyfikowano 4 potencjalne biomarkery metaboliczne,
ktére wykazaty potencjat predykcyjny z AUC >0,999 do rozrézniania surowicy nowotworowej
z kontrolng. Zaobserwowano réwniez, ze stezenia zelaza i litu réznity sie znaczgco w
surowicy zdrowych os6b w poréwnaniu z pacjentami z rakiem pecherza moczowego. Co
wiecej, wyniki LDI-MS ujawnity 22 zwigzki, gtdéwnie (glikosfingo)lipidy, ktére moga
réznicowac probki nowotworowe i kontrolne. Wyselekcjonowano 5 metabolitéw, ktére mogag
potencjalnie stuzy¢ jako biomarkery do rozrézniania raka pecherza moczowego o niskim
stopniu ztosliwosci (LG) i raka pecherza moczowego o wysokim stopniu ztosliwosci (HG), a
takze 9 metabolitéw, ktdére mogg pomdc w rozréznieniu stadidw zaawansowania choroby
pTa/pT1 (NMIBC) i pT2 (MIBC). Nie stwierdzono jednak istotnych statystycznie réznic w
profilu metabolicznym pomiedzy surowicami pTa vs. pT1 vs. pT2. Wyniki te podkreslaja
znaczenie zroéznicowanych profili metabolitdbw w surowicy nie tylko w procesie rozrézniania
surowicy od pacjentéw z rakiem pecherza moczowego (BC) od surowicy zdrowych osob
(NC), ale takze w kontekscie zdolnosci do rozrézniania pomiedzy rakiem NMIBC i MIBC
oraz rozréznieniem pomiedzy stopniami ztosliwosci histopatologicznej. Poza
zidentyfikowaniem poszczegolnych metabolitéw, przeanalizowano szlaki metaboliczne w
ktérych wystepujg oraz okreslono ich zwigzek z nowotworzeniem. Badanie wykazato tez, ze
warto$¢ predykcyjna dla potgczonych profili metabolitow jest wyzsza w poréwnaniu z
pojedynczymi zwigzkami.

W publikacjach pt. “Untargeted urinary metabolomics for bladder cancer biomarker
screening with ultrahigh-resolution mass spectrometry” oraz “Targeted and untargeted
urinary metabolic profiling of bladder cancer” przeanalizowano prébki moczu
pochodzgce od pacjentdw z rakiem pecherza moczowego oraz prébki moczu kontrolne. W
pierwszej publikacji zastosowano spektrometrie mas o ultra-wysokiej rozdzielczosci w
doktadnej identyfikacji réznic w metabolomie moczu pacjentéw z rakiem pecherza
moczowego (BC). Zidentyfikowano liczne metabolity, ktére mogg potencjalnie w sposdb
bezinwazyjny réznicowaé prébki moczu pacjentdw z rakiem pecherza moczowego od prébek
moczu 0sob zdrowych. Poza wskazaniem poszczegdlnych metabolitéw, przeanalizowano
szlaki metaboliczne w ktérych wystepujg. Nie udato sie jednak zidentyfikowa¢ metabolitow,
réznicujgcych probki moczu pomiedzy odmiennymi stopniami zaawansowania klinicznego i
stopniami ztosliwosci histopatologicznej. Odkrycia te mogg odegra¢ znaczgca role w
opracowaniu prostych, nieinwazyjnych i wysoce czutych testow diagnostycznych zdolnych
do wykrywania raka pecherza moczowego.

W publikacji pt. “Targeted and untargeted urinary metabolic profiling of bladder cancer”
zastosowano zaawansowane techniki analityczne, takie jak NMR o wysokiej rozdzielczosci i
LDI-MS do analizy profilu metabolomicznego moczu u pacjentéw z rakiem pecherza
moczowego. Podejscie to doprowadzito do wykrycia 5 potencjalnych biomarkeréw raka
pecherza moczowego - 4-hydroksyfenylooctan, hipuran, mannitol, trygonelina i mocznik.
Metabolity te tgcznie wykazywaty doskonatg zdolnos¢ predykcyjng do rozrézniania miedzy
moczem pochodzgcym od pacjentdw z rakiem pecherza moczowego i kontrolnych, z
wartosciami AUC przekraczajgcymi 0,82. Dzieki zastosowaniu technik LDI-MS
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zidentyfikowano szereg dodatkowych zwigzkdw tj. zwigzki aromatyczne, aminokwasy oraz
kwasy karboksylowe i ich pochodne. Poza ujawnieniem poszczegdolnych metabolitéw,
przeanalizowano szlaki metaboliczne w ktérych wystepuja. Nie zidentyfikowano metabolitow
réznicujgcych moczy pochodzgcych od pacjentow z réznymi stopniami zaawansowania
klinicznego i stopniami ztosliwosci histopatologicznej. Zbierajgc powyzsze w badaniu
wykazano, ze identyfikacja zmian metabolicznych w moczu moze utorowac droge do
opracowania nieinwazyjnej metody diagnostycznej do diagnozowania oraz monitorowania
leczenia pacjentéw z rakiem pecherza moczowego.

Podsumowujgc, wszystkie gtéwne i poboczne cele badawcze zostaty zrealizowane. Jednym
z ograniczen badania jest stosunkowo mata grupa badawcza (12 pacjentéw) z rakiem
pecherza moczowego naciekajgcego miesniowke (MIBC), co moze sie przektadac na niska
istotnosc¢ statystyczng wynikéw poréwnujgcych grupy pTa/pT1 (NMIBC) vs. MIBC (pT2). W
planowaniu kolejnych badan ten element musi by¢ uwzgledniony. Dodatkowo zdefiniowano
inne ograniczenia badania, ktére rowniez nalezy uwzgledni¢ w dalszych badaniach:

- Walidacja wynikéw. Biomarkery zidentyfikowane w tym badaniu wymagajg walidaciji
w wiekszych, niezaleznych kohortach, a ich uzytecznos$¢ kliniczna musi zosta¢
oceniona w prospektywnych badaniach klinicznych, zanim zostang one przyjete do
praktyki klinicznej.

- Potrzeba badan prospektywnych. Chociaz niniejsze badanie dostarcza istotnych
informaciji na temat potencjalnych biomarkeréw raka pecherza moczowego, wyniki te
sg zasadniczo wstepne. Zidentyfikowane potencjalne biomarkery wymagajg dalszej
walidacji w wigkszych i bardziej zréznicowanych populacjach pacjentow. Co wiecej,
skutecznosc kliniczna tych biomarkerow musi zostaé oceniona w badaniach
prospektywnych, zanim zostang one wtgczone do praktyki klinicznej. Konieczne jest
wykazanie ich warto$ci w stosunku do istniejgcych metod diagnostycznych i
prognostycznych poprzez badania porownujgce réozne metody.

- Potrzeba specjalistycznego sprzetu. Podczas gdy spektrometry mas stosowane sg
przez liczne laboratoria w Polsce i na $wiecie do mikrobiologii i toksykologii
wdrozenie mozliwosci identyfikacji poszczegdlnych biomarkerow wymagatoby
opracowania ustandaryzowanych wzorcow do ich identyfikacji i kwantyfikacji.
Spektroskopy jadrowego rezonansu magnetycznego to narzedzia bardzo drogie
stuzgcae jak na razie tylko do celéw badawczych i naukowych.

- Okreslenie doktadnych stezen odkrytych biomarkeréw. Podczas gdy MS jest bardziej
czufa i moze wykry¢ szerszy zakres metabolitdow, czesto ma trudnosci z
zapewnieniem bezwzglednej kwantyfikacji. Z drugiej strony, NMR, cho¢ mniej czuty,
zapewnia bardziej wiarygodne dane ilosciowe. Dlatego tez okres$lenie konkretnych
stezen wykrytych biomarkeréw moze stanowi¢ wyzwanie w zaleznosci od
zastosowanej metody analityczne;.

- Ograniczona przydatnos¢ kliniczna biomarkeréw tkankowych. Mimo, ze analiza
metabolomiczna tkanek zapewnia cenny wglad w biologie raka pecherza
moczowego, jej przetozenie na zastosowanie kliniczne stanowi wyzwanie. Inwazyjny
charakter pobierania probek tkanek, ich koszt i wymég specjalistycznej infrastruktury
do przechowywania i przetwarzania sprawiajg, ze biomarkery moczu i surowicy sg
bardziej pozgdane do rutynowego stosowania klinicznego.
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Streszczenie

Praca doktorska pt. “Metabolomiczna analiza tkanki, surowicy i moczu w poszukiwaniu
biomarkeréw raka pecherza moczowego” stanowi cykl 5 artykutow opublikowanych w
czasopismach posiadajgcych wskaznik impact factor. Jestem pierwszym autorem trzech
publikacji oraz wspotautorem pozostatych dwoéch. Temat pracy doktorskiej porusza
zagadnienie metabolicznych biomarkeréw nowotworowych raka pecherza moczowego ktére
mogtyby by¢ potencjalnie wykorzystywane w praktyce klinicznej.

Artykuty przedstawiajg metabolomiczng analize tkanki nowotworowej, surowicy i moczu
pochodzgcej od 100 pacjentdw z rakiem pecherza moczowego w poréwnaniu z tkanka,
surowicg i moczem kontrolnym pochodzgcych od 100 pacjentéw z innymi, tagodnymi,
schorzeniami w obrebie drog moczowych. Zastosowane techniki analityczne obejmujg
wysokiej rozdzielczosci '"H NMR, ICP-OES i wysokiej rozdzielczo$ci laserowg
desorpcje/jonizacje MS (LDI-MS) opartg na nanoczgstkach ztota i srebra oraz spektrometrie
mas o ultra-wysokiej rozdzielczosci (UHRMS) w potgczeniu z ultra-wysokosprawng
chromatografig cieczowg (UHPLC). Wielowymiarowa analiza statystyczna i analiza krzywej
ROC pozwolity na kompleksowg ocene potencjatu diagnostycznego zidentyfikowanych
metabolitéw. Potgczenie poziomdw tych metabolitéw poprawito rozréznienie miedzy
materiatem biologicznym pochodzgcym od pacjentéw z rakiem pecherza moczowego w
poréwnaniu z kontrolg, sugerujac, ze uwzglednienie wielu biomarkeréw moze by¢ kluczowe
dla precyzyjnej diagnozy. Dodatkowo analiza NMR probek surowicy pozwolita na
wyselekcjonowanie metabolitow, ktore odrozniajg raka NMIBC i MIBC oraz metabolitow
réznicujgcych stopien ztosliwosci histopatologicznej (LG vs. HG). Wysokie wartosci
obszaréw pod krzywymi ROC wskazujg na potencjalne zastosowanie kliniczne tych
metabolitéw jako narzedzi diagnostycznych w przypadku raka pecherza moczowego

Analizujgc dane z obrazowania MS, wyselekcjonowano 10 metabolitow réznicujgcych prébki
tkanki nowotworowej od zdrowej, ktére wykazaty wysokg doktadnosc diagnostyczng w
analizie krzywej ROC, kazdy z polem pod krzywg AUC >0.99. Analiza szlakéw pozwolita na
umiejscowienie tych metabolitéw w 17 réznych szlakach metabolicznych.

Analiza surowicy z zastosowaniem metody 'H NMR pozwolita na identyfikacje 4 metabolitéw
réznicujgce surowice nowotworowe i kontrolne z doskonatg zdolnoscig predykcyjng
okreslong na podstawie pola pod krzywg AUC wynoszgcg 0.999. Analiza z zastosowaniem
ICP-OES zidentyfikowata dwa pierwiastki (Fe i Li) z polem pod krzywg AUC wynoszaca
0,807. Analiza z zastosowaniem spektrometrii mas LDI-MS oraz wysokorozdzielcza
spektrometria mas UHRMS umozliwita dodatkowg identyfikacje odpowiednio 25 i 27
metabolitéw réznicujgcych obydwie grupy. Ponadto w analizie LDI-MS i UHRMS
odpowiednio 5 i 23 metabolity wykazywaty zdolnos¢ do rozréznienia pomiedzy
poszczegodlnymi stopniami ztosliwosci histopatologicznej (grade) a surowicg kontrolng oraz 9
i 37 metabolity, ktdre rozrézniaty pomiedzy poszczegdlnymi stopniami zaawansowania
klinicznego (stage) a surowicg kontrolng. Wyselekcjonowano 5 metabolitéw, ktére mogag
potencjalnie stuzy¢ jako biomarkery do rozrézniania raka pecherza moczowego o niskim
stopniu ztosliwosci (LG) i raka pecherza moczowego o wysokim stopniu ztosliwosci (HG), a
takze 9 metabolitow, ktdore mogg pomoc w rozroznieniu stadiow zaawansowania choroby
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pTa/pT1 (NMIBC) i pT2 (MIBC). Analiza szlakdéw i wzbogacona analiza szlakow pozwolity na
umiejscowienie metabolitdw w tgcznie 24 réznych szlakach metabolicznych (17+7).

Prébki moczu poddano analizie '"H NMR, LDI-MS oraz UHRMS. Zidentyfikowano
odpowiednio 5, 25 i 51 metabolitdw réznicujgcych mocz pochodzacy od pacjentéw z rakiem
pecherza moczowego w poréwnaniu z kontrolnymi probkami moczu. Wszystkie metabolity z
analizy '"H NMR, LDI-MS charakteryzowaty sie wysokg wartoscig predykcyjng okreslong na
podstawie pola pod krzywg AUC > 0,87, zas 5 z 51 metabolitéw z analizy UHRMS
charakteryzowato sie bardzo wysokim wskaznikiem AUC > 0,9. Udato sie rowniez
zidentyfikowac¢ metabolity ktdre rozrézniajg pomiedzy poszczegdinymi stopniami
zaawansowania klinicznego i stopniami ztosliwosci histopatologicznej w poréwnaniu z
kontrolnymi prébkami moczu. Nie zidentyfikowano jednak statystycznie istotnych réznic we
wzorcach metabolitow, ktére rozrézniatyby miedzy sobg poszczegdline stopnie
zaawansowania klinicznego (pTa vs. pT vs. pT2) lub stopnie zto$liwo$ci histopatologicznej
(LG vs HG). Analiza szlakéw i wzbogacona analiza szlakéw obydwu publikacji dotyczacych
analizy metabolomicznej moczu pozwolity na umiejscowienie metabolitow w tgcznie 7
réznych szlakach metabolicznych (3+4).

Podsumowujgc wyniki tego badania dostarczajg informacji na temat potencjalnych
biomarkeréw metabolicznych raka pecherza moczowego oraz powigzanych z nim zmian
metabolicznych zachodzgcych w raku pecherza moczowego. Zidentyfikowane metabolity, na
podstawie wynikow analizy statystycznej, wykazujg potencjat jako biomarkery diagnostyczne
dla tego nowotworu. Analiza szlakéw metabolicznych, w ktérych wystepujg te metabolity,
oraz ich zwigzek z procesami nowotworowymi dodatkowo umozliwiajg lepsze zrozumienie
patogenezy i biologii raka pecherza moczowego. Dalsze badania i weryfikacja tych wynikow
moze przyczynic sie do rozwoju nowych strategii diagnostycznych i terapeutycznych z
zakresu omawianej choroby.
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Streszczenie po angielsku

The dissertation entitled: "Metabolomic analysis of tissue, serum and urine in the search for
biomarkers of bladder cancer" is a series of 5 articles published in impact factor journals. |
am the first author of three publications and co-author of the other two. The dissertation topic
addresses the issue of metabolic tumor biomarkers for bladder cancer that could potentially
be used in clinical practice.

The articles presents a metabolomic analysis of tumor tissue, serum and urine from 100
patients with bladder cancer compared to tissue, serum and control urine from 100 patients
with other, benign, urinary tract conditions. Analytical techniques used include
high-resolution '"H NMR, ICP-OES and high-resolution laser desorption/ionization MS
(LDI-MS) based on gold and silver nanoparticles, and ultra-high-resolution mass
spectrometry (UHRMS) combined with ultra-high performance liquid chromatography
(UHPLC). Multivariate statistical analysis and ROC curve analysis allowed a comprehensive
evaluation of the diagnostic potential of the identified metabolites. Combining the levels of
these metabolites improved the distinction between biological material from bladder cancer
patients compared to controls, suggesting that consideration of multiple biomarkers may be
crucial for accurate diagnosis. In addition, NMR analysis of serum samples allowed the
selection of metabolites that distinguish between NMIBC and MIBC cancers, as well as
metabolites that differentiate cancer grades (LG vs. HG). The high values of the areas under
the ROC curves indicate the potential clinical use of these metabolites as diagnostic tools for
bladder cancer

Analyzing MS imaging data, 10 metabolites were found to differentiate samples of cancerous
tissue from healthy tissue that showed high diagnostic accuracy in ROC curve analysis,
each with an area under the curve AUC > 0,99. Pathway analysis placed these metabolites
in 17 different metabolic pathways.

Serum analysis using 'H NMR identified 4 metabolites differentiating tumor and control sera
with excellent predictive ability as determined by the area under the AUC curve of 0.999.
Analysis using ICP-OES identified 2 elements: Fe and Li with an area under the AUC curve
of 0.807. Analysis using LDI-MS mass spectrometry and high-resolution UHRMS mass
spectrometry allowed the additional identification of 25 and 27 metabolites, respectively,
differentiating the two groups. In addition, in LDI-MS and UHRMS analysis, 5 and 23
metabolites, respectively, showed the ability to discriminate between different cancer grades
and control serum, and 9 and 37 metabolites that discriminated between different cancer
stage and control serum. 5 metabolites were selected that could potentially serve as
biomarkers to distinguish between low-grade bladder cancer (LG) and high-grade bladder
cancer (HG), as well as nine metabolites that could help distinguish between NMIBC
(pTa/pT1) and MIBC (pT2) . Pathway analysis and enriched pathway analysis located
metabolites in a total of 24 different metabolic pathways (17+7).

Urine samples were subjected to '"H NMR, LDI-MS and UHPLC-UHRMS analysis. A 5, 25
and 51 metabolites were identified, respectively, differentiating urine from bladder cancer
patients compared to controls. All metabolites from the '"H NMR, LDI-MS analysis had a high
predictive value as determined by area under the curve AUC > 0,87, while 5 of the 51
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metabolites from the UHPLC-UHRMS analysis had a very high AUC of more than 0,9.
Moreover metabolites that discriminate between different clinical stages and grades in
comparison to control urine samples were identified. However, no statistically significant
differences in metabolite patterns were identified that distinguished between stages (pTa vs.
pT1vs. pT2) or grades (LG vs. HG). Pathway analysis and enriched pathway analysis of
both publications on urine metabolomic analysis allowed us to locate metabolites in a total of
7 different metabolic pathways (3+4).

In summary, the results of this study provide information on potential metabolic biomarkers
for bladder cancer and related metabolic changes occurring in bladder cancer. The identified
metabolites, based on the results of statistical analysis, show potential as diagnostic
biomarkers for this cancer. Analysis of the metabolic pathways involved in these metabolites
and their association with tumorigenic processes further provides a better understanding of
the pathogenesis and biology of bladder cancer. Further research and verification of these
findings may contribute to the development of new diagnostic and therapeutic strategies for
this disease.
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ARTICLE INFO ABSTRACT

Keywords: Purpose: Bladder cancer (BC) is the 10th most common form of cancer worldwide and the 2nd most common

Silver nanoparticles cancer of the urinary tract after prostate cancer, taking into account both incidence and prevalence.

I];]_)I'Msk Materials/methods: Tissues from patients with BC and also tissue extracts were analyzed by laser desorption/
iomarkers

Bladder cancer

109
Human tumor tissue (""AgNPET).

ionization mass spectrometry imaging (LDI-MSI) with monoisotopic silver-109 nanoparticles-enhanced target

Results: Univariate and multivariate statistical analyses revealed 10 metabolites that differentiated between tumor
and normal tissues from six patients with diagnosed BC. Selected metabolites are discussed in detail in relation to
their mass spectrometry (MS) imaging results. The pathway analysis enabled us to link these compounds with 17
metabolic pathways.

Conclusions: According to receiver operating characteristic (ROC) analysis of biomarkers, 10 known metabolites
were identified as the new potential biomarkers with areas under the curve (AUC) higher than >0.99. In both
univariate and multivariate analysis, it was predicted that these compounds could serve as useful discriminators of
cancerous versus normal tissue in patients diagnosed with BC.

1. Introduction

Bladder cancer (BC) is the 12th most common form of cancer
worldwide and the 2nd most common cancer of the urinary tract after
prostate cancer, taking into account both incidence and prevalence [1].
Globally, 573,278 new cases of BC were diagnosed in 2020. In terms of
incidence, it is the 6th most common cancer in men, the 17th in women
and the 10th most frequent cancer in both sexes [1]. Cystoscopic exam-
ination of bladder remains the gold standard for BC diagnosis, but it is
invasive, associated with discomfort, sometimes painful and costly. It is
estimated that 4-27% of tumors are omitted during the examination.
This value increases to 32-77% in the case of carcinoma in situ (CIS) [2].

In recent years, numerous urine-based BC biomarkers have been
evaluated but currently there is no reliable diagnostic and prognostic BC
biomarker that has been accepted for diagnosis and follow-up in routine
practice or clinical guidelines and which could be an alternative to
cystoscopy. Over the past decade, due to the molecular specificity and
sensitivity mass spectrometry (MS) has been used as a main technique in

biomarker discovery field [3]. Two-dimensional variety of MS — mass
spectrometry imaging (MSI) plays an increasingly important role in the
field of molecular imaging because it allows direct mapping of the distri-
bution of a variety of endogenous and exogenous compounds within bio-
logical tissues with high specificity and without the need for radioactive or
fluorescent radioactive labelling normally used in histochemical protocols
[4]. BC tissues were studied previously with MSI techniques such as
matrix-assisted laser desorption ionization (MALDI) [5] and desorption
electrospray ionization (DESI) [6]. It should be noted that there are no BC
MS and MSI results made with the use of nanoparticle-based methods
published to date. It is important to state that nanoparticle-based methods
have many advantages with regard to other methods including very effi-
cient cationization of low molecular weight compounds, relatively high
sensitivity of analyte detection, very low chemical background and high
mass accuracy due to internal calibration, unlike commonly used one -
MALDI. They allow for higher lateral resolutions and higher sensitivity
when compared to DESL In our recent publications we presented new
methods such as gold nanoparticle-enhanced target (AuNPET) [7], silver
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nanoparticle-enhanced target (AgNPET) [8] and monoisotopic silver-109
nanoparticles-enhanced target (109AgNPET) [9] with results of their
application for imaging of plant, animal and human tissues [10-12].

2. Materials and methods
2.1. Participants

Cancer and normal tissue samples were collected from 6 patients
(Caucasian race, average age 65 years, 2 females and 4 males) with
diagnosed BC at John Paul II Hospital in Kolbuszowa (Poland). All pa-
tients underwent transurethral resection of bladder tumor (TURBT)
following a detailed clinical history and laboratory examination. Each of
these patients had at least an abdominal ultrasound to exclude other
tumors (patients with urolithiasis usually also had a CT scan) and a basic
package of laboratory tests required for urological surgery to exclude
inflammation. Whole tumor and a small fragment of adjacent healthy
uroephitelium were resected (cancer and control tissue). The histopath-
ological analysis of resected tumors from all patients, confirmed non-
invasive (pTa) low-grade (LG) urothelial papillary carcinoma, accord-
ing to 2004 WHO grading system [13,14]. Control tissues were free of
cancer cells. The clinical characteristics of the patients are presented in
Supplementary Table S1.

2.2. Materials and equipment

Silver-109 (min. 99.75% of %°Ag) isotope was purchased from
Buylsotope (Neonest AB, Stockholm, Sweden) and transformed to tri-
fluoroacetate salt by commonly known methods (involving dissolving in
HNO3, precipitation of 1°AgOH and reaction with trifluoroacetic acid)
and recrystallized from tetrahydrofurane/hexane system. 2,5-Dihydroxy-
benzoic acid (DHB) was purchased from Sigma-Aldrich (St. Louis, USA).
Steel targets were locally machined from H17 stainless steel. All solvents
were of high-performance liquid chromatography (HPLC) quality, except
for water (18 MQ water was produced locally) and methanol (liquid
chromatography-mass spectrometry - LC MS - grade, Fluka™, (Seelze,
Germany). The silver-109 nanoparticles were synthesized on the surface
of steel targets as described in our recent publication [9]. Optical pho-
tographs of tissue samples were made with the use of an Olympus SZ10
microscope equipped with an 8 MPix Olympus digital camera (Hamburg,
Germany).

2.3. Preparation of monoisotopic silver suspension

Four miligrams of silver-109 trifluoroacetate (:°?AgTFA) and 14 mg
of DHB were quantitatively transferred to a glass tube by dissolving in 2
ml of isopropanol and 2 ml of acetonitrile. The prepared solution was
placed in an ultrasonic bath set at 50 °C for about 30 min. After this time,
the suspension was ready to use.

2.4. Imaging sample preparation

Tissues from 6 patients with the same tumor stage and grade were
selected for LDI-MSI analysis. Three independent imaging experiments
were performed to exclude possible random results, one for tissues from
patient no. 1, another for patients no. 2-4 and the last for patients no. 5
and 6. The material examined was six pairs of BC and normal tissue
fragments of average 3 x 3 mm size. MS imaging for patient no. 1 was
carried out within about an hour after the material was collected after
surgery. Until then, the tissue samples were stored at a temperature of
approx. 2-4 °C. Tissues from patients no. 2-6 were stored at —60 °C and
thawed to 4 °C before the MSI measurements. To remove excess liquid
material, samples were touched to cellulose filter paper (3 times). Next,
with the use of sterile needles and tweezers, a few imprints of the
examined tissues were made on the previously prepared °’AgNPET
plate. The material was transferred from the BC patients to the
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109AgNPET substrate by briefly touching (3 s) the tissue samples to steel
surface with light pressure. Steel target with imprints was placed on a
computer-controlled 3D positioning table and sprayed with nanoparticles
using an electrospray ionization mass spectrometry (ESI-MS) nebulizer
with nitrogen as nebulizing gas (2 bar). Target was placed in a MALDI
time-of-flight MS (MALDI-ToF/ToF MS) (Autoflex Speed ToF/ToF,
Bruker, Bremen, Germany) and selected imprints were then directly
analyzed.

2.5. LDI-MS imaging experiments

LDI-MSI experiments were performed using a Bruker Autoflex Speed
ToF/ToF mass spectrometer (MALDI ToF/ToF, Bruker, Bremen, Ger-
many) in positive-ion reflectron mode. FlexImaging 4.0 software was
used for data processing and analysis. The apparatus was equipped with a
SmartBeam II 1000 Hz 355 nm laser. Laser impulse energy was approx-
imately 100-190 pJ, laser repetition rate was 1000 Hz, and deflection
was set on m/z lower than 80 Da. The m/z range was 80—2000 Da, spatial
resolution 250 x 250 pm. The experiments were made with 20,000 laser
shots per individual spot with a default random walk applied (random
points with 50 laser shots). All spectra were calibrated with the use of
silver ions (1°°Ag * to 1%°Agfo). The first accelerating voltage was held at
19 kV, and the second ion source voltage was held at 16.7 kV. Reflector
voltages used were 21 kV (the first) and 9.55 kV (the second). All of the
ion images were within +0.05% of m/z. Total ion current (TIC)
normalization was used for all results shown.

2.6. Preparation of tissue extracts

Small portions of frozen neoplastic bladder tissue (n = 6) and normal
control tissues (n = 6) of approximately 2 mg each were transferred to
Eppendorf tubes and then homogenized by three cycles of freezing and
thawing. Next to the homogenates 500 pl of 2:1 (v/v) chloroform/
methanol were added and then extracted for 30 min in ultrasonic bath (at
2-4 °C.) The tubes were centrifuged for 5 min at an acceleration of
6000xg and the phases were allowed to separate. The water-methanol
and methanol-chloroform phases were transferred to separate tubes
and then methanol-chloroform phases were diluted 100x whereas the
water-methanol phases were measured without dilution. Volume of 0.3
ul of each sample was placed on 1°°AgNPET and allowed to dry at room
temperature and target placed in a MALDI ToF/ToF MS. Tissue extracts
were made to confirm the structure of the identified compounds by MS/
MS measurements.

2.7. LDI-MS and MS/MS of tissue extracts

LDI-MSI experiments were performed using a Bruker Autoflex Speed
MALDI ToF/ToF MS (Autoflex Speed ToF/ToF, Bruker, Bremen, Ger-
many) in positive-ion reflectron mode. The apparatus was equipped with
a SmartBeam II 1000 Hz 355 nm laser. Laser impulse energy was
approximately 100-190 pJ, laser repetition rate was 1000 Hz, and
deflection was set on m/z lower than 80 Da. The m/z range was 80—2000
Da. Spectrum for each extract contained data from 20k laser shots with a
default random walk applied (random points with 50 laser shots). All
spectra were calibrated with the use of silver ions (1°°Ag * to 1®Ag{y).
The first accelerating voltage was held at 19 kV, and the second ion
source voltage was held at 16.7 kV. Reflector voltages used were 21 kV
(the first) and 9.55 kV (the second). MS/MS measurements were per-
formed using the LIFT (low mass) method [15]. The mass window for
precursor ion selection used was +0 Da. FlexAnalysis (version 4.0,
Bruker, Bremen, Germany) was used for data analysis.

2.8. Data processing

The average spectra of the imprint area of cancerous and normal
tissue from patient no. 1 were generated and then compared in the using
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the SCiLS Lab software version 2016b (SCiLS, Bremen, Germany) and
FlexAnalysis (version 4.0, Bruker, Bremen, Germany). Statistical analysis
was performed using the Cardinal MSI (R package) [16] with hotspot
suppression and Gaussian smoothing applied and MetaboAnalyst 5.0
platform [17]. Database search of chemical compounds were carried out
using a custom-made program. Theoretical m/z values were calculated
using ChemCalc program available online [18].

Data of peak mean abundance from the entire area of the examined
cancer (n = 6) and control (n = 6) tissue were formatted as comma
separated values (.csv) files and uploaded to the MetaboAnalyst 5.0
server [17]. Metabolite data was checked for data integrity and
normalized using MetaboAnalyst's normalization protocols (normaliza-
tion by sum, log transformation and auto-scaling), both for biomarker
and pathway analyses. Univariate analysis (t-test), fold-change analysis
and orthogonal partial least squares discriminant analysis (OPLS-DA)
were applied to calculate the statistical significance of the metabolites
between the two groups (cancer over control). To identify the potential
biomarkers associated with BC, the Receiver Operating Characteristic
(ROC) curve was applied using biomarker analysis module of Metab-
oAnalyst v 5.0. The ROC curves were generated using an algorithm based
on Monte-Carlo cross validation (MCCV) through balanced subsampling
coupled with linear support vector machine (SVM) for the classification
method and SVM built-in for the feature ranking method. To identify the
most relevant metabolic pathways involved in BC, metabolic pathway
analysis was performed using MetaboAnalyst with Homo sapiens pathway
libraries.

3. Ethical issues

The study protocol was approved by local Bioethics Committee at the
University of Rzeszow, Poland (permission no. 2018/04/10) and per-
formed in accordance with relevant guidelines and regulations, including
the 1964 Helsinki declaration and its later amendments. Specimens and
clinical data from patients involved in the study were collected with
written consent.

4. Results and discussion

109AgNPET method was used previously for LDI-MS analysis of low
molecular weight (LMW) compounds and biological material and was
shown to be a promising alternative to traditional MALDI method [9,19].
LDI-MSI experiments were performed by measuring series of
high-resolution MS spectra with 250 x 250 pm resolution of bladder
tissue imprints of ca. 3 x 3 mm size made on 1°?’AgNPET target plate. In
order to estimate whether there is a sample-related differentiation be-
tween cancer and normal tissue imprints, a statistical analysis was per-
formed for patient no. 1 tissue pair. Data derived from MSI experiment
were analyzed by comparison of average spectra of cancer and normal
areas by spatial shrunken centroids with adaptive weights (SSCA). The
mentioned method allows estimation of the probability that a location of
interest belongs to a particular segment and was previously used among
others for segmentation of data for whole-body MALDI MSI experiment
[20]. Images of the major regions of the BC tissue from patient no. 1 were
outlined by SSCA segmentation as shown in Supplementary Fig. S1. What
is interesting, images generated with the aid of Cardinal MSI with SSCA
method are very similar to the ion images obtained in MSI experiment
and suggest that: (i) areas of imprints are clearly different from target
area with no fuzzy boundaries and (ii) cancerous area is clearly different
from the normal one.

4.1. Identification of metabolite biomarkers

The analysis of MSI data revealed a list of 28 compounds for which
the highest abundance differences between the normal and cancerous
areas. Only those ion images were selected for which the trend for a given
m/z value was similar in all 6 experiments. As judged from generated ion
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images 2 adducts have higher average intensities in cancer tissue, and the
next 26 ions are of higher intensity in normal tissue. The list of identified
compounds is presented in Supplementary Table S2. The identity of some
of compounds was confirmed with LIFT® MS/MS experiments (Supple-
mentary Table S3). Metabolite mean abundance data from both cancer
and normal tissue regions of 28 identified compounds were further
subjected to supervised and unsupervised multivariate statistical analysis
using the MetaboAnalyst 5.0 online software. The 2D principal compo-
nents analysis (PCA) score plots of both subsets indicated good separa-
tion between the cancer and the normal tissue regions (Fig. 1A).

The best separation of groups was obtained along principal compo-
nents 1 and 2 (i.e. PC1 and PC2) which accounted for 61.2% and 18.8%,
respectively. The separation between the BC and normal tissue samples
was further examined using the supervised multivariate statistical anal-
ysis - Orthogonal Partial Least Squares Discriminant Analysis (OPLS-DA)
(Fig. 1B). We conducted 2000 permutation tests to evaluate the statistical
robustness of the OPLS-DA model (Supplementary Fig. S2). Good
discrimination was observed between cancer and normal groups (Q? =
0.774, R%Y = 0.998, P-value <0.03 (0/2000)). Potential BC biomarkers
were selected on the basis of the variable influence on projection (VIP)
value resulting from the OPLS-DA model (Fig. 1C). By combining the VIP
(>1.0) with the results from the independent t-test (P-value from t-test
<0.05) and fold change analysis (0.5 < FC > 1.2) 10 metabolites were
selected as differential for BC tissue and normal samples (Table 1). All
data for identified compounds analyzed within this work are presented in
Supplementary Table S2.

Next, univariate ROC curve analysis was separately performed to
evaluate the diagnostic ability of the models. ROC curves analyses were
used to estimate the accuracy of combined signatures model of imaging
data. The areas under curves (AUC) of ROC curves were used to deter-
mine the diagnostic effectiveness of important metabolites. Applying a
ROC approach to biomarker analysis allowed characterization of diag-
nostic accuracy, and evaluation of the predictive accuracy. The results
indicated that all previously selected metabolites have AUC above 0.81
(Table 1). The best ROC analyses with the highest statistical significance
were obtained for hypotaurine and 3-methylbutanal (AUC = 0.944,
specificity = 1.0 and sensitivity = 0.8). The classification ROC model was
based on a random forest algorithm. As shown in Fig. 1D, the combina-
tion of levels of 10 selected metabolites was a better discriminator (AUC
= 0.993) than each metabolite separately. The results suggest that 10
specific metabolites: glycine, hypotaurine, 3-methylbutanal, ethyl-
phosphate, glutamine, myosmine, PI(22:0/0:0), aminopentanal, proline
betaine and methylguanidine coul, significantly increase the diagnostic
potential and serve as useful discriminators of cancer tissues from normal
tissues in patients diagnosed with BC. Ion images of all these compounds
that differentiate the neoplastic and normal area to the greatest extent
are presented in Figs. 2 and 3.

Ion images of 2 amino acids that play essential roles in human tissues
were generated and the structure of one of them was confirmed with LIFT
MS/MS method. One of the ion images of m/z 98.021 (Fig. 2 A) shows
spatial distribution of the [CoHsNO,+Na]™ adduct (sodiated glycine).
This ion was found to be present at a higher intensity in the normal tissue
compared with the cancer tissue. The decreased levels of glycine were
observed in lung cancer patients [21] and in serum of BC patients [22].
Similarly, ion assigned to potassium adduct of glutamine (m/z 185.032,
Fig. 2 E) was found at a higher intensity in the normal tissue compared to
the cancer tissue. NMR-based metabolomics studies have shown the
decreased blood levels of glutamine in plasma samples from pancreatic
cancer patients [23]. The decrease in the levels of the amino acids dis-
cussed above indicates an increased demand for these metabolites for
tumor growth. This observation suggests that tumor's biochemistry may
be associated with an increased glycolytic flux that has been found to be a
major source of respiratory energy for tumor cells, and with the need for
increased protein synthesis in tumor cells [24]. It has also been suggested
that glycolysis is required to maintain lipogenesis and cholesterogenesis,
that are essential for the growth and proliferation of tumor cells [25].



K. Ossoliniski et al.

Advances in Medical Sciences 68 (2023) 38-45

A B
—_ O
© - ogan::erl § - e Cancer
< 9L-ontro % @ Control
o <
& : v
3N ° I :
©0 o & hd o ® e
2% . 3
o~ N 0 £ 5 80
8 v. 1 £ § l.t? o
:
=
Q - ! : t t t t 2L } ! } | ! }
45 10 5 0 5 10 ©" 3 241401 2 3
PC 1 (61.2%) T score [1] (25%)
c &S D
Y
&P -
Glycine o| mm -
Hypotaurine o—| u. g ® ]
3-Methylbutanal ° =m High > °
Ethylphosphate . | B o©
Myosmine . um S o] .
. Q AUC: 0.993
Sodeaulli : u= S« 95% Cl: 0.869-1
PI1(22:0/0:0) o | = =)
Aminopentanal . " | ow =«
Proline betaine | » [ ] g o 1
Methylguanidine |- (1] 2o
— gt —
1.2 13 14 15 é$ 00 02 04 06 08 1.0

VIP scores

1-Specificity (False positive rate)

Fig. 1. Metabolomic analysis of tissue samples from bladder cancer (BC) patients. (A) PCA and (B) OPLS-DA scores plots of the cancer (red) and control (green) tissue
samples. (C) VIP plot from OPLS-DA analysis. (D) The receiving operator characteristic (ROC) curves for the 10 selected metabolites.

Table 1

Mean metabolite abundance for controls vs. bladder cancer tissues. Bolded metabolites are considered statistically significantly different (P-value <0.05; VIP >1; FC <

0.5 and >1.2) between controls and cancer tissues.

No. Compound name Addut type m/z P-value® Fold Change® vIpf AUC Power of the test
Sensitivity [%] Specificity [%]

1 Glycine® [C2HsNO,+Nal+ 98.021 0.0025 0.30 1.56 0.92 100 83
2 Hypotaurine® [CoH;NO,S+1%%Ag] ™ 217.924 0.0035 1.39 1.54 0.94 83 100
3 3-Methylbutanal® [CsH100 + HIT 87.080 0.0053 0.19 1.47 0.94 83 100
4 Ethylphosphate” [CoH704P + KIT 164.971 0.0088 0.30 1.41 0.92 83 83
5 Glutamine” [CsH1oN203+K] ™ 185.032 0.0147 0.29 1.35 0.92 83 83
6 Myosmine” [CoH1oNo+HI " 147.092 0.0147 0.29 1.35 0.92 83 83
7 PI(22:0/0:0)" [C31He1012P+"%Ag] " 765.294 0.0171 0.19 1.32 0.92 100 83
8 Aminopentanal” [CsHNO + HI* 102.091 0.0214 0.39 1.29 0.83 100 67
9 Proline betaine® [C7H13NO,+Na] * 166.084 0.0417 0.44 1.17 0.83 100 67
10 Methylguanidine® [CoHyN3+Nal® 96.053 0.0451 0.45 1.16 0.81 67 83

Abbreviations: AUC - area under the curve; FC - fold change; PI - phosphatydylinositol; PS — phosphatidylserine; VIP - variable influence on projection.

@ Putative identification.

Y Identity confirmed with LIFT MS/MS method.

¢ Calculated m/z values.

d p_value determined from Student's t-test.

¢ Fold change between cancer and control tissue samples.
f VIP scores derived from OPLS-DA model.

Moreover, it was found that glycine metabolism is necessary and suffi-
cient for cell transformation and malignancy [26].

In the present study, 11 lipids that play essential roles in the human
body showed a large differentiation between neoplastic and normal tissue,
and their structures were in some cases successfully confirmed with LIFT
MS/MS method (Supplementary Tables S2 and S3). We found, that 5 ions
of 1%Ag isotope adducts of phosphoglycerol PG(32:1) (m/z 829.398),
phosphoinositol PI(22:0/0:0) (m/z 765.294), phosphoserines PS(0-30:1)
(m/z 800.383), PS(30:1) (m/z 814.362), phosphoethanolamine PE(34:4)
(m/z 820.388), 4 sodium adducts of diacylglyceride DG(44:1) (m/z
757.668), phosphocholine PC(40:10) (m/z 848.520), phosphoglycer-
olphosphate PGP(32:1) (m/z 801.471), phosphoethanolamine PE(26:1)
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(m/z 628.395), and 2 potassium adducts of phosphoserine PS(36:4) (m/z
822.468), sphingomyeline SM(d18:0/12:0) (m/z 689.499), dominated in
the cancer tissue MSI region compared to normal tissue. However, only 1
lipid - PI(22:0/0:0) showed statistically significant differentiation between
normal and neoplastic tissues (Fig. 3A). Lipids are the building blocks of
cell membranes and play important roles in various biological processes,
such as cellular signaling, chemical-energy storage, homeostasis,
apoptosis, metabolism, cell adhesion and migration, neurotransmission,
signal transduction, vesicular trafficking, post-translational modifications
and cell-cell interactions in tissues. These cellular processes are associated
with cellular transformations, cancer progression and metastasis. Lipids
are linked to cancer at the metabolic level and are expected to be present in
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Fig. 2. Results of LDI-MSI analysis of the surface of the bladder cancer (BC) specimens on '°AgNPET. The left sides of the individual metabolite panel (A-F) present
ion images (TIC normalization) for ions of m/z as stated below each image. The right sides contain plots of distribution of abundance values of metabolite in control
and cancer samples with optimal cut-off as a horizontal dashed line. All ion images are within +0.05 m/z.

cancer cells, tissues and biofluids. Multiple studies have demonstrated
altered lipid profiles in biological samples that have been screened to
identify biomarkers in cancer research [27,28]. Several reports have
shown the spatial distributions of many potential lipid-based biomarkers in
various malignant tumors such as lung [29], breast [30], ovarian [31],
colorectal [32], prostate [33], kidney [34], renal [35], bladder [36] and
thyroid cancers [37]. Dill et al. [38] demonstrated distributions of the
multiple lipids and free fatty acids species between cancerous and
noncancerous dog bladder tissue samples with desorption electrospray
ionization MS (DESI-MS). The same group of researchers in another study
used human BC tissue samples to visualize of glycerophospholipid (GP)
distribution in cancerous and normal tissue. They found that tumor tissue
shows increased intensities for different GPs such as phosphatidylserine
(PS) and phosphatidylinositol (PI) when compared to the normal tissue
[36]. Wittman et al. [39], measured multiple distinct compounds in human
urine samples, that differentiate BC from non-cancer controls. They
selected 25 potential biomarkers related to lipid metabolism.

Ion assigned to proton adduct of 3-methylbutanal (m/z 87.080;
Fig. 2C) was found in higher intensity in normal tissue compared to
cancer tissue. 3-Methylbutanal also known as isovaleraldehyde is an
aldehyde that occurs naturally in all eukaryotes. In humans, this com-
pound has been found to be associated with several diseases. Previous
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research revealed significantly reduced level of 3-methylbutanal in urine
samples from patients with clear cell renal cell carcinoma which may be
associated with higher level of aldehyde dehydrogenase that converts
aldehydes to their respective carboxylic acids and is often upregulated in
cancer [40]. Furthermore, in the human lung cancer cell line, 3-methyl-
butanal was found at decreased concentrations [41].

One of the ion images of m/z 166.084 (Fig. 2C) shows spatial distri-
bution of the sodium adduct of proline betaine. This secondary metab-
olite has been described previously as a highly effective osmoprotectant
in many plants. In humans, proline betaine was at reduced levels in
plasma samples from patients with esophageal squamous cell carcinoma
compared to healthy controls which is also in line with our results [42].
Similar results were obtained in metabolomic analysis of serum samples
from patients with preeclampsia [43]. Proline betaine was found to be
up-regulated in urine samples from patients with uterine cervix cancer
and renal cell carcinoma [44,45].

The MSI results of the bladder tissue imprint suggest, that the ion of
m/z 96.053 (Fig. 3 D) corresponds to sodiated adduct of methylguanidine
which was found in higher abundance in normal tissue. Methylguanidine
is an organic compound containing a guanidine moiety in which one of
the amino hydrogens is substituted by a methyl group. Endogenous
methylguanidine is produced by conversion from creatinine and some
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Fig. 3. Results of LDI-MSI analysis of the surface of the bladder cancer (BC) specimens on 109AgNPET. (A-D) The left sides of the individual metabolite panel (A-D)
present ion images (TIC normalization) for ions of m/z as stated below each image. The right sides contain plots of distribution of abundance values of metabolite in
control and cancer samples with optimal cut-off as a horizontal dashed line. All ion images are within +0.05 m/z.

amino acids [46]. Previous studies reported the potential toxicity of
methylguanidine [47]. Methylguanidine was proposed as a serum po-
tential biomarker of pancreatic cancer based on LC/GC-MS analyses
which revealed a higher abundance of this compound in serum of pa-
tients with this tumor compared to controls [48]. Higher level of meth-
ylguanidine was also observed in serum of patients with
cholangiocarcinoma [49]. This metabolite was identified in higher con-
centration in urine samples from patients with chronic pancreatitis by
NMR-based metabolomics [50]. Significantly increased level of methyl-
guanidine was identified in urine samples from dogs with BC compared
to controls in an NMR-based metabolomics study [51].

Ion images presenting higher average intensity in the area of normal
tissue were recorded for proton adduct of myosmine (m/z 147.092;
Fig. 2F). Myosmine is a derivative of pyridines which can be found in
tobacco and in various foods. It is suspected that this compound may be
related to esophageal cancer [52]. lon assigned to potassium adduct of
ethylphosphate (m/z 164.971; Fig. 2 D) was found in higher intensity in
normal tissue compared to cancer tissue. Ethylphosphate is an organic
compound that belongs to the class of monoalkyl phosphates. This
compound was identified in human saliva by LC-MS [53]. Also, the ion of
m/z 102.091 (Fig. 3 B) was found in higher abundance in normal tissue
and was assigned to [M+H]" adduct of aminopentanal.

Ion image that shows higher intensity in the area of cancer tissue has
been created for the m/z 217.924 which corresponds to the ®?Ag adduct
of hypotaurine (Fig. 2B). Hypotaurine is a sulfinic acid that is an inter-
mediate in the biosynthesis of taurine from cysteine sulphinic acid.
Previous research has established that hypotaurine has antioxidant
properties in vivo [54] and also acts as a neurotransmitter [55]. Previ-
ously, using 'H NMR, hypotaurine was found in increased level in serum
samples of BC patients resistant to neoadjuvant chemotherapy [56].
Elevated level of hypotaurine was found in saliva of patients with
medication-related osteonecrosis of the jaw [57]. In addition, hypo-
taurine was found to be upregulated in tissue of patients with colorectal
cancer and related to the progression of this tumor [58].
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4.2. Pathway analysis

A metabolic pathway impact analysis was performed to identify the
most relevant pathways involved in the observed changes of tissue
metabolite levels. Ten most significant metabolites were subjected to
pathway analysis and quantitative pathway enrichment analysis. Three
of them were found to be relevant to human metabolism (Table 2).
Seventeen metabolic pathways i.e., glyoxylate and dicarboxylate meta-
bolism, aminoacyl-tRNA biosynthesis, D-glutamine and D-glutamate
metabolism, nitrogen metabolism, taurine and hypotaurine metabolism,
arginine biosynthesis, glutathione metabolism, alanine, aspartate and
glutamate metabolism, porphyrin and chlorophyll metabolism, glycine,
serine and threonine metabolism, pyrimidine metabolism, primary bile
acid biosynthesis, purine metabolism, mercaptopurine action pathway,
thioguanine action pathway, azathioprine action pathway and mercap-
topurine metabolism pathway, were found to be significantly impacted
when comparing BC to normal tissue. Results from pathway impact
analysis are shown in Supplementary Tables S3 and S4. Glycine,

Table 2
Selected metabolites and their involvement in different pathways.

Compound
name

Pathway involved

Glycine Glyoxylate and dicarboxylate metabolism, aminoacyl-tRNA
biosynthesis, glutathione metabolism, porphyrin and chlorophyll
metabolism, glycine, serine and threonine metabolism, primary
bile acid biosynthesis, mercaptopurine action pathway,

thioguanine action pathway, azathioprine action pathway

Glutamine Glyoxylate and dicarboxylate metabolism, aminoacyl-tRNA
biosynthesis, D-glutamine and D-glutamate metabolism, nitrogen
metabolism, arginine biosynthesis, alanine, aspartate and
glutamate mercaptopurine action pathway metabolism,
pyrimidine metabolism, purine metabolism, thioguanine action
pathway, azathioprine action pathway, mercaptopurine
metabolism pathway

Hypotaurine Taurine and hypotaurine metabolism
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glutamine and hypotaurine were found to be involved in these metabolic
pathways (Table 2). These pathways are well known to be related to
cancer, e.g. taurine and hypotaurine metabolism have been shown to be
related to BC [59,60] and renal cell carcinoma [61], sulfur metabolism
has been shown to be related to breast cancer [62], and aminoacyl-tRNA
biosynthesis pathway has been shown to be related to prostate cancer
[63].

4.3. Diagnostic value of nanoparticles for MSI of cancer tissues

The diagnosis of most cancers is based on a molecular pathology that
is currently most often performed by immunohistochemical analysis
(IHC) or fluorescence in situ hybridization (FISH) which most often uses
macromolecules such as proteins or nucleic acids of varying lengths [64,
65]. These methods are complex, time-consuming, and require special-
ized and expensive antibodies or labeling. Surgical excision of the
bladder tumor is currently a method of choice for treating patients
suffering from BC, therefore it is important to quickly and precisely
define the neoplastic tissue border during surgery in order to completely
remove the tumor without damaging normal tissue. Numerous previous
studies have shown that metabolites enable a more precise determination
of pathology and may serve as potential diagnostic biomarkers in a va-
riety of malignancies [66]. The use of MSI allows not only to identify
potential tumor biomarkers but also to determine their location on the
surface of the examined tissue. Nowadays almost all of MSI is made with
the use of MALDI with many of its drawbacks including (i) abundant and
numerous chemical background peaks in the low-mass region (m/z < ~
1000) due to the presence of the applied matrix; (ii) the frequent need for
external mass calibration; (iii) low mass resolution and accuracy due to
the thickness of the tissue samples; (iv) low ionization efficiency for
many organic compounds present in the samples in their non-charged
states; (v) inhomogeneous matrix crystallization; and (vi) commonly
observed acid-catalyzed hydrolysis of various biomolecules, and thus it is
not suitable for metabolites. On the other hand, some nanoparticles such
as silver and gold-based lacks most of above mentioned MALDI draw-
backs and are one of the most interesting choices for studying of differ-
entiation between cancer and normal tissues.

5. Conclusion

In this study, LDI-MSI technique with the use of nanoparticle-
enhanced SALDI-type °°’AgNPET target was used for MSI of human
bladder tissue. Ion images produced for few dozens of compounds of
interest presented attention-grabbing differentiation of intensities. Uni-
variate and multivariate statistical analyses revealed 10 metabolites that
differentiated cancer from normal tissues. Among these metabolites,
glycine, 3-methylbutanal, ethylphosphate, glutamine, myosmine,
PI(22:0/0:0), aminopentanal, proline betaine and methylguanidine were
found in higher abundance in normal tissue samples and hypotaurine was
found at a higher level in cancer tissue samples. These compounds may
significantly increase diagnostic potential and serve as useful discrimi-
nators of cancerous versus normal tissues in patients diagnosed with BC.
Published results demonstrate that nanoparticle-based LDI-MSI must be
considered as a powerful tool for analysis of biological objects and
especially for biomarker discovery.
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Bladder cancer (BC) is one of the most frequently diagnosed types of urinary cancer. Despite advances in
treatment methods, no specific biomarkers are currently in use. Targeted and untargeted profiling of
metabolites and elements of human blood serum from 100 BC patients and the same number of normal
controls (NCs), with external validation, was attempted using three analytical methods, i.e., nuclear
magnetic resonance, gold and silver-109 nanoparticle-based laser desorption/ionization mass spec-
trometry (LDI-MS), and inductively coupled plasma optical emission spectrometry (ICP-OES). All results
were subjected to multivariate statistical analysis. Four potential serum biomarkers of BC, namely, iso-
butyrate, pyroglutamate, choline, and acetate, were quantified with proton nuclear magnetic resonance,
which had excellent predictive ability as judged by the area under the curve (AUC) value of 0.999. Two
elements, Li and Fe, were also found to distinguish between cancer and control samples, as judged from
ICP-OES data and AUC of 0.807 (in validation set). Twenty-five putatively identified compounds, mostly
related to glycans and lipids, differentiated BC from NCs, as detected using LDI-MS. Five serum metab-
olites were found to discriminate between tumor grades and nine metabolites between tumor stages.
The results from three different analytical platforms demonstrate that the identified distinct serum
metabolites and metal elements have potential to be used for noninvasive detection, staging, and grading
of BC.
© 2022 The Author(s). Published by Elsevier B.V. on behalf of Xi’an Jiaotong University. This is an open
access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

carcinoma (SCC) accounts for the majority of BC. However, control
over the Schistosoma haematobium infection has led to a shift from

Bladder cancer (BC) is the tenth most commonly diagnosed
cancer in the world with approximately 570,000 new cases diag-
nosed each year. The incidence rate per 100,000 person per year
varies from 2.4 for women to 9.5 for men, and the mortality rate
varies from 0.86 for women to 3.3 for men [1]. Globally, urothelial
carcinoma (UC) identified histopathologically constitutes more
than 90% of all the cases of BC. In endemic regions such as Egypt
with a high prevalence of schistosomiasis infection, squamous cell

* Corresponding author.
E-mail address: jniziol@prz.edu.pl (J. Niziot).

https://doi.org/10.1016/j.jpha.2022.08.004

SCC to UC being the most prevalent type of BC [2]. The remaining
10% includes exposure to aromatic amines, hydrocarbons, dyes,
some solvents, and coal tar [3]. The most common symptoms of BC
include macroscopic and microscopic hematuria. The mainstay for
BC diagnosis includes cystoscopy and urine cytology, and may
include ultrasound and computed tomography urography. Unfor-
tunately, cystoscopy is considered as an invasive procedure and the
sensitivity of urine cytology is low. Therefore, to reduce the number
of procedures, urinary markers have been proposed to track BC
recurrence [4,5]. These urinary markers are associated with higher
sensitivity, although at the expense of lower specificity, compared
with the accuracy of urine cytology. However, these markers have
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not been incorporated into clinical guidelines regarding the diag-
nosis and surveillance of BC. Therefore, there is a significant need
for noninvasive methods for the early detection of BC with high
sensitivity, specificity, and low cost.

Instrumental analyses of small molecules in biofluids, such as
blood, serum, and urine, are very powerful approaches to identify
and characterize diagnostic metabolic biomarkers. Metabolite
concentrations are reflective of the state of the organism and may
be the indicators of disease states including cancer states [6]. In the
past decade, numerous sensitive analytical methods have been
developed to allow the study of the metabolic state of living sys-
tem. The most frequently used analytical platforms for study of
metabolites are nuclear magnetic resonance (NMR) [7] and mass
spectrometry (MS), the latter usually coupled with liquid chro-
matography (LC) or gas chromatography (GC) [8—10].

Metabolomic methods have been used for study of BC with the
aim of identifying potential biomarkers in urine, serum, and tissues
[11,12]. The advantage of serum analysis is that it is much less
susceptible to the dilution factor compared to urine [13]. Although
from an application point of view, serum analysis is the best option,
the published data are very limited. A majority of reports of BC
serum metabolomics describe MS results. The first such study [14]
was focused on human serum profiling of BC with LC-MS, and the
authors proposed five potential biomarkers. Later, Zhou et al. [15]
applied GC-MS to perform plasma metabolomics analyses of 92
patients and 48 controls. The results identified increased levels of
metabolites associated with the pentose phosphate pathway, fatty
acid synthesis, and nucleotide metabolism in BC samples compared
with the controls. The authors focused on three metabolites that
could discriminate between the BC and control groups. In the
following years, several publications appeared that focused on
identifying potential biomarkers of BC using LC-MS [16—20] and
GC-MS [21,22]. To date, only three reports have reported metabolic
differences in serum within BC with NMR. The first NMR serum
metabolomics study of BC was published by Cao et al. [23] in 2012,
and involved 67 BC patients and 25 healthy controls, and revealed a
few metabolites for which concentrations differed significantly
between these two groups. The metabolite changes were linked to
impacted pathways of lipogenesis, aromatic amino acid meta-
bolism, glycolysis, and the citrate cycle. In 2013, Bansal et al. [24]
applied proton nuclear magnetic resonance ('H NMR) spectroscopy
to compare 36 low-grade (LG) and 31 high-grade (HG) BC samples
with those of 32 healthy control patients. The study identified six
metabolites that could, together, serve as differentiating bio-
markers of LG versus HG BC. This same research team recently
reported the use of NMR to identify variations in the concentration
of previously selected potential serum BC biomarkers in 55 pre-
operative and 53 post-operative BC patients, and 152 controls [25].

Various studies have established the connection between levels
of metals, including trace-level metals and other trace elements,
with an increased risk of developing cancer in humans [26]. Toxic
elements are known risk factors for genetic and epigenetic effects,
which enhance the risk of developing different cancers [27].
Inductively coupled plasma optical emission spectrometry (ICP-
OES) has emerged as one of the most frequently used methods for
assessing the concentrations of metals in samples of biological
origin [28] including BC serum [29]. Studies recruited 27 BC pa-
tients, 29 non-tumor patients with acute and chronic inflamma-
tion, and 30 healthy control patients, who were divided into
validation and discovery cohorts. ICP-OES methods have also been
used in the search for biomarkers of other cancers, including kidney
cancer [30,31].

Herein, we report the results of the largest investigation to date,
comprising the targeted and non-targeted, elemental- and
metabolomics-based profiling of 200 serum samples obtained from
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100 patients with BC and 100 healthy controls. This study has
enabled the elucidation of the detailed metabolic and elemental
changes resulting from BC, with a specific focus on the stage and
grade of BC. The analytical platforms used were high-resolution H
NMR, ICP-OES, and high-resolution laser desorption/ionization MS
(LDI-MS), and the associated data were subjected to robust vali-
dation by multivariate and univariate statistical analyses.

2. Materials and methods
2.1. Materials and instruments

High-resolution LDI-MSI experiments were performed on
Autoflex Speed time-of-flight mass spectrometer (Bruker, Bremen,
Germany) with a declared resolution of >20,000 for m/z values of
>1,000 in positive-ion reflectron mode. The samples were placed
on a stainless-steel target with automatic pipette and then covered
by nebulization with a silver-109 nanoparticle (°AgNP) suspen-
sion generated by pulsed fiber laser (PFL) two-dimensional (2D)
galvoscanner (GS) laser synthesis in solution/suspension (LASiS)
and nebulization of 1°°AgNPs (1°°AgNPs LDI-MS) as described in
our recent publication [32]. Gold nanoparticle (AuNP)-based LDI-
MS (AuNPs LDI-MS) was prepared analogically as described above
with the exception for PFL-2D GS LASiS material/substrate, which
was gold foil of 1 mm thickness. All solvents were of minimum LC-
MS grade and were acquired from Sigma Aldrich (St. Louis, MO,
USA). Deuterium oxide (D,0) and 4,4-dimethyl-4-silapentane-1-
sulfonic acid were purchased from Sigma Inc. (Boston, MA, USA).
Nitric acid EMSURE ISO-grade 65% and hydrogen peroxide EMSURE
ACS ISO-grade 30% were purchased from Merck KGaA (Darmstadt,
Germany).

2.2. Collection of human serum samples

Serum samples were collected at John Paul II Hospital (Kolbus-
zowa, Poland). Control serum samples were collected from healthy
volunteers after a medical examination focused on the detection of
urinary cancers. Both types of serum samples from the original
NMR, MS, and ICP-OES datasets were randomly divided every time
into two groups, a training set, comprising 80% of all samples, and a
validation set, corresponding to 20% of all samples. All the patients
underwent transurethral resection of bladder tumor following
detailed clinical questioning and laboratory testing. The local
bioethics committee approved the study (Permission No.: 2018/04/
10). Just over half of the patients (n = 54) had LG BC and papillary
urothelial neoplasm of low malignant potential (PUNLMP) (n = 3),
whereas the remaining patient group exhibited HG disease
(n = 41). In two cases, both HG and LG neoplasms were detected.
Most of these patients (n = 69) displayed noninvasive papillary
carcinomas (pathologic stage Ta, pTa) stage disease, 19 had sub-
mucosal invasive tumors (pathologic stage T1 (pT1)) stage, and 12
patients had muscle invasive BC (pathologic stage T2 (pT2)). The
average age of patients diagnosed with BC and in the NC group was
74 + 10 and 64 + 12 years, respectively. The clinical characteristics
of the patients are presented in Table S1. A 2.6 mL of blood sample
was drawn from each participant and centrifuged (3,000 g, 10 min,
room temperature), then separated and kept at —60 °C.

2.3. Preparation of serum metabolite extracts for 'H NMR
metabolomics

Medium-to-high polarity metabolites were extracted from
serum samples as stated in our recent publication [33] and detailed
in Section S1 in the Supplementary data.
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2.4. Preparation of serum samples for LDI-MS studies

Serum samples were thawed at room temperature and diluted
500 times with methanol. Then, 0.3 pL of serum sample was placed
directly on target plates (1°°Ag and Au PFL-2D GS LASIS [32]). After
the solvent was evaporated in air, the plates with the samples were
measured with Autoflex Speed apparatus.

2.5. Data processing and spectral acquisition

NMR and MS spectral acquisition and processing are shown in
the Supplementary data (Sections S2—S4).

2.6. ICP-OES analysis

Determination of the concentrations of Ca, Fe, K, Na, Mg, as well
as minor elements (Mn, P, and S) and trace elements (Cu and Zn) in
serum, was performed for 116 samples (65 BC and 51 NC) as stated
in our recent publication [31] and detailed in Section S5 in the
Supplementary data and Table S2.

2.7. Multivariate statistical analysis

All metabolite datasets were analyzed using the MetaboAnalyst
5.0 [34]. The statistical analysis approach presented in this publi-
cation is similar to one we previously presented [31] and another
unrelated study [35]; details are presented in the Supplementary
data (Section S6).

3. Results

In this work, we studied the metabolic profiles of BC in an effort
to propose serum-specific metabolic and/or elemental markers for
the specific detection of BC. Two hundred (100 BC and 100 normal
control (NC)) 'H NMR spectra were recorded of metabolite extracts
from patients and healthy control serum samples. Four hundred LDI
mass spectra were recorded with the use of 1°Ag and Au PFL-2D GS
LASIS targets. Additionally, 116 ICP-OES spectra of samples from 65
patients with BC and 51 NCs were studied.

3.1. Differences between BC and control serum by 'H NMR

Two hundred extracts from sera (100 cancer and 100 control)
were analyzed with '"H NMR spectroscopy. Overall, 39 compounds
were identified in each serum sample following standard protocols
[36,37]. An overlay of control and cancer NMR spectra, presented as
blue and red traces, respectively, in Figs. 1B and C, shows a relatively
high degree of similarity in the raw NMR data. These spectral re-
gions depict NMR signals observed from 3-hydroxybutyrate and
acetate metabolites, respectively. The intensity-normalized spectral
overlays shown in Figs. 1B and C clearly indicate that 3-
hydroxybutyrate levels (Fig. 1B) are higher and acetate levels (Fig.
1C) are lower in the serum profiles of patients with BC (red)
compared with healthy controls (blue). Detailed analysis of the
spectra indicated significant differences in metabolite levels be-
tween serum samples from patients with BC and healthy controls.

Metabolite concentration datasets obtained by NMR metab-
olomics were randomly divided into two subsets: a training dataset
to train the model (n = 80 BC and n = 80 NCs), and a validation
dataset to assess the validity and robustness of the trained model
(n =20 BC and n = 20 NCs). Metabolite concentrations from both
datasets were subjected to statistical analyses to assess differences
in metabolite levels. The results of these analyses are summarized
in Tables S3 and S4. The 2D principal components analysis (PCA)
score plots of both subsets indicated good separation between the
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cancer and the controls (Fig. 2A). In the validation set, separation
between cancer and control serum samples was also observed
along principal components 1 and 2 (Fig. 2B). The three-dimen-
sional (3D) PCA plots for training and validation sets are provided in
Figs. S1A and B.

A supervised multivariate analysis of the training set with the
aid of orthogonal partial least-squares discriminant analysis (OPLS-
DA) indicated the strong separation of the BC and NC groups
(Fig. 2C). Two thousand permutation tests were conducted to
evaluate the statistical robustness of the OPLS-DA model (Figs. S2A
and B). Good discrimination was observed between the two groups
(Q% =0.880, R?Y = 0.914, P < 0.0005 (0/2000)), revealing significant
differences in the metabolic profiles of cancer versus control serum
samples. Group separations were observed with OPLS-DA in the
validation set (Fig. 2D) and were confirmed by the good results of
the permutation test (Q? = 0.780, R%Y = 0.932, P < 0.0005 (0/2000))
(Figs. S2C and D). Potential serum BC biomarkers were selected on
the basis of the S-plot resulting from the OPLS-DA model. Variables
with [P(corr)] > 0.5 were considered significant. Four variables
(acetate, propionate, pyroglutamate, and choline) were positively
correlated with the group separation, as determined by a P(corr) [1]
score of >0.5, while one metabolite (isobutyrate) negatively
correlated with the group separation, as assessed by —P(corr)
[1] < —0.5 (Fig. S1C). The S-plot of the OPLS-DA model in the
validation set confirmed almost all of the selected metabolites
(except for propionate) as the most significant for the differentia-
tion of the BC and NC groups (Fig. S1D). Finally, four metabolites
were identified as significant discriminators: acetate, pyrogluta-
mate, and choline, which all exhibited higher concentrations in the
sera of NCs, and isobutyrate, which was significantly elevated in the
sera of BC patients. The P-value of each variable was calculated
using independent t-tests and only variables with P-values and
false discovery rate < 0.05 were considered significant. Metabolite
concentration information for a set of 39 significant metabolites is
presented in Tables S3 and S4. Next, univariate receiver operating
characteristic (ROC) curve analysis was separately performed on
both the training and validation sets to evaluate the diagnostic
ability of the models. The quality of the ranking represents the area
under the curve (AUC) above 0.7. The results indicated that in the
serum samples, all four previously selected metabolites (acetate,
choline, pyroglutamate, and isobutyrate) exhibited very high AUC
(above 0.82). The best ROC analyses with the highest significance
were obtained for isobutyrate (AUC = 0.953, specificity = 0.9, and
sensitivity = 0.9), followed by pyroglutamate (AUC = 0.894,
specificity = 0.8, and sensitivity = 0.9), propionate (AUC = 0.859,
specificity = 1.0, and sensitivity = 0.7), choline (AUC = 0.828,
specificity = 0.8, and sensitivity = 0.8), and acetate (AUC = 0.824,
specificity = 0.8, and sensitivity = 1.0). The range of concentrations
compared to all these metabolites in the serum samples of cancer
patients compared to NCs is reported in Fig. S3. The most significant
results from our statistical analyses of compounds identified as
potential biomarkers of BC are presented in Table 1.

The classification ROC model was built with the use of Metab-
oAnalyst 5.0 online service and was based on a random forest al-
gorithm. As shown in Figs. 2E and F, the combination of levels of
these metabolites was a better discriminator (AUC >0.999) than
each metabolite separately in both data sets. An excellent
discriminating classification was found for four metabolites, i.e.,
acetate, propionate, choline, and isobutyrate, with an AUC of 0.999.
For this model, the confidence interval ranged from 0.994 to 1.000
(Fig. 2E). The validation of the ROC model is shown in Fig. S4 and a
permutation test with 1000 permutations yielded a P-value <
0.001, supporting the validity of the ROC analysis. The average of
the predicted class probabilities of each sample and the average
accuracy of the ROC curve demonstrated good classification
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Fig. 1. (A) Characteristic proton nuclear magnetic resonance ('"H NMR) spectrum fragment (0.5—4.2 ppm) of a protein-free metabolite extract mixture obtained from serum sample
from a patient with BC, recorded on a 600 MHz (14 T) solution NMR spectrometer. Expanded NMR spectral regions, corresponding to 'H chemical shift ranges of (B) 1.16—1.21 ppm
for 3-hydroxybutyrate and (C) 1.900—1.911 ppm for acetate, with a spectral overlay of 80 serum metabolic profiles obtained from healthy control patients depicted in blue (blue

spectral traces) and BC patients in red (red spectral traces).

discriminatory power, with most of the samples classified accu-
rately in their respective groups. The results suggested that four
specific metabolites, namely, acetate, propionate, choline, and iso-
butyrate, could significantly increase diagnostic potential and serve
as useful discriminators of cancerous versus healthy phenotypes in
patients diagnosed with BC.

3.2. Differences between grades of BC with '"H NMR

To determine whether metabolomics analysis of serum sam-
ples by 'H NMR could help discriminate between different
grades of BCs, PCA and OPLS-DA analyses were performed on the
entire metabolite dataset. The analysis of BC included 95 serum
samples from patients with a uniquely defined grade of cancer;
three samples from patients with PUNLMP and two samples
from patients with tumor only partially classified as HG were
excluded. Finally, 41 serum extracts from patients with HG
cancer and 54 samples from patients with LG cancer were used
for analysis. The 2D and 3D PCA score plots, which revealed
relatively low discrimination between LG and HG cases with a
few outliers, are shown in Figs. S5A and B. Likewise, the OPLS-DA
score plots highlighted little separation between the HG and LG
cancer groups (Fig. S5C), yet yielded an acceptable P-value

(P = 0.002). The statistical significance of the model was exam-
ined using Q2 (0.192) and permutation tests (n = 2000), which
yielded a P-value lower than 0.05. Detailed assessments of the
quality of the OPLS-DA model are shown in Fig. S6. The S-plot
analysis of the OPLS-DA model indicated that 15 metabolites
were significant contributors to the small separation observed
between LG vs. HG samples in the 2D and 3D OPLS-DA score plot
(Fig. S7). Of these 15 metabolites, leucine, histidine, alanine,
3-methyl-2-oxovalerate, tyrosine, phenylalanine, choline, tryp-
tophan, hypoxanthine, asparagine, valine, proline, threonine,
2-hydroxybutyrate, and glutamine were found to be positively
correlated with group separation with a P(corr) [1] score > 0.5.
These biomarker candidates were subjected to a t-test to assess
the significance of altered levels in LG versus HG. All 15 me-
tabolites were found to exhibit statistically significant differences
in concentration (P < 0.05; q < 0.05 and |P(corr)| > 0.5), sug-
gesting that examining the different levels of these metabolites
in human sera may be an effective way to identify LG and
discriminate LG from HG in patients with BC. AUC values for five
of the 15 metabolites were found to be greater than 0.74 (Fig. S8).
Additionally, ROC curve analysis of these five metabolites (i.e.,
leucine, histidine, alanine, 3-methyl-2-oxovalerate, and tyrosine)
only yielded a satisfactory AUC value of 0.775 (Fig. S9A), and a
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Fig. 2. Two-dimensional principal component analysis (PCA) and orthogonal partial least-squares discriminant analysis (OPLS-DA) score plots of the tumor (violet) and control
(orange) serum samples in the (A and C) training set and (B and D) validation set for 'H NMR data. The receiving operator characteristic (ROC) curves of the combination of four
differential metabolites, namely, isobutyrate, pyroglutamate, choline, and acetate, in the (E) training set and (F) validation set. AUC: area under the ROC curve; ClI: confidence
interval; PC: principal component.

valid permutation test with a P-value < 0.001. The average ac-
curacy based on 100 cross validations amounted to a value of
0.693 (Fig. S9D). These analyses support that leucine, histidine,
alanine, 3-methyl-2-oxovalerate, and tyrosine may be good in-

dicators discriminating bladder tumor grades.

3.3. Differences between stages of BC identified by "H NMR

Analysis of tumor stages was also performed for the entire 'H
NMR dataset of serum metabolite extracts. Metabolite profiling
analysis included 88 serum samples from patients with non-muscle



K. Ossoliniski, T. Ruman, V. Copié et al.

Table 1
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Summary of targeted quantitative analysis of potential biomarkers of BC from proton nuclear magnetic resonance ("H NMR) and inductively coupled plasma optical emission
spectrometry (ICP-OES) spectral analyses of serum samples (P-value < 0.05; |P(corr)[1]| > 0.5; area under the curve (AUC) > 0.75).

Comparison mode Data set Metabolite/element AUC VIP [t] P(corr)[1] P-value * Fold change °
Cancer vs. control TH NMR Isobutyrate 0.95 22 —0.718 43 x 1072 19
Pyroglutamate 0.89 1.9 0.626 7.8 x 10718 0.5
Propionate 0.86 2.0 0.638 42 x 1071 0.8
Choline 0.83 1.7 0.536 7.6 x 10713 0.7
Acetate 0.82 23 0.729 1.6 x 10712 0.4
ICP-OES Li 0.71 14 0.512 58 x 1074 0.1
Fe 0.85 2.0 —0.740 1.1 x 1078 1.9
Low-grade vs. high-grade TH NMR Leucine 0.80 15 0.711 13 x 10°¢ 0.8
Histidine 0.79 1.7 0.830 22 %1078 0.7
Alanine 0.77 15 0.718 14 x 107° 0.8
3-methyl-2-oxovalerate 0.77 14 0.690 22 %107 0.6
Tyrosine 0.75 1.2 0.568 63 x 107 0.8
pTa/pT1 vs. pT2 'H NMR Histidine 0.80 1.9 —0.832 0.0001 1.9
Alanine 0.79 1.7 —0.732 0.0002 1.6
Tryptophan 0.77 1.7 -0.718 0.0002 1.6
Glutamine 0.77 1.5 —0.645 0.0017 14
Glycine 0.75 14 —0.593 0.0069 1.4
Methylhistidine 0.88 13 —0.580 0.0094 2.1
Choline 0.88 13 —0.566 0.0015 1.5
Isobutyrate 0.82 1.2 —0.537 0.0021 1.4
Threonine 0.78 1.2 -0.531 0.0009 13

@ P-value determined from Student's t-test.

b Fold change between cancer and control serum calculated from the concentration mean values for each group; pTa: noninvasive papillary carcinomas; pT1: submucosal
invasive tumors; pT2: muscle invasive bladder cancer; VIP: variable influence on projection.

invasive BC (pTa/pT1) and 12 serum samples from patients with
muscle invasive BC (pT2). Preliminary PCA analysis was performed
using the entire dataset of metabolite concentrations. PCA and
OPLS-DA score plots indicated relatively low separation between
the pTa/pT1 and pT2 stage of BC, with a few outliers that were
removed prior to the further OPLS-DA analysis. Figs. SSD—F contain
the 2D, 3D-PCA, and OPLS-DA scores plots of the two groups that
were classified by BC grades. The quality factors for the OPLS-DA
model included Q? of 0.141 and R?Y of 0.347 and permutation test
P-value lower than 0.05 (Figs. S6C and D). The S-plot analysis of the
OPLS-DA model revealed the 12 serum metabolites that appeared
to be most relevant for sample differentiation between pTa/pT1 and
pT2 cancer grade: histidine, alanine, tryptophan, glutamine,
glycine, methylhistidine, choline, isobutyrate, threonine, phenyl-
alanine, leucine, and 3-methyl-2-oxovalerate (Fig. S7C). All those
compounds corresponded to |P(corr)|> 0.05 and variable influence
on projection (VIP) > 1.2 and were found to be at a higher con-
centration in the sera of patients with noninvasive pTa/pT1 BC stage
(Fig. S7D). However, the ROC analysis narrowed this group down to
nine metabolites with an AUC greater than 0.75: histidine, alanine,
tryptophan, glutamine, glycine, methylhistidine, choline, iso-
butyrate, and threonine. The ROC curve analysis of nine potential
biomarkers is shown in Fig. S10. For those nine selected metabo-
lites, a ROC curve analysis was performed to assess the performance
of this model in distinguishing between pTa/pT1 and pT2 BC stages,
and yielded an AUC value of 0.844, which indicated the good
discriminatory ability of the model (Fig. S9E). The permutation test
based on the measured area under the ROC curve (AUC) for that
model yielded a P-value < 0.01 (Fig. S9F). The average of the pre-
dicted class probabilities of each sample across 100 cross valida-
tions and the associated permutation tests are shown in Figs. S9G
and H. Analysis of the changes in metabolite concentration for a
given stage of BC, i.e., pTa/pT1 versus pT2, reveals higher levels of
histidine, alanine, tryptophan, glutamine, glycine, methylhistidine,
choline, isobutyrate, and threonine in the serum samples of BC
patients with a pTa/pT1 stage of tumor compared to the sera of BC
patients with a pT2 stage tumor. The comparison of the three
groups of cancer stage (pT1 vs. pTa vs. pT2) did not reveal any
statistically significant differences.

3.4. Elemental profile of serum in BC determined by ICP-OES

The concentrations of chemical elements obtained from ICP-OES
analysis of 116 extracts of serum samples (65 BC and 51 NCs) were
subjected to statistical data analysis. A total of 12 elements were
identified and quantified. The mean concentration of each of these
elements is summarized in Tables S5 and S6. Prior to statistical
analysis, the data were randomly divided into two subsets: a
training set (control, n = 42 and cancer, n = 52) and a validation set
(control, n = 10 and cancer, n = 13). As shown in Fig. 3A, the PCA
score plot revealed a trend for separation between the two groups
in the training set. Results from the OPLS-DA analysis, shown in
Fig. 3B, provided a slightly clearer separation (compared to the PCA
analysis) between cancer and controls, and the validation param-
eters for the model were R2X and Q2 values of 0.334 and 0.476,
respectively (Fig. S11). The analysis of the VIP scores of the OPLS-DA
model in the training set is presented at Fig. 3C.

Three elements (Cu, Fe, and Li) could be used to distinguish be-
tween the two groups of study participants; however, only two of
them (Cu and Fe) were confirmed to be the most significant dis-
criminators following model validation assessments (Fig. S12). The
loading S-plot of OPLS-DA of the training set revealed that Fe was
negatively correlated with group separation, with —P(corr)
[1] < —0.5, and indicated that a significantly higher level of this
element was found in the serum of patients diagnosed with BC
compared with the control group. Subsequently, Li was found to be
positively correlated with the group separation, with P(corr)
[1] > 0.5, indicating that it was found in higher levels in the serum
samples of NCs. ROC analysis revealed that Fe was the most signifi-
cant, with an associated AUC value of 0.850, sensitivity of 0.8, and
specificity of 0.8, whereas for Li, the AUC value was 0.710, sensitivity
was 0.8, and specificity was 0.6. In addition, ROC curve analysis
assessing the performance of the ICP-OES model in distinguishing
between cancer and control samples was performed using only two
selected elements (Fe and Li). This analysis yielded an AUC value of
0.807 for the training set, which indicated good discriminatory po-
wer to separate the two (BC and NC) groups (Fig. 3D). The permu-
tation test yielded a significant P-value of <0.001. The average
accuracy amounted to a value of 0.728 (Fig. S13D).
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Fig. 3. Two-dimensional (A) principal component analysis and (B) orthogonal partial least-squares discriminant analysis (OPLS-DA) score plots of the tumor (violet) and control
(orange) serum samples for ICP-OES data in the training set. (C) The potential discriminatory elements identified from the variable importance in projection (VIP) scores derived
from the OPLS-DA model in the training set. (D) The receiving operator characteristic (ROC) curves of the combination of two differential elements, Fe and Li. (E and F) The box-and-
whisker plots of Fe and Li level values observed in the control and BC serum samples. PC: principal component.

These statistical analyses demonstrated that differential levels
of Fe and Li are potentially good indicators of BC in human serum.
The results from the statistical analyses of these two selected ele-
ments are summarized in Table 1.

3.5. Untargeted metabolic profiling by PFL-2D GS LASiS AuNPs and
109AgNps LDI-MS

In total, 335 and 650 features were detected in the serum
samples of 200 participants analyzed with PFL-2D GS LASiS AuNPs
and 19°AgNPs LDI-MS. Statistical analysis was performed using data
randomly divided into two subsets: a training set (n = 80 BC and
n = 80 NCs) and a validation dataset (n = 20 BC and n = 20 NCs).

2D-PCA and OPLS-DA score plots of mass spectral features
created for PFL-2D GS LASIS '°?AgNPs LDI-MS data revealed clear
discrimination between cancer and control serum samples in both
subsets (Fig. S14). The analysis of both subsets (training and vali-
dation set) indicated 216 common features with |p[1]| and |P(corr)|
above 0.5, of which 96 m/z values were more abundant in serum
from patients with BC compared with the control group, and 119
features displayed the opposite trend. The validation of the OPLS-
DA model using 2000 permutations resulted in R%Y and Q? values
of 0.986 (P < 0.0005) and 0.982 (P < 0.0005) (Fig. S15). All 11
previously selected m/z mass spectral features were found to
exhibit AUC values of >0.73. Figs. SI6A and D indicate the

combination of m/z values, which is a better discriminator (AUC
>99% in the training and validation set) than independent evalua-
tion of each feature, which reinforces the improved capacity of
biomarker patterns to accurately distinguish between the BC and
NC groups. In the next step, putative identification of mass spectral
features was performed by searching various metabolite databases,
i.e, Human Metabolome Database [38], MetaCyc Metabolic
Pathway Database [39], LIPID MAPS® Lipidomics Gateway [40], and
Metlin [41]. Seventeen mass spectral features were putatively
identified as naturally occurring metabolites in the human body.
Important mass spectral features and annotated metabolite IDs
resulting from the PFL-2D GS LASiS '®?AgNPs LDI-MS analyses are
reported in Table S7. All statistical data with mean feature abun-
dance for control versus cancer serum samples based on PFL-2D GS
LASiS '©9AgNPs LDI-MS in the training and validation datasets are
presented in Tables S8 and S9.

The acquired data from untargeted PFL-2D GS LASiS AuNPs LDI-
MS analysis were also analyzed using PCA and OPLS-DA to identify
novel metabolites. In both cases, score plots showed clear separa-
tion in both subsets, suggesting that the PFL-2D GS LASiS AuNPs
LDI-MS-based serum metabolomics model could be used to iden-
tify BC (Fig. S17). The S-plots derived from the OPLS-DA model
using the training set (R%Y = 0.962, Q? = 0.955) and the validation
set (R%Y = 0.982, Q> = 0.964) generated a list of mass spectral
features (m/z) of interest that were found to be important for group
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discrimination (Fig. S18). All relevant mass spectral features are
reported in Tables S10 and S11. The analysis of both subsets
(training and validation sets) identified 172 common features with |
p[1]| and |P(corr)| above 0.5, of which 44 m/z values were more
abundant in the sera of BC patients compared to the control group,
and 128 features exhibited the opposite trend. This analysis was
followed by a multivariate ROC analysis. As shown in Fig. S19, the
combination of mass spectral features in both subsets was found to
be a more powerful discriminator between control and BC serum
samples (AUC > 99%), compared with that of any individual mass
spectral feature.

The results presented above suggest that selected mass spectral
features can significantly increase the performance of the diag-
nostic model and can be used to distinguish cancer serum samples
from controls. Putative identifications of selected features allowed
for the identification of eight compounds that are often present in
the human body (Table S7).

3.6. Pathway analysis of potential cancer biomarkers

Metabolic pathway impact analysis suggested that 14 out of 25
metabolites identified in the NMR and LDI-MS analyses were
relevant to human metabolism. Seven pathways (glycine, serine
and threonine metabolism, glycerophospholipid metabolism,
propanoate metabolism, glutathione metabolism, pyruvate meta-
bolism, glyoxylate and dicarboxylate metabolism, and glycolysis/
gluconeogenesis) were significantly impacted in BC compared with
the controls. The results from this pathway impact analysis are
shown in Fig. 4A and Table S12. The bubble area (Fig. 4A) reveals the
degree of impact on the pathway and the color represents the
significance (highest in red and lowest in white). Quantitative
enrichment analysis found 10 additional pathways relevant to BC,
i.e, amino sugar metabolism, aspartate metabolism, betaine
metabolism, ethanol degradation, fatty acid biosynthesis, methio-
nine metabolism, phosphatidylcholine biosynthesis, phosphati-
dylethanolamine biosynthesis, phospholipid biosynthesis, and
vitamin K (K1 and K2) metabolism (Fig. 4B and Table S13).

4. Discussion

In this study, NMR, ICP-OES, and LDI-MS with both '°?AgNPs and
AuNPs-based targets were employed to evaluate changes in serum
metabolite and element levels between patients with BC and con-
trols. BC is characterized by several metabolic changes that
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promote cancer cell proliferation and thus tumor growth [42].
These changes in metabolism provide an essential source of energy
for intracellular metabolism and building blocks for rapidly
dividing tumor cells. The Warburg effect, a hallmark of cancer cell
metabolic activity, involves aerobic glycolysis in the presence of an
aerobic environment and fully functioning mitochondria, and relies
on increased glucose uptake and the conversion of glucose to
lactate. This type of energy gain for cancer cells is much less energy
efficient than mitochondrial respiration (2 adenosine triphosphate
(ATP) vs. 36 ATP respectively) [43]. However, studies have shown
that the rate of glucose-to-lactate conversion is 10—100 faster
compared with that of the complete mitochondrial oxidation of
glucose [44]. Moreover, the decoupling of glycolysis from oxidative
phosphorylation offers a biosynthetic advantage for cancer cells by
enabling the increased production of diverse biosynthetic pre-
cursors [45].

In this study, we investigated the serum metabolic profiles
among LG BC, HG BC, non-muscle invasive bladder cancer (pTa/
pT1), muscle invasive BC (MIBC, pT2), and healthy subjects. The
OPLS-DA modeling of the 'H NMR metabolomics data revealed a
clear separation between the BC and control serum sample groups.
Metabolites with the highest AUC values (>0.82) included iso-
butyrate, pyroglutamate, propionate, choline, and acetate. The
differences in the concentration of pyroglutamate, acetate, propi-
onate, and choline were statistically significantly and higher in the
sera of healthy individuals, whereas isobutyrate concentrations
were much higher in the sera of BC patients.

Negative charges of short-chain fatty acids are considered to be
crucial metabolic and immune cell regulators [46]. Acetate plays a
key role in the metabolism of acetyl coenzyme A (acetyl-CoA),
bioenergetics, cell proliferation, and regulation [47]. In cells, acetate
is mainly used to generate acetyl-CoA through an ATP-dependent
reaction by acetyl-CoA synthetase. Tumor cells use acetate in the
form of acetyl-CoA, primarily for fuel or as a carbon source for lipid
synthesis [48]. Acetyl-CoA synthetase 2 (ACSS2), one of the en-
zymes capable of using acetate as a substrate, contributes to cancer
cell growth and is highly upregulated in multiple cancer types [49].
Based on these studies, we surmise that the lower levels of acetate
in the serum samples of patients with BC may be due to its sig-
nificant uptake and utilization by ACSS2 in cancer cells. Recently,
Lee et al. [50] reported that acetate in urine, along with four urine
metabolites, may contribute to the discrimination of different
urological cancers. Their research showed that acetate levels in
urine were slightly elevated in kidney cancer patients compared to
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patients with bladder and prostate cancer. Unfortunately, these
results were not directly compared to those of a healthy control
group [50].

Other metabolites present at lower concentration in the sera of
BC cancer patients compared with healthy controls include choline
and propionate. Studies have shown that the consumption of
choline may protect against cancer [51]. Propionate, a metabolite
produced by the intestinal microbiota, reduces the proliferation of
cancer cells in the liver and the lungs [52,53]. Acetate and propio-
nate are the end-products of the indigestible carbohydrate
fermentation in the human colon, and are distributed systemically
via blood circulation. These compounds have been shown to exhibit
anti-inflammatory properties in immune cells, inhibit colon cancer
cell growth, and induce cancer cell death by apoptosis [53,54]. The
levels of serum propionate are also associated with circulating
immune cells in patients with multiple sclerosis, and lower serum
propionate levels were found in patients with multiple sclerosis
compared with the healthy controls [55]. In our study, the
increased absorption of propionate by cancer cells is reflected by
the lower propionate concentration in the sera of the patients with
BC. However, no study to date has focused on the role of propionate
in the progression of BC.

Choline is a water-soluble quaternary amine that is often
grouped with vitamin B owing to its chemical similarities, and is a
key nutrient for humans. This compound has various key functions
in the human body, especially with respect to neurochemical pro-
cesses [56]. Choline is involved in phospholipid production and
triglyceride metabolism, and is therefore necessary for the proper
structure and function of cell membranes. In this study, patients
with BC had lower serum levels of choline compared with the
controls, which could be a consequence of increased choline ab-
sorption by cancer cells. Our results are consistent with those of
other studies that have shown that cancer cells often increase the
synthesis of fatty acids; in turn, these can act as substrates for
phosphatidylcholine synthesis, which is increased in tumor cells
[57,58]. Furthermore, the increase in serum choline levels in cancer
patients is consistent with our previous study results, where
choline levels were found to be decreased in the sera of patients
with renal cell carcinoma compared with controls [59]. The oppo-
site situation was observed in urine, where urine choline levels
were increased in patients with BC [60,61].

Ohara et al. [62] revealed that isobutyrate exerted an anticancer
effect by suppressing the growth/metabolic networks supporting
colorectal cancer. Previously, Wang et al. [63] showed that the
levels of isobutyrate were lower in fecal samples of patients with
colorectal cancer compared to those of healthy control individuals.
To date, there is no report that isobutyrate is a potential biomarker
of BC. In our research, isobutyrate levels were found to be signifi-
cantly altered, as shown by the cancer-to-control mean concen-
tration (fold change) ratio of 1.9.

Pyroglutamate is a cyclized derivative of L-glutamate and is
related to the gamma-glutamyl cycle, which is the main pathway
for glutathione synthesis [64]. Glutathione is a major antioxidant
produced in the human body, the levels of which can drop
significantly as a result of oxidative stress or chemical exposure. In
the case of low glutathione levels, the level of pyroglutamate from
which it is reconstituted is also decreased [65]. Pyroglutamate was
found to be a promising biomarker for the diagnosis of nonalco-
holic liver disease [64]. Several studies have observed elevated
levels of pyroglutamate in the biofluids of patients with several
genetic disorders and an acetaminophen-induced metabolic dis-
order [66]. Most of the research devoted to urinary or serum
metabolomics of BC has suggested a higher level of pyroglutamate
in patients with BC compared with healthy controls [22,67].
However, both of these cited publications are based on GC-MS
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results with derivatization, which can be considered inferior in
terms of quantitation compared to the measurement of unmodi-
fied extracts with NMR.

Fe is a crucial trace element in which the deficiency or excess is
associated with numerous disease states [68]. ICP-OES analysis
indicated an increase in serum Fe in patients with BC, which is
surprising, given that these patients often have micro/macro-
hematuria, so Fe deficiency would be expected [69]. However, the
higher level of Fe in serum of patients with BC may be explained by
the activation of mechanisms stimulating Fe absorption from the
gastrointestinal tract, which provides a possible compensation for
the level of Fe in the blood. Moreover, previous studies have sug-
gested that excess Fe in the sera of patients with cancer may be
associated with malignant transformation and cancer progression
[70]. In tumor tissues, rapid cell proliferation and increased DNA
synthesis are often observed, which require high Fe bioavailability.
In the human body, the main source of Fe in the blood is heme,
which is released following the breakdown of red blood cells [70].
Further, our results are consistent with earlier studies that reported
elevated serum Fe levels in various types of diseases, such as he-
patocellular carcinoma, lung cancer, and colorectal cancer [71].

Li is an alkali metal used to treat psychiatric disorders, and has
potential benefits for the treatment of leukemia or thyroid disor-
ders [72]. It inhibits several enzymes, including inositol mono-
phosphatase and glycogen synthase kinase-3 [73]. However, the
ingestion of Li causes many side effects, including hypercalcemia,
cardiovascular, and gastrointestinal and parathyroid disorders [74].
Recent studies demonstrated that Li uptake is associated with
reduced tumor incidence, probably through inhibited cell prolif-
eration, which may be linked to reduced DNA replication and S-
phase cell cycle arrest [75]. Wach et al. [29] detected significantly
increased concentration of Li in the sera of patients with BC
compared with healthy controls using ICP-OES.

Lower concentration of the serum amino acids histidine,
alanine, tryptophan, glutamine, glycine, and threonine in patients
with muscle invasive BC (pT2) in comparison to non-muscle inva-
sive BC (pTa/pT1) may suggest the higher uptake of these amino
acids and their potential role in protein synthesis underlying
muscle cancer invasion. This inference is supported by proteomic
studies that reported significant differences in tissue protein
expression, which were correlated with BC ability to invade into
muscle tissue [76]. Another possibility as to why these amino acids
are present at lower concentrations may be due to general state of
cachexia and malnutrition observed in patients with MIBC, which is
usually a systemic disease and often manifests at a stage when
metastases are present. Interestingly, lower concentrations of
serum amino acids (leucine, histidine, alanine, and tyrosine) can be
also observed in LG BC when compared to HG BC. In healthy or-
ganisms, de novo lipogenesis is limited to hepatocytes and adipo-
cytes. Cancer cells may reactivate this anabolic pathway, which
relies on glucose, glutamine, and acetate to synthesize citrate. Both
acetate and citrate are substrates for extramitochondrial acetyl-CoA
production, which is essential for fatty acid and cholesterol
biosynthesis [57].

To date, several papers have focused on metabolite analyses in
urine and blood from BC patients in an effort to potentially differ-
entiate the different grades of this cancer. However, to our
knowledge, only two studies have explored the relationships be-
tween changes in metabolite levels in urine and different tumor
stages (Ta/Tis, T1, and >T2) [61,77]. At present, there are no reports
of serum profiling in patients with different types of BC, probably
owing to the fact that this type of analysis would require quite a
large group of patients and healthy controls.

A pilot urine analysis conducted by Kim et al. [67] in 2010
studied a relatively small group of patients and revealed slightly
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elevated levels of alanine, glutamine, leucine, tyrosine, and glycine
and slightly decreased levels of threonine and tryptophan in pa-
tients with BC compared with controls. Subsequent studies also
using GC-MS confirmed higher levels of alanine in the serum of the
healthy controls compared to patients with BC, but the levels of
alanine were not found to be potentially diagnostic of BC stages
[22]. In our study, a slightly lower concentration of alanine in the
serum of patients with BC was found compared to the control
group; however, this trend was not found to be statistically sig-
nificant in differentiating between the two groups. However, we
measured significantly lower levels of alanine in the sera of patients
with LG and pTa/pT1 BC, which has not been previously reported in
the literature.

Troisi et al. [22] obtained comparable results to Kim et al. [67]
study with respect to glutamine level changes, but also found
higher levels of threonine in the sera samples from the LG group
compared with the HG group, and a higher level of glycine in the
HG group compared with the LG group. The results from our study
indicated that differential concentrations of glycine, glutamine, and
threonine in human sera may be used as diagnostic markers and
may help distinguish between different stages of BC, as we have
found that these metabolites were present at higher concentrations
in the sera of patients with pTa/pT1 stage disease compared to
those with pT2 stage. Bansal et al. [24] undertook an NMR-based
study of serum metabolite profiles and identified glutamine as
one of three metabolites that can differentiate between LG and HG
BC, as it was reported to be slightly elevated in the sera of patients
with HG BC [24]. Our results on serum glutamine levels are
consistent with published studies, and suggest that elevated levels
of glutamine in the pTa/pT1 stage of BC may be the result of
increased glutaminolysis, which is observed in some types of tu-
mors as an important mechanism to provide an additional source of
cellular energy [78].

Bansal et al. [24] also reported histidine as one of the six me-
tabolites that can distinguish patients with LG and HG BC from
healthy controls, and was reported to be in higher concentrations in
the sera of LG BC patients compared to HG BC patients and healthy
controls. The authors’ finding about serum histidine levels was
consistent with that of our study, which found higher serum levels
of histidine in LG and pTa/pT1 BC cancer [24,79]. The link between
differential levels of serum histidine and BC progression, as well as
concentration changes in methylhistidine, tyrosine, leucine, and
tryptophan, has also been reported by Alberice et al. [80]. The au-
thors’ study reported elevated levels of these metabolites in the
sera of patients with bladder tumors compared to those of patients
with early stages of BC [80]. In contrast, an LC-MS-based study
reported lower levels of histidine in the urine of patients with BC
compared to healthy controls [56,81]. Moreover, Li et al. [60]
indicated an increased level of L-methylhistidine in the urine of
patients with BC. Histidine is a precursor for histamine synthesis in
a reaction catalyzed by histidine decarboxylase (HDC). The over-
expression of HDC has been observed in various cancers. Histidine
via histamine is associated with inflammation in the urinary
bladder, which is commonly associated with cancer development
in this organ [82].

Our research has shown a significant difference in serum leucine
levels in BC patients with LG compared to HG. In addition to the
research of Kim et al. [67] and Alberice et al. [80], the level of
leucine in patients with BC was also examined by Cao et al. [23],
who reported, using NMR, lower levels of leucine/isoleucine as well
as tyrosine and glycine in the sera of patients with HG BC compared
to LG BC, which was consistent with our findings. Another study,
conducted by Loras et al. [83], reported increased levels of tyrosine
and tryptophan in the urine of patients with BC compared to
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healthy controls. Our research results are also consistent with those
of Yumba Mpanga et al. [84], which indicated significantly higher
levels of tryptophan in the urine of patients with HG BC compared
to LG BC group.

The use of the gold and silver-109-modified targets in LDI-MS
experiments allowed for direct measurement of serum samples
without analyte separation and extraction. Using this technique,
serum analysis allowed the identification of 13 compounds that
were found in greater concentrations in control serum samples
compared to those of patients with BC, and 12 compounds that
displayed the opposite trend; these included three compounds
found independently using both silver-109- and gold-based MS
methods. Most of these compounds were lipids, 12 of which
belonged to the class of sphingolipids, and the remaining contained
fatty acyls, saccharolipids, polyketides, nucleosides or nucleotides,
and others.

Lipid metabolism plays a key role in various processes associ-
ated with cancer cells. Fatty acids are the building blocks of com-
plex lipids, which are used for energy storage or as building blocks
of cell membranes [85]. As reported by many authors, BC initiation
and progression are associated with changes in lipid metabolism
[86]. Sphingolipids are a group of lipids comprising sphingoid bases
(i.e., set of aliphatic amino alcohols that include sphingosine) that
play an important role in regulation of diverse cellular processes
including cellular apoptosis, proliferation, angiogenesis, senes-
cence, and transformation [87]. The importance of sphingolipids in
the regulation of cancer growth and pathogenesis has been well
described in the literature [88]. The sphingolipid metabolism may
be responsible for the invasion and mobility of cancer cells in
muscle-infiltrating BC [89]. Human BC cells have also been shown
to upregulate the cannabinoid receptors 2, which induces cell
apoptosis by stimulating de novo ceramide synthesis [90].

Lastly, the gold- and silver-109-based LDI-MS spectral analyses
shown in this work have indicated a higher concentration of serum
cyanidin in healthy individuals. Cyanidin is classified as a natural
antioxidant present in both fruits and vegetables, and has confirmed
with anticancer properties. It has been reported to induce apoptosis
and differentiation in prostate and renal cancer cells [91,92].

5. Conclusion

We demonstrate that high-resolution NMR, ICP-OES, and gold-
and silver-109-based LDI-MS, together with multivariate statistics,
are powerful sets of tools for the characterization of the serum
metabolome and elemental differences in BC. With regard to
biomarker discovery using 'H NMR spectroscopy, four potentially
robust metabolic biomarkers were identified for 100 tumor serum
samples from patients with BC patients after comparison against
100 healthy controls owing to the excellent predictive ability of AUC
>0.999. Two elements (Fe and Li) exhibited significant concentra-
tion differences in the serum of NCs compared to that of patients
with BC, suggesting that they may serve as useful biomarkers of BC.
Additionally, 22 compounds (mainly lipids) were observed to
differentiate between cancer and control samples, as judged from
laser MS results. We also identified five metabolites that might be
used as potential biomarkers to distinguish LG and HG and nine
metabolites that may serve to differentiate between the pTa/pT1
and pT2 stages of BC. Our results suggest that differential serum
metabolite profiles and elements can help identify patients with BC
compared with NCs, with significant discriminating power between
different stages and grades of BC. Moreover, our findings demon-
strate that combining serum metabolite profiles and elements has a
stronger predictive value than either compound/element alone to
assess disease severity and progression in BC.
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Untargeted ultra-high-resolution
mass spectrometry metabolomic
profiling of blood serum in bladder
cancer

Joanna Niziot**!, Krzysztof Ossoliriski?, Aneta Ptaza-Altamer?, Artur Kotodziej?,
Anna Ossolifiska?, Tadeusz Ossolifiski? & Tomasz Ruman?

Bladder cancer (BC) is a common urological cancer of high mortality and recurrence rates. Currently,
cystoscopy is performed as standard examination for the diagnosis and subsequent monitoring

for recurrence of the patients. Frequent expensive and invasive procedures may deterrent patients
from regular follow-up screening, therefore it is important to look for new non-invasive methods

to aid in the detection of recurrent and/or primary BC. In this study, ultra-high-performance liquid
chromatography coupled with ultra-high-resolution mass spectrometry was employed for non-
targeted metabolomic profiling of 200 human serum samples to identify biochemical signatures that
differentiate BC from non-cancer controls (NCs). Univariate and multivariate statistical analyses
with external validation revealed twenty-seven metabolites that differentiate between BC patients
from NCs. Abundances of these metabolites displayed statistically significant differences in two
independent training and validation sets. Twenty-three serum metabolites were also found to

be distinguishing between low- and high-grade of BC patients and controls. Thirty-seven serum
metabolites were found to differentiate between different stages of BC. The results suggest that
measurement of serum metabolites may provide more facile and less invasive diagnostic methodology
for detection of bladder cancer and recurrent disease management.

Bladder cancer (BC) is the second most frequently diagnosed cancer of the urinary tract after prostate cancer
in the world. In 2020, this disease affected over 473,000 individuals worldwide and was responsible for 212 536
deaths'. According to TNM Classification of Malignant Tumors system proposed by American Joint Committee
on Cancer (AJCC), bladder cancer can be classified according to whether the tumor infiltrates into or out of the
muscular tissue as muscle-invasive bladder cancer (MIBC) and non-muscle-invasive bladder cancer (NMIBC)
respectively”. NMIBC is the most common type of BC and includes noninvasive papillary carcinomas (pathologic
stage Ta), submucosal invasive tumors (T1) and carcinoma in situ (CIS). MIBC includes tumor which extends
into the muscle (stage T2), into the perivisceral fat layer (stage T3) or nearby organs (stage T4). Statistically, in
case of 80% of patients tumor do not spread outside of the bladder wall. BC can also be classified by histology
as low-grade (LG) tumor that rarely spread from their primary site, and high-grade ones (HG) that are more
aggressive and invasive’.

Generally, the first treatment for early BC is a trans urethral resection of bladder tumor (TURBT) sometimes
followed by intravesical instillation of mitomycin or Bacillus Calmette-Guerin (BCG) therapy. On the other hand,
standard treatment for MIBC is a radical cystectomy with pelvic lymph-node dissection. This is combined with
neoadjuvant or adjuvant cisplatin based chemotherapy*. Despite such aggressive type of treatment, the survival
rate of bladder cancer patients is low. Thus, it is essential to combine local and systemic therapies to improve
outcomes. High-grade tumors are usually detected by cytology with high specificity and selectivity, but in the
case of low-grade tumors, their determination is very difficult.

Metabolomic instrumental analysis is powerful family of tools mainly often used for study of biofluids. Small
molecules levels in biofluids such as serum reflects the current state of the organism allowing for identification
and characterization of potential disease biomarkers. The number of metabolomics studies in the diagnosis and
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understanding of many diseases is rapidly growing in recent years®. Numerous analytical methods have been
used to better understand the metabolic changes occurring in living systems and especially cancer phenotypic
changes. However, two analytical platforms including nuclear magnetic resonance (NMR) spectroscopy® and
mass spectrometry (MS) often coupled with liquid chromatography (LC)” allow to achieve the most comprehen-
sive screening of cancer metabolomes. MS in comparison to NMR, allows the detection of much broader range of
compounds with much higher sensitivity, resolution, and precision using very small amount of sample®. Over the
past fifteen years, metabolomic analytical methods have been used extensively to investigate BC and to identify
potential biomarkers of this cancer in urine, serum, and tissues”'’. Compared to urine, serum metabolomics
is less prone to be affected by dilution factor. Serum is also more readily available than tissue and procedure
less invasive'l. Despite the advantages of examining the metabolomes of human sera, there are only a few stud-
ies on serum metabolomics focused on BC biomarker discovery. So far, most studies related to the analysis of
serum of patients with bladder cancer have been carried out using NMR!?>"1 or mass spectrometry coupled with
liquid”'*>-" and gas chromatography (GC) *>?*?!. The first such study of serum from BC patients with LC-MS is
from 2012, when Lin et al.>* analyzed serum profiles of BC with LC-MS, and revealed five potential biomarkers
for diagnosis of different types of genitourinary cancer. Five years later Tan et al. (Tan 2017) analyzed serum
metabolites of 120 BC patients and 52 healthy persons using ultrahigh performance liquid chromatography
(UHPLC) coupled with quadrupole time-of-flight (Q-TOF) mass spectrometry in conjunction with univariate
and multivariate statistical analyses. They selected and validated 3 differential metabolites including inosine,
acetyl-N-formyl-5-methoxykynurenamine and phosphatidylserine, PS(O-18:0/0:0) that could discriminate HG
and LG BC patients and also LG BC and healthy controls. In the same year, Sahu et al. applied GC and LC-MS
to identify metabolite associated with urothelial carcinoma in 72 patients and 7 patients without urothelial
neoplasia'”. Their research indicated potential metabolic pathways altered in NMIBC and MIBC BC. In 2019,
Vantaku et al. presented serum targeted metabolomic analysis based on LC-MS to investigated to investigate
the molecular differences in BC patients from different parts of the world. The study included two independent
cohorts of 54 European Americans and 18 African Americans patients and corresponding healthy controls®. In
the same year, Amara et al.'® applied LC-MS for targeted analysis of serum metabolites of 67 BC smokers and
53 post-operative BC patients and 152 healthy controls. Their research showed that serum analysis before and
after tumor resection can reveal progressive and significant changes of concentration of selected metabolites.
In 2021, Troisi et al. applied LC-MS to profile serum metabolites of 64 patients with BC, 74 patients with RCC,
and 141 healthy controls. They used different ensemble machine learning models in order to identify metabolites
that differentiate cancer patients from controls and allow to classify the tumor in terms of its stage and grade
(Troisi 2021).

In this work we report the first results of untargeted analysis of human sera with ultra-high-resolution mass
spectrometry coupled to ultra-high-performance liquid chromatography. This study employed the large number
of patients—100 cancer patients and 100 controls. Untargeted analysis was focused on serum metabolic changes
generated by bladder cancer but also stratifying the disease by stage and grade. Our study reveals potential BC
biomarkers for early detection, screening and differential diagnosis.

Materials and methods
All chemicals were of analytical reagent grade. Deionized water (18 MQ cm) was produced locally. LC-MS-grade
methanol was bought from Sigma Aldrich (St. Louis, MO, USA).

Instrumentation. Instrumental configuration consisted of a Bruker Elute UHPLC system operated by
Hystar 3.3 software and a ultra-high-resolution mass spectrometer Bruker Impact II (60,000+ resolution ver-
sion; Bruker Daltonik GmbH) ESI QTOF-MS equipped with Data Analysis 4.2 (Bruker Daltonik GmbH), and
Metaboscape (2021b). A Waters UPLC column ACQUITY BEH (C18 silica, 1.7 um particles, 50 x 2.1 mm) with
compatible column guard was used for all analyses. Two mobile phases were: A =Water with 0.1% formic acid,
B =acetonitrile with 0.1% formic acid (v/v). Samples in autosampler were thermostated at 4 °C temperature.
Volume of 5 pL of extract was loaded on the column at a flow rate of 200 pL min™, using 4% B. B percentage
was changed with time as follows: 0 min—1%, 0.56 min—1% B, 4.72 min—99%, 5.56 min—99%, 5.6 min—1%,
9.45 min—1%. Solvent flow was 450 pL min™". Column was thermostated at 40 °C temperature. Internal calibra-
tion on 10 mM sodium formate (water: isopropanol 1:1 v/v) ions was performed automatically in Metaboscape
with the use of syringe pump at an infusion flow rate of 0.12 mL h™', using a high precision calibration (HPC)
mode. Analyses in positive autoMSMS mode were carried out using the following parameters: m/z 50-1200;
capillary voltage: 4.5 kV; nebulizer: 2.7 bar; dry gas: 12 L min}; drying gas temperature: 220 °C; hexapole volt-
age: 50 Vpp; funnel 1: 200 Vpp; funnel 2: 200 Vpp; pre-pulse storage time: 5 ps; transfer time: 60 us. Collision-
Induced Dissociation (CID) was used with following settings: absolute threshold (per 100 sum): 200 cts; absolute
threshold 88 cts; active exclusion 3 spectra; release after 0.3 min, isolation mass: for m/z=100, width was 3, for
500 width was 4, for 1000 was 6 and for 1300 was 8); collision energy value was 30 eV. MS frequency was 20 Hz
and MSMS from 5 to 30. The untargeted annotations were performed in Metaboscape (ver. 2021b) with a crite-
rion of mass deviation (Am/z) under 2 ppm and mSigma value under 15 as the maximum acceptable deviation
of the mass of the compound and the isotopic pattern respectively. For identification and molecular formula
generation, exact mass of parent ions was matched with <3 ppm error and mSigma value <50 in most cases. All
the molecular formulas were obtained using the Smart Formula tool and the C, H, N, O, P, S, Cl, Br, I and F ele-
ments. MSMS spectra was automatically matched against MSMS libraries: Bruker HMDB 2.0 library, MassBank
of North America (MoNA)? library and NIST ver. 2020 MSMS library**. The quality control (QC) sample were
prepared from 100 different serum extracts and were measured every ten samples throughout the analytical run
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to provide a set of data from which method stability and repeatability can be assessed. All measurements were
made in technical triplicates.

Collection of human blood samples. Serum samples were collected from one hundred bladder can-
cer patients (average age 73, Caucasian race) at John Paul IT Hospital in Kolbuszowa (Poland). Control serum
samples were collected from healthy volunteers after medical examination focused on detection of urinary can-
cers. All the patients underwent transurethral resection of bladder tumor (TURBT) following detailed clinical
questioning and laboratory testing. The study was approved by local Bioethics Committee at the University
of Rzeszow (Poland, permission no. 2018/04/10) and performed in accordance with relevant guidelines and
regulations. All patients involved in the study were informed about the purpose of this research and planned
procedures, and signed an informed consent form. Just over half of the patients (n=>54) had low-grade bladder
cancer and papillary urothelial neoplasm of low malignant potential (PUNLMP) (n=3), while the remaining
patient group exhibited high-grade disease (n=41). In two cases, both high- and low-grade neoplasms were
detected. The majority of these patients (n=69) displayed noninvasive papillary carcinomas (pathologic stage
Ta, pTa) stage disease, nineteen had submucosal invasive tumors (pathologic stage T1, pT1) stage and twelve
patients had muscle invasive bladder cancer (pathologic stage T2, pT2). The average age for diagnosed patients
with BC was 74+ 10 years while in NCs group the average age was 64+ 12. The entire NCs group consists of
patients admitted to the urology department for surgical treatment of benign urological conditions (urolithiasis,
benign prostate hyperplasia, testicular hydrocele, varicocele, phimosis, ureteropelvic junction stenosis, urinary
incontinence, urethral stricture). Each of these patients has had performed at least an abdominal ultrasound to
rule out neoplasms (patients with urolithiasis usually also had a computed tomography (CT) scan) and a basic
bundle of lab tests required for urological surgery that rule out inflammation. Patients were selected according
to a similar age range. After familiarizing patients with the research program, patients from the control group
gave written consent to donate residual serum for study (no additional blood was drawn for the purpose of this
study, except that taken before urological surgery). The clinical characteristics of the patients are presented in
supplementary information 1, table S1. Approximately 2.6 ml of blood was drawn from each participant. Sam-
ples were centrifuged at 3000 rpm for 10 min at room temperature. The serum was then separated and kept at
— 60 °C until further use.

Sample preparation. Polar metabolites were extracted from serum samples as described in our recent
publication (Niziol, Ossolifiski, et al. 2021). In brief, deep frozen blood plasma samples (300 uL) were thawed on
ice to 4 °C before use. Samples were then centrifuged at 12,000xg for 5 min also at 4 °C temperature. Volume of
300 pL of serum was pipetted into sterile 2.0 mL Eppendorf tubes and room-temperature acetone (900 pL) was
added and vial vortexed for 1 min. Resulting suspension was incubated at room temperature for 20 min followed
by 30 min at — 20 °C. Tubes was then centrifuged at 6000xg for 5 min at 4 °C temperature to sediment serum
precipitated proteins and phospholipids and then clarified supernatant A (800 pL) was transferred to a new 2 ml
microcentrifuge tube. Volume of 500 pL of a 3:1 acetone/H,O solution was added to the pellet and vortexed
vigorously until the pellet was resuspended, this tube was then centrifuged at 12,000xg for 10 min at 4 °C to
sediment serum precipitated proteins again. Resulting supernatant B was then combined with supernatant A.
Volume of 260 pL of combined supernatants were vacuum dried in speedvac-type concentrator and dissolved in
400 pL of methanol, vortexed and centrifuged (12,000xg for 5 min at 4 °C). Supernatant volume of 100 uL was
transferred into HPLC vial insert of 130 uL capacity and inserted into Elute autosampler.

Multivariate statistical analysis. All metabolite datasets exported from Metaboscape v.2021b were ana-
lyzed using the MetaboAnalyst 5.0 online software®. Prior to analysis, data was log-transformed, auto-scaled
and normalized by sum. Resulting metabolite profiles were then subjected to unsupervised Principal Compo-
nent Analysis (PCA). The separation between the BC and control groups observed in the 2D and 3D PCA scores
plot was further examined using the supervised multivariate statistical analysis such as Orthogonal Partial Least
Squares Discriminant Analysis (OPLS-DA). The quality of the OPLS-DA models was assessed by the goodness
of fit (R*Y) and the predictive ability of the models (Q*). VIP plots were generated to recognize metabolites most
significantly responsible for groups separation. Metabolites with VIP value higher than 1.0 were considered
potential biomarker candidates. To test the accuracy of the multivariate statistical models, and to rule out that
the observed separation in the OPLS-DA is due to chance (p<0.05), permutation tests were performed with
2000-fold repetition. Statistical significance of metabolite level differences was assessed with paired parametric
t-test using Mann-Witney and Bonferroni correction. P values and false discovery rates (FDR; q-value) less than
0.05 were considered statistically significant. Receiver operating characteristic curve (ROC) analyses together
with random forest modeling were commenced to evaluate the diagnostic value of all selected metabolites. The
performance of the metabolites was estimated using the area under the curve (AUC), 95% confidence interval,
specificity and selectivity. Only variables with an AUC value higher than 0.75 were considered to be relevant.
Multivariate statistical analyses were performed independently for the training and validation datasets. Com-
pounds differentiating between tumor and control serum samples were selected based on external validation,
which uses two independent datasets (here called training and validation dataset) to validate the performance
of a model®. The final set of potential BC biomarkers selected fulfilled all criteria in both testing and validation
data sets. Chemometric tools such as 2D PCA, OPLS-DA and ROC analysis were also used to assess metabolic
profile similarities and differences between different grades and stages of bladder cancer. To identify metabolic
pathways impacted by bladder cancer, a metabolic pathway impact analysis was made in MetaboAnalyst 5.0 and
the Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway library for Homo sapiens?. Quantitative path-
way enrichment analysis was conducted based on Small Molecule Pathway Database (SMPD). Each impacted
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pathway was classified according to statistical p value, Holm p (p value adjusted by Holm-Bonferroni method)
and FDR (p value adjusted using False Discovery Rate), calculated from pathway topology analysis.

Ethics approval. The study protocol was approved by local Bioethics Committee at the University of
Rzeszow (Poland) (permission no. 2018/04/10).

Results

In this study, we characterized the metabolic profiles of one-hundred patients suffering from bladder cancer, in
an effort to develop serum-specific metabolic signatures for early and specific detection of bladder cancer. For
this purpose, we recorded ultra-high-resolution LC-MS spectra of 200 total (100 BC and 100 control =NCs)
metabolite extracts from patient and healthy control serum samples in an effort to identify potential discriminant
biomarkers of bladder cancer. Datasets from the BC patients and NCs were divided into two groups, a training
set, comprising 80% of all samples and a validation set, corresponding to 20% of all samples. Patient samples of
a given stage of BC in the training set accounted for 80% of all samples of that stage. Serum metabolic profiling
was performed independently on the two datasets. The training set was used to identify serum diagnostic mark-
ers for cancer and stage of its malignancy and, in turn, the validation set was used to independently validate the
diagnostic performance of serum metabolite biomarkers.

Distinguishing between bladder cancer and control serum samples. In total, 5498 m/z features
were found in each serum sample in both training and validation set with applied filtration that required that
software show only features that were in at least nine samples. Unsupervised 2D PCA score plots of both subsets
indicated a good separation between cancer patients and controls based on distinct and characteristic metabolite
profiles. The best separation of groups in the training set was obtained along principal components 1 and 2 (i.e.
PC1 and PC2) which accounted for 27.8% and 5.5% respectively. Only a few outliers were detected in the central
95% of the field of view (Fig. 1a). In turn, in the validation set, the best separation between cancer and control
serum samples was also observed along PC1 (28.2%) and PC2 and (6.6%) (Fig. 1b).

A supervised multivariate analysis using OPLS-DA analysis was carried out to explore the metabolic differ-
ences between the BC and NC groups. In the training set, the score plot indicated a clear separation between
those two groups (Fig. 1c). Two thousand permutation tests were conducted to validate the OPLS-DA model
(Fig. S1 A). Good discrimination was observed between the two groups (Q*=0.971, R?Y =0.992, p value < 5E-04
(0/2000)), revealing substantial differences in the metabolic profiles of cancer versus control serum samples.
Model overview showing high R?Y and Q? indicating good interpretability and predictability by this OPLS-DA
model (Fig. S1 B). A similar tendency to discriminate BC patients and NCs was observed in OPLS-DA model
of the validation set (Fig. 1d), which was confirmed by the very good results of the permutation test (Q*=0.929,
R?Y =0.995, p value < 5E-04 (0/2000)) (Fig. S1C). Potential serum bladder cancer biomarkers were selected on
the basis of the VIP plot resulting from the OPLS-DA model. By combining the VIP (>1.0) with the results
from the independent t-test (p value and FDR from t-test <0.05) 1012 variables were selected in training set
as differential for BC patients and NCs (Table 1, Supplementary information 2). In turn, in validation set 1052
variables were considered as significant (Table 2, Supplementary information 2). Finally, 864 common m/z and
rt values were indicated, both in the training and validation sets. Among these features, to 121 m/z values were
assigned to a specific chemical compound (Table 1). Next, univariate ROC analysis was separately performed
on both training and validation sets to evaluate the diagnostic ability of the models. The results indicated that
in the serum samples all 85 out of previously selected 121 metabolites exhibit very high area under the curve
(AUC) above 0.8. As shown in Fig. 1e,f, the combination of mass features in both subsets was found to be a pow-
erful discriminator of control versus bladder cancer serum samples (AUC>99%). Finally, set of twenty-seven
potential BC biomarkers were selected with cut-off criteria of FC>2 and < 0.5, Am/z <2 ppm and mSigma <50
in both testing and validation data sets. The sensitivity and specificity of the selected 27 metabolites were also
determined and all metabolites disclosed sensitivity and specificity greater than 77 and 85%, respectively (Table 1
and S1, Supplementary information 2).

Distinguishing between low- and high- grade bladder cancer and control serum samples. To
determine whether metabolomics analysis of serum samples could help discriminate between different grades
of BC, another series of PCA and OPLS DA analyses were performed on the training (80 NCs, 32 patients with
HG and 45 patients with LG,) and validation (20 NCs, 8 patients with HG and 12 patients with LG,) data sets
(Tabe S1) excluding three samples from patients with PUNLMP. PCA and OPLS-DA scores plots revealed good
discrimination between separately control and cancer groups of varying grades of tumors (LG vs NCs and HG
vs NCs) in both training and validation set (Fig. 2, S2). Quality factors for those models amounted to Q*>0.89
and R?*Y >0.982, with p values based on permutation tests (n=2000) smaller than 5E-4 (Fig. S3, $4) indicating a
perfect discrimination of metabolites profiles between those groups. However, we did not observe a substantial
difference between the LG and HG BC patients in the PCA scores plot (data not shown).

In HG BC vs NCs OPLS-DA model 1500 variables were considered as significant (VIP > 1, p value <0.05) in
both training and validation set. Among these features, 138 m/z values were assigned to a specific chemical com-
pound. Analysis of LG BC vs NCs in OPLS-DA model in training and validation set revealed common 1600 m/z
values as significant contributors to the separation between those two groups of which 148 were assigned to
specific compound. Univariate ROC curve analyses indicated that these models have a good diagnostic perfor-
mance (Fig. 2, S2). AUC values for five out of fifteen metabolites were found to be greater than 0.75. Finally,
set of twenty-three potential LG and HG BC biomarkers were selected with cut-off criteria of FC>2 and <0.5,
Am/z <2 ppm and mSigma < 50 in both testing and validation data sets. The sensitivity and specificity of the

Scientific Reports |

(2022) 12:15156 | https://doi.org/10.1038/s41598-022-19576-9 nature portfolio



www.nature.com/scientificreports/

TRAINING SET VALIDATION SET
a b
g ©Cancer oCancer
OControl = ° OControl
o o
=) o
~N o ﬁ
—_— ° ) = o -
§ 'g oo & S8 ° ® g b | < 8
0o 82? ° © 8o 5
~ ﬁg ° o§ ~ o eo°° . ]
o o
8 co @ o% g S v0 &o ~©
] 8 oo g ° <
°Q ' )
o
% o 30 5 o ¥ 0 4
-40 -20 0 20 40 60 40 -20 0 20 40 60 80
PC 1 (27.8%) PC 1 (28.2%)
c d
So oCancer —_ oCancer |
NS oControl Lo OControl |
4 - <
2 °o o
-9 2 - o
— N e
s . 5 =8 !
Q % . ‘O- °§ o
ol ¥ %, 9ol e g
=7 R & c .
ER A EES ‘
o« %o g ' )
=4 <d
g g
t <°r t ¥
[¢] o
=30 20 -10 0 10 20 30 -30 -20 110 0 10 20 30
T score [1] (22.4%) f T score [1] (22.7%)
e
e o2
s g |
[ 9 f
23 £°
S« 8 o
oS Qo
[ Var. AUC CI g Var. AUC CI
= B 5 0998 0.987-1 s 5 0997 0.98-1
o] ©10 0.999 0.995-1 ; e 210 0.998 0.98-1
2 m15 1 0.997-1 £ =15 0.998 0.98-1
2 o m25 1 0.998-1 Ec m25 0.998 0.98-1
) m50 1 0.999-1 2 m50 0.996 0.98-1
G ol =100 1 1-1 3o ©100 0.996 0.98-1
»n ol . n el | - - - -
00 02 04 06 08 1.0 00 02 04 06 08 1.0
1-Specificity (False positive rate) 1-Specificity (False positive rate)

Figure 1. Metabolomic analysis of serum samples from BC and NCs. PCA and OPLS-DA scores plots of
the tumor (violet) and control (orange) serum samples in the training set (a,c) and validation set (b,d). The
receiving operator characteristic (ROC) curves in the training set (e) and validation set (f).

selected 23 metabolites were also determined and all metabolites disclosed sensitivity and specificity greater than
78% (Table 2 and S2, Supplementary information 2).

Distinguishing between different stages of bladder cancer and control serum samples.  Anal-
ysis of tumor stages was performed for the entire LC-MS dataset of serum metabolite extracts from patients
diagnosed with bladder cancer. Metabolite profiling analysis included 69 serum samples from patients with
noninvasive papillary carcinomas (pTa) 19 samples from pT1 stage and 12 from patients with muscle invasive
bladder cancer (pT2).

PCA and OPLS-DA scores plot indicated good separation between NCs and different stages of BC (pTa vs
NCs, pT1 vs NCs and pT2 vs NCs, Fig. 3). Quality factors for those models were Q*>0.904 and R?Y >0.988, with
p values based on permutation tests (n =2000) smaller than 5E-4 (Fig. S5) indicating a very good discrimination
of metabolites profiles between those groups. Fold Change and VIP plot analysis of the OPLS-DA model indi-
cated 63, 66 and 69 m/z values that appeared to be most relevant for sample differentiation between pTa BC vs
NCs, pT1 BC vs NCs and pT2 BC vs NCs respectively out of pool of features assigned to specific chemical com-
pounds. Next, ROC curve analysis was performed to assess the performance of three models in distinguishing
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No |Name Structure m/z* Am/z [ppm] |RT [s] | VIP® | FC° | pvalue FDR AUC | Spec. [%]¢ | Sens. [%]¢
1 | Aureonitol#" CuH,0, | 207.1378 |-07 1732|182 |020 |5.00E-27 |3.20E-25 |0.993 |96 98
2| Norcamphoresh CH,,0 111.0803 | -1.0 1432|179 [029 |580E-27 |3306-25 |0.992 | 96 100
3 | Perillylalcohols CioH,0 153.1273 | -08 2103 |1.83 | 025 |6.30B-27 |3.30E-25 | 0992 |96 100
4 | Thymolefs CiH,0 1511116 |-0.8 2042|178 | 039 |7.30B-27 |340E-25 | 0991 |94 99
5 | Methyl 2-octynoate®s" C,H,,0, 155.1065 | - 1.3 1777|172 [031 |840E-27 |3.40E-25 |0.991 |95 98
6 3,5,5-Trimethyl-2-cyclohexen-1-one#" | C,H,,0 139.1116 | -0.9 193.2 1.83 | 0.17 | 9.80E-27 |3.50E-25 |0.990 |96 99
7 | Alantolactone®s" CuHyO, | 2331535 | -03 1946 | 180 |023 |980E-27 |3.50E-25 |0.990 | 94 98
§ |4 Heptanone® CH,0 115.1116 | -0.9 2067 | 179 | 024 |1.00B-26 |3.50B-25 | 0990 |94 9
9 | 7-Epi-Jasmonic acid*¢" CLoHO, | 2111328 |-02 1609 | 180 |0.19 | L50E-26 | 4.10E-25 | 0.988 | 96 9%
10 | Dihydrojasmoness® CuH,0 167.1429 | -0.8 2283 | 178 | 041 | L60E-26 | 420E-25 | 0988 |94 94
11| Valeric acid*‘ CoH,00, 103.0753 | -0.8 1322|175 |041 |2.30E-26 |5.10E-25 | 0.987 |91 9
12 3‘3712523?}2&123;1615 Jeralydros ¢ ,0, | 2091534 | 08 1978 |175 |04 |550E-26 |9.20E-25 |0.983 |94 95
13 | I-Acetylindole®s" CoHNO | 160.0757 | 0.1 1311 | 165 |213 | L50E-25 |220E-24 | 0.978 |93 98
14 | Linoleic acide® CyH,0, | 2812473 |-08 2586 | 152 | 255 | 3.50B-25 | 4.40E-24 | 0975 |94 94
15 | 1-Phenyl-1-pentanone®s" CuH,0 163.1116 | -0.8 2005 | 173 | 034 |7.50B-25 |830B-24 | 0971 |94 86
16 | Umbelliferone*s C,H,0, 163.0389 | -0.6 1821 | 169 |049 | L10E-24 | 1.I0E-23 | 0970 |91 90
17 | Blaidic acid®® CyH,0, | 2832629 |-09 2784 | 167 |333 | 1.20E-24 | 130E-23 | 0969 |95 94
18 | 3-Ethylphenol-sh CeH 0 123.0803 | -0.9 1229|172 |036 |130E-24 | 1.30E-23 | 0.969 | 96 95
19 | D-Limonene® CioHie 137.1324 | -07 1439 |172 | 030 |2.90E-24 | 2.60E-23 | 0.965 |91 90
20 feSzﬁ;ggb‘;fzZ’;‘utr:rrflgtaﬁ)soizZ,a CuH0,  |197.1171 |-038 1432|160 |041 |8.60E-23 |6.00E-22 |0.950 |89 90
21| LysoPE(P-18:0/0:0) & CHgNOP | 466.3288 | -1.0 2942|158 | 038 | 1.30E-22 |8.40E-22 | 0948 |86 91
22 | Palmitoleoyl Ethanolamide CyHiNO, | 2982738 |09 2365 | 141 |208 | 1.50E-22 | LOOE-21 | 0947 |90 91
23 | PE(P-16:0e/0:0) 8" C,HuNOP | 4382977 |-0.6 2675 | 148 | 048 |470B-20 |230B-19 | 0920 |85 88
24 | 3-Hexanonets" CeH,,0 2111328 |02 1609 | 140 |050 |520E-18 |2.10E-17 |0.89 |86 9%
25 | Epsilon-caprolactameie” CH,NO | 1140914 |-02 1145 | 116 |235 |570E-18 |2.30E-17 |0.89 |85 81
26 | L-Acetylcarnitine® CHNO, | 2041230 |-03 229 |137 |236 |150B-16 |540E-16 | 0878 |85 78
27 | LysoPC(18:3)c%" CoHgNO,P | 5183236 | -1.0 2379|125 | 048 | 1.30E-15 | 4.60E-15 | 0.866 |86 78

Table 1. Differential metabolites for discrimination between BC patients and NCs (p value < 0.05; FDR < 0.05;
VIP>1; FC<0.5 and > 2). *Experimental monoisotopic mass; YVIP scores derived from OPLS-DA model;

“fold change between cancer and control serum calculated from the abundance mean values for each group—
cancer-to-normal ratio; ROC curve analysis for individual biomarkers; ‘the metabolites identified by high
precursor mass accuracy; ‘the metabolites identified by matching retention time; $the metabolites identified by
matching isotopic pattern; "the metabolites identified by matching MS/MS fragment spectra; AUC: area under
the curve; CI: confidence interval; FC: fold change; FDR: false discovery rate; m/z: mass-to-charge ratio; RT:
retention time; Sens.: Sensitivity; Spec.: Specificity; VIP: variable influence on projection.

between pTa; pT1 and pT2 bladder cancer stages and NCs. Finally, set of thirty-seven potential pTa, pT1 and
pT2 BC biomarkers were selected with cut-off criteria of FC>2 and <0.5, Am/z <2 ppm and mSigma <50 in
both testing and validation data sets (Table 3). The sensitivity and specificity of the selected 37 metabolites were
also determined and all metabolites disclosed sensitivity and specificity greater than 74 and 62%, respectively
S3, Supplementary information 2). Comparison of the three groups of cancer stage (pT1 vs. pTa vs. pT2) did not
reveal any statistically significant differences (data not shown).

Pathway analysis of potential biomarkers. A metabolic pathway impact analysis was performed using
MetaboAnalyst 5.0 to identify the most relevant pathways involved in the observed changes of serum metabolite
levels. Forty-five metabolites identified in the UHPLC-UHRMS analysis were subjected to pathway analysis and
quantitative pathway enrichment analysis. Forty-nine compounds were found to be relevant to human metab-
olism. Five metabolic pathways, including linoleic acid metabolism, glycerophospholipid metabolism, alpha-
linolenic acid metabolism, arachidonic acid metabolism and biosynthesis of unsaturated fatty acids were found
to be significantly impacted comparing BC to controls. Results from pathway impact analysis is shown in Fig. 4a
and Table S2 (supplementary information 1).

To expand the metabolomic analysis of pathways related to bladder cancer, we performed a quantitative
enrichment analysis using the MetaboAnalyst 5.0 pathway enrichment module and its associated Small Mol-
ecule Pathway Database (SMPDB). Two additional pathways were found to be relevant to bladder cancer: beta
oxidation of very long chain fatty acids, phospholipid biosynthesis and oxidation of branched chain fatty acids
(Fig. 4b and Table S3.
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HG versus control LG versus control

No | Metabolites Formula m/z* RT [s] | VIP® | FC® |Spec.[%]¢ |Sens.[%]® | VIP® | FC¢ | Spec.[%]¢ | Sens.[%]¢
1 | Aureonitol *&" Cy3H,40, 207.1378 | 17322 |1.82 |020 |98 97 184 |0.20 |100 96
2 | 7-Epi-Jasmonic acid *5" CpH,0, 2111328 | 160.86 |1.80 |0.19 |96 97 183 | 019 |9 96
3 | 3,55 Trimethyl 2-cyclohexen-1-one *&" CoH,,0 139.1116 | 193.16 | 186 |0.17 |95 94 187 |017 |98 93
4 | Alantolactone °&" CysHy0, 2331535 | 194.63 | 180 |0.25 |95 94 184 |022 |98 93
5 | Valeric acid*' CsH,,0, 103.0753 | 13222 | 178 | 041 |98 94 179 |o41 |95 93
6 | 4-Heptanone & CH,,0 1151116 | 20671 | 178 |0.24 |96 97 181 |023 |9 93
7 | Methyl 2-octynoate " CoH,,0, 155.1065 | 177.72 | 177 | 0.30 |98 91 184 |032 |98 98
CH ";gnhit:cyilﬁi’f’6’7’tetrahydr°’3H’mdene’ CiHyO,  |2091534 [197.75 |1.74 |0.40 |98 91 175|040 |96 89
9 | Thymolesh CyoHy,0 1511116 | 20415 | 174 | 039 |99 94 176 | 039 |99 93
10 | Umbelliferone *&" CoH 05 163.0389 | 182.05 | - - - 174 | 049 |94 91
11 4,7-Dimethyl-1,3-benzothiazol-2-ylamine 8" CoH,(N,S 179.0638 | 142.04 | 1.66 2.00 |93 88 - - - -
12 | D-Limonene® Crolye 137.1324 | 14388 | 1.66 | 0.30 |89 94 170 | 031 |86 93
13 | LysoPE(P-18:0/0:0) °8" CpHNOP | 4663288 | 29422 | 163 | 0.36 |91 91 155 |039 |86 87
14 | 1-Acetylindole *&" CoH,NO | 160.0757 | 131.14 | 1.58 |2.14 |93 94 161 |2.13 |98 93
15 fong’er(‘)’ler ;‘41;‘_*’27(1’;;;_“;2231’5’6’7’7a'te"ah”d’ C,Hy0; 197.1171 | 14316 | 157 |0.43 |94 81 164 | 040 |91 89
16 | PE(P-16:0¢/0:0) " CyHuNOP | 4382977 |267.49 |1.56 |0.44 |88 88 - - - -
17 | LysoPC(20:3) 8" CyHoNO,P | 5463545 | 25945 | 148 | 0.45 |84 81 - - - -
18 | Linoleic acid®s CysH0, 2812473 | 25856 | 143 |2.64 |94 94 139 |244 |93 93
19 | LysoPC(18:3)c8" CyHisNOP |518.3236 |237.91 |1.33 |045 |78 78 - - - N
20 | L-Acetylcarnitine®' CH,NO, |204.1230 | 2291 |133 |239 |79 84 135 |229 |86 80
21 | Epsilon-caprolactam®®e" CH,NO | 1140914 | 11447 | 119 |2.08 |89 94 132 | 258 |89 82
22 | 3-Hexanone®s CeH,,0 101.0960 | 152.86 |- - - - 142 |049 |79 93
23 | Elaidic acid®s CysH5,0, 2832629 | 27839 |- - C - 167 | 336 |91 98

Table 2. Differential metabolites for discrimination between LG and HG BC patients and NCs (p value <0.05;
FDR<0.05; VIP > 1; FC<0.5 and > 2). *Experimental monoisotopic mass; YVIP scores derived from OPLS-DA
model; “fold change between cancer and control serum calculated from the abundance mean values for each
group—cancer-to-normal ratio; ‘ROC curve analysis for individual biomarkers; the metabolites identified

by high precursor mass accuracy; ‘the metabolites identified by matching retention time; sthe metabolites
identified by matching isotopic pattern; "the metabolites identified by matching MS/MS fragment spectra;
AUC: area under the curve; CI: confidence interval; FC: fold change; FDR: false discovery rate; HG: high-
grade; LG: low-grade; m/z: mass-to-charge ratio; RT: retention time; Sens.: Sensitivity; Spec.: Specificity; VIP:
variable influence on projection.

Discussion

Over the past decade, metabolomics studies have provided valuable information on the metabolic profile of
patients suffering from various diseases, including cancer, and identified potential markers of developing or
recurring disease. Cancer cells have the ability to reprogram their metabolism in order to support the increased
need for energy caused by rapid proliferation. Monitoring of changes in the levels of various metabolites in
cancer cells or body fluids may be a potential source of new cancer biomarkers. To date, many studies have
been published indicating the high potential of metabolomic markers in the diagnosis of various cancers and in
understanding of the mechanisms of cancer initiation and development?®.

In this study UHPLC-UHRMS and -UHRMS/MS methods were employed to evaluate changes in serum
metabolite levels between 100 bladder cancer patients and 100 normal controls. The largest class of compounds
differentiating the NCs group from the BC patients were lipids and lipid-like molecules. Lipids are the fundamen-
tal building blocks of all cell membranes and serve as a long-term energy storage. Furthermore, lipids have many
other important functions within living organisms including transmit nerve impulses, production and regulation
of certain hormones, cushion vital organs, intracellular signal transmission and cell transporting systems. Lipid
metabolism is involved in various processes associated with cancer cells. Over the past decade, numerous stud-
ies have demonstrated that lipids and metabolites associated with lipid metabolism may be potential markers in
human cancers including bladder cancer®. We found that the plasma content of 10 glycerophospholipids includ-
ing PE(P-16:0¢/0:0), PC(16:1/16:1), PC(16:0/18:3), LPE(P-18:0/0:0), LPC(14:0/0:0), LPC(P-18:0), LPC(18:3),
LPC(18:2), LPC(20:3), LPC(22:5) were significantly higher in the serum of NCs than in the BC subjects. This
finding is in line with previous metabolomic studies that demonstrated an association of changes in the levels
of these lipids in the blood with various cancers®. Thus, alterations in these lipids’ metabolism may, therefore,
play important roles in the development and progression of bladder cancer.

Glycerophospholipids (GPs), also called phospholipids include phosphatidylethanolamines (PE), phosphati-
dylcholines (PC) and phosphatidylethanolamines (PE), all of which are glycerol-based phospholipids. These com-
pounds are a major component of the membranes of animal cells in which they are asymmetrically distributed
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Figure 2. Metabolomic differentiation between different grades of BC and NCs in training set. PCA (a) and
OPLS-DA (b) scores plots of the control (violet) and low-grade (orange). PCA (c) and OPLS-DA (d) scores plots
of the control (violet) and high-grade (orange). ROC curves for LG (e) and HG (f) BC serum samples vs NCs.

acting as the matrix of different membrane proteins. Many previous studies have found low serum PE levels in
various cancers including colon, prostate, lung, and breast cancers indicating these compounds as potential tumor
markers®*2. Serum levels of PE(P-16:0e/0:0) were found by Lin et. al significantly lower in patients with kidney
cancer compared to controls*’. Some studies have provided evidence that translocation of PE from the inner to
the outer leaflet of the plasma membrane indicating a loss of asymmetric distribution of aminophospholipids has
been shown as the first sign of impending apoptosis. Thus, lower levels of PE(P-16:0¢/0:0) in serum may be an
early symptom of apoptotic cell death**. Moreover, human phosphatidylethanolamine-binding protein is associ-
ated with resistance to apoptosis of tumor cells®*. It has been reported that exogenous PEs inhibits the growth
and indicates an apoptosis of human hepatoma HepG2 cells*. Lysophosphatidylethanolamine LPC, LysoPC),
LysoPE (P-18:0/0:0) also known as LPE(18:0) was found in lower level in plasma of patients with liver, gastric
colorectal, ovarian and lung cancer compared to the control group®>***’. Lysophosphatidylcholines (LPC, lysoPC)

Scientific Reports |

(2022) 12:15156 |

https://doi.org/10.1038/s41598-022-19576-9 nature portfolio



www.nature.com/scientificreports/

a

PC 2 (5.1%)
-20 0 20 40

-40

PC 2 (6.1%)
-20 0 20 40

-40

PC 2 (6%)
0 20 40

-20

-40

_—
opTa = opTa Q- |
° O Control % SR O Control E
° (=)
) : g g_
B o -— 8 =
£} K @ é 3 E . g ©
o o 8 Qo
P o, 2 9o % g Var. AUC CI
g, §°%O§ O - » S <] 5 0.997 0.985-1
AR Y 2 T o % x° =10 1 0.998-1
c, & 5« ‘@ 3 W15 1 0.998-1
oo > o £ m25 1 0.999-1
&le £e @ m50 1 0.999-1
| | | S | ] &2 | | '100 1' 0:999-1'
60 40 20 0 20 40 40 20 10 0 10 20 30 00 02 04 06 08 1.0
PC 1 (23.9%) T score [1] (18.1%) 1-Specificity (False positive rate)
e f
opT1 < opT1 21 ./
° ©Control © S © Control s p
o o4 @ ; 0
9 o oo : > P
c@j OO &:; E 8 1 % [} %
A ©
g 088 2 s% o o g_d—
$ % coie S o @ S 2 P Var. AUC ClI
$ ocg;g@m% Qdo » 00 ° < m 5 0.997 0.985-1
5° .0 g g, Es =10 0.998 0.990-1
. © J gq QN m15 0.999 0.993-1
c & e S 23 £ 25 0.999 0.995-1
o ® 0o B 50 0.999 0.998-1
£ Y c —
g 33 100 0.999 0.996-1
60 40 20 0 20 40 60 -20 0 20 40 00 02 04 06 08 1.0
PC 1 (21.8%) h T score [1] (12.4%) i 1-Specificity (False positive rate)
opT2 < opT2 ?3 P
° oOControI =8 O©Control ® 4
~ 7o) - © /:‘;
2 ; 8 e, ) n% _g =
© o % 33 E 8 1 8 ° "% i
3 iws o4 s | ¥ 2 23
% o0 & o 9o @% 2 O3 o | Var. AUC CI
% o o @& 2« m 5 0983 0.921-1
£ 38, i, % Eo =10 0.993 0.952-1
, afs g q ,?N =15 0.995 0.978-1
o | SHNES g %0 2 3] W25 0.998 0.988-1
J ° o2 B 50 0.997 0.974-1
€ S < 100 0.996 0.964-1
I — I — o ‘ . . »n ol . : .
60 -40 20 0 20 40 60 0 20 40 60 00 02 04 06 08 1.0
PC 1 (20.8%) T score [1] (9.9%) 1-Specificity (False positive rate)

Figure 3. Metabolomic differentiation between different stages of BC and NCs. PCA (a), OPLS-DA (b) scores
plots and ROC curve (c) of the pTa (violet) and control (orange). PCA (d), OPLS-DA (e) scores plots and ROC
curve (f) of the pT1 (violet) and control (orange). PCA (g), OPLS-DA (h) scores plots and ROC curve (i) of the

pT2 (violet) and control (orange).

are an important endogenous signaling phospholipids involved in a variety of important processes, including
cell migration, cell proliferation, inflammation and angiogenesis. Decreased LPC plasma level in cancer was
also observed in previous study and was associated with body weight loss and increased inflammation. Level
of these compounds is inversely correlated with C-reactive protein levels in plasma (CRP)*. LPCs were found
to be disturbed in several diseases including cancer. Previous metabolomic studies have reported lower level of
PC(34:4), LysoPC(20:3) and LPC(P-18:0) in plasma of patients with ovarian cancer (EOC) compared to control®.
Zhang et al.** have reported that LPC(14:0) was down-regulated in patients with recurrent EOC. Lower level
of lysophospholipids have been associated with high activity of specific cell-surface G protein-coupled recep-
tors which may cause apoptosis. Tan et al.*! observed significantly lower of LPC(14:0) in the serum of patients
with colorectal cancer compared with healthy controls. LPC(18:1), LPC(18:2) and LPC(18:3) were significantly
decreasing in plasma of patients with colorectal cancer compared with healthy controls*>*. Lee et al.** showed
that the levels of LPC(18:2) were lower in plasma samples of patients with colorectal cancer and higher in plasma
samples of patients with liver, gastric, lung and thyroid compared to those of healthy control individuals using
UHPLC-MS/MS. LPC(18:2) was also found in lower level in plasma of patients with ovarian cancer compared
to the control group®®. Previous metabolomic studies have demonstrated that LysoPC(18:1), LysoPC(20:3) were
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pTa versus pT1 versus pT2 versus

control control control
No Metabolites Formula m/z* RT [s] VIP® | EC¢ |VIP® |FC* VIP® | FC®
1 Alpha-hydroxyisobutyric acid® C,HgO4 87.0439 49.21 - - 1.20 2.66 1.05 3.92
2 Valeric acid®*f C;H,,0, 103.0753 132.22 1.90 0.41 1.99 0.41 2.05 0.40
3 Creatinine®® C,H,N,0 114.0661 2128 |- - - - 1.48 2.02
4 Epsilon-caprolactam®efe C¢H,;NO 114.0914 | 11447 |1.28 230 | 151 2.33 1.34 2.46
5 4-Heptanone®*! C,H,,0 1151116 |206.71 |1.96 023 |1.99 0.25 2.05 0.23
6 3-Ethylphenol®fs C¢H,,0 123.0803 | 122.87 |1.88 036 |1.94 0.35 1.95 0.35
7 D-Limonene®f CyoHys 137.1324 | 14388 | 1.86 030 |1.74 0.33 1.87 0.28
8 3,5,5-Trimethyl-2-cyclohexen-1-one®t# CyH,,0 139.1116 193.16 2.00 0.17 2.11 0.17 217 0.17
9 Thymol®ef CyoH,,0 151.1116  |204.15 |1.91 0.39 |1.82 0.41 1.84 0.40
10 Perillyl alcohol®f CyoH;0 153.1273 | 21029 [2.03 025 220 0.26 2.31 0.24
11 Methyl 2-octynoate® CoH,,0, 155.1065 | 177.72 | 1.89 031 | 1.99 0.32 2.23 0.29
12 1-Acetylindole®t# C,oH,NO 160.0757 | 131.14 | 1.78 209 |1.75 2.19 1.70 2.08
13 Umbelliferone®8 CoHO;4 163.0389 | 182.05 |1.84 0.49 2.06 0.46
14 1-Phenyl-1-pentanone®s C;;H,,0 163.1116 | 200.50 | 1.94 0.33 | 2.04 0.36 2.04 0.37
15 4,7-Dimethyl-1,3-benzothiazol-2-ylamine®"¢ CoH (N,S 179.0638 142.04 - - 1.82 2.02 - -
16 Benzophenone®'s Cy;H,,0 183.0809 |226.43 | 1.56 2.00 |1.45 2.14 - -
17 L-Acetylcarnitine®f C,H;,NO, 204.1230 2291|146 215 | 1.48 2.37 1.53 2.81
18 Aureonitol ¢ Ci:H;50, 207.1378 | 17322 | 1.97 020 | 2.00 0.22 2.11 0.20
19 4,4,7a-trimethyl-3a,5,6,7-tetrahydro-3H-indene-1-carboxylic acidds C;3H,0, 209.1534 197.75 1.89 0.40 1.87 0.42 1.99 0.38
20 7-Epi-Jasmonic acid® C,H 505 211.1328 | 160.86 |1.97 0.19 | 2.03 0.20 1.99 0.21
21 Cys-Pro®fe CgH4N,058 219.0797 91.87 |1.03 234 |- - - -
22 Pro-Leu®"s C,,HyN,05 229.1546 46.53 |- - - - 1.14 235
23 Alantolactone’8 C,5H,,0, 233.1535 | 194.63 |1.95 023 | 1.99 0.25 1.94 0.27
24 Curcumol %8 Cy5H,,0, 237.1848 | 226.69 | 1.12 0.23
25 Isovalerylcarnitine®*f C,H,;NO, 246.1697 | 12155 |1.16 218 | 1.11 2.49 1.07 2.45
26 Linoleic acid® CysH3,0, 281.2473 | 258.56 | 1.59 235 |1.53 2.62 1.49 2.73
27 Elaidic acid®f C,5H,,0, 283.2629 | 27839 |1.87 335 |2.02 3.86 1.73 2.91
28 PE(P-16:0e/0:0)*'8 CyHyuNOGP 4382977 | 26749 |1.59 049 | 1.95 0.39 2.08 0.36
29 Cefazolindt¢ C, H,NgO,S; | 455.0371 |13559 |- - 1.02 288.76 | 1.30 62.93
30 LysoPE(P-18:0/0:0)%%¢ Cy3HsNOGP 466.3288 | 29422 | 1.72 039 | 1.90 0.34 2.16 0.28
31 LysoPC(14:0/0:0)%%¢ C,,H,NO,P 468.3080 | 23623 | - - - - 1.96 0.33
32 LysoPC(P-18:0)%8 CyeHs,NOGP 5083756 | 294.32 |- - - - 1.60 0.48
33 LysoPC(18:2)%48 Cy6H5NO,P 520.3393 | 24639 |- - - - 1.80 0.44
34 LysoPC(20:3)%58 CysH;,NO,P 546.3545 | 259.45 |- - 1.57 0.45 1.76 0.39
35 LysoPC(22:5)%%¢ C3Hs;,NO,P 570.3546 | 25547 |- - - - 1.48 0.45
36 PC(16:1/16:1)%8 CyoH7NOGP 730.5380 | 312.51 |- - 1.61 0.15 - -
37 PC(16:0/18:3)%8 CyH,NOGP 756.5535 | 313.85 |- - 1.19 0.42 - -

Table 3. Differential metabolites for discrimination between pTa, pT1 and pT2 BC patients and NCs (p

value <0.05; FDR < 0.05; VIP>1; FC<0.5 and >2). * Experimental monoisotopic mass; bVIP scores derived
from OPLS-DA model; “fold change between cancer and control serum calculated from the abundance mean
values for each group—cancer-to-normal ratio; ‘the metabolites identified by high precursor mass accuracy;
*the metabolites identified by matching retention time; ‘the metabolites identified by matching isotopic pattern;
sthe metabolites identified by matching MS/MS fragment spectra; AUC: area under the curve; FC: fold change;
FDR: false discovery rate; m/z: mass-to-charge ratio; pT1 and pTa—high risk non-muscle invasive bladder
cancer; pT2—muscle invasive bladder cancer; RT: retention time; VIP: variable influence on projection.

down-regulated in patients with ovarian cancer. Four of these compounds including LPC(14:0), LPC(18:3),
LPC(20:3), LPC(22:5) were previously related to kidney injury. Metabolic profiling of plasma from patients with
cancer cachexia revealed significantly lower levels of LPC(14:0), LPC(P-18:0), LPC(18:2), LPC(20:3), LPC(22:5)
and LPE(18:0) compared to healthy controls**. Three of these six LPC including LPC(18:1), LPC(18:3), LPC(22:5)
we identified previously at lower levels in serum of patients with thyroid carcinoma®. To our knowledge, only
one lipid out of the ten most differentiating both groups cancer and control we indicated has been previously
associated with bladder cancer. Tan et al.'® indicated slightly higher level of LPC(18:2) in serum of patients with
BC compared to controls using UHPLC-Q-ToF MS.

Lower levels of four prenol lipids including perillyl alcohol, D-limonene, thymol, alantolactone were found
in serum of BC compared to controls. These monoterpenoids commonly occurring in many plants are known
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Figure 4. Results of pathway topology analysis of selected statistically significant metabolites in BC. A Pathway
analysis based on KEGG (a); bubble area donating to the impact of each pathway with color representing the
significance from highest in red to lowest in white; (b) Quantitative enrichment analysis based on SMPDB.

for their anti-tumor, antioxidant, anti-inflammatory and anti-fungal activity. Thymol and limonene have been
shown to inhibit bladder cancer cell proliferation and induces these cells apoptosis*®*’.

We found that serum levels of metabolites: L-acetylcarnitine, linoleic acid and elaidic acid were higher and
three others: valeric acid and 7-epi-jasmonic acid lower in BC patients compared to NCs. The levels of linoleic
and elaidic acid were also found as significantly higher in patients with colorectal cancer®. Increased serum
activity of acetylcarnitine have been previously pointed out as a potential tumor biomarkers***. Acetylcarnitine
is a naturally occurring acetic acid ester of carnitine, important in mitochondrial tricarboxylic acid (TCA) cycle
activity. Increased urine levels of this compound have previously been reported in patients with BC°. Eleva-
tion of acetylcarnitine may be an indication of decreased carbon flow into the TCA cycle or excess production
of acetyl-CoA*. Previous studies revealed elevated urine level of acetylcarnitine and isovalerylcarnitine in BC
patients compared to controls®**%. However, the association between isovalerylcarnitine and bladder cancer has
not yet been explained.

In order to apply the correct treatment regimens for BC patients, in addition to indicating the neoplasm,
it is necessary to precisely and accurately indicate the stage and grade of this cancer. In total, 23 differential
metabolites were identified as potential marker for discriminating between LG and HG BC patients and NCs.
Among these metabolites, 18 metabolites were the common characteristic of both LG and HG BC patients. Three
metabolites including lysoPC(20:3), PE(P-16:0e/0:0) and 2(4H)-benzofuranone, 6-Hydroxy-4,4,7a-trimethyl-
5,6,7,7a-tetrahydrobenzofuran-2(4H)-one were identified in much higher level only in the serum of patients
with HG BC, while four metabolites including 3-hexanone, diethylene glycol 2-ethylhexyl ether, elaidic acid,
umbelliferone were found in significant higher level only in the serum of patients with LG BC patients.

In total, 38 differential metabolites were identified as potential marker for discriminating between pTa, pT1
and pT2 BC patients and NCs. Among these metabolites, 22 metabolites were the common to all three stages of
BC. Two metabolites including Cys-Pro and curcumol were identified in much higher levels only in the serum
of patients with pTa BC, while two metabolites including LysoPC(20:3) and alpha-hydroxyisobutyric acid were
found in significant higher level only in the serum of patients with pT1 BC patients. Moreover, five metabolites
including norcamphor, creatinine, dihydrojasmone, pro-leu, palmitoleoyl ethanolamide were found in significant
higher level only in the serum of patients with pT2 BC patients.

We demonstrate that ultra-high-resolution mass spectrometry is a powerful tool for the characterization of
the serum metabolome differences in BC. Twenty-seven potentially robust metabolic biomarkers were identified
for 100 tumor serum samples from patients with BC patients after comparison against 100 healthy controls owing
to the excellent predictive ability of AUC >0.99. We also identified twenty-three metabolites that might be used
as potential biomarkers to distinguish LG and HG and thirty-seven metabolites that may serve to differentiate
between the pTa/pT1 and pT2 stages of BC. Our results suggest that differential serum metabolite profiles and
can help identify patients with BC compared with NCs, with significant discriminating power between different
stages and grades of bladder cancer. Our findings, may potentially provide facile and less invasive diagnostic
methodology for detection of different stages and grades of bladder cancer and recurrent disease management. In
the future, a new class of biomarkers of BC could contribute to development of non-invasive, highly specific and
sensitive diagnostic tests that could be employed to aid the detection of new tumors and also predict recurrences.
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ARTICLE INFO ABSTRACT

Keywords: Bladder cancer (BC) is frequent cancer affecting the urinary tract and is one of the most prevalent malignancies
Bladder cancer worldwide. No biomarkers that can be used for effective monitoring of therapeutic interventions for this cancer
Biomarker have been identified to date. This study investigated polar metabolite profiles in urine samples from 100 BC
;1;2?;1223; patients and 100 normal controls (NCs) using nuclear magnetic resonance (NMR) and two methods of high-
NMR resolution nanoparticle-based laser desorption/ionization mass spectrometry (LDI-MS). Five urine metabolites

were identified and quantified using NMR spectroscopy to be potential indicators of bladder cancer. Twenty-five
LDI-MS-detected compounds, predominantly peptides and lipids, distinguished urine samples from BC and NCs
individuals. Level changes of three characteristic urine metabolites enabled BC tumor grades to be distinguished,
and ten metabolites were reported to correlate with tumor stages. Receiver-Operating Characteristics analysis
showed high predictive power for all three types of metabolomics data, with the area under the curve (AUC)
values greater than 0.87. These findings suggest that metabolite markers identified in this study may be useful for
the non-invasive detection and monitoring of bladder cancer stages and grades.

Laser mass. spectrometry

1. Introduction

Over the past decades, cancer mortality has been increasing. Ac-
cording to GLOBOCAN 2020, the number of new cancer cases diagnosed
in 2020 will be 19.3 million, with over 10.0 million dying as a result of
cancer [1]. Bladder cancer (BC) remains one of the most common types
of cancer worldwide, and the most common malignancy of the urinary
tract [1]. The scale of the problem is so high that, in 2020, nearly 200,
000 people died of bladder cancer and three times more suffered from
the disease [1]. This type of cancer is also more common in men. To
date, data indicate that BC in females are 70% less frequent than in
males, and among male and female BC patients, the mortality rate is
reduced by one-third in females compared to males [2]. The increasing
incidence and high mortality rate due to bladder cancer is a significant
burden on health systems worldwide [3].

Another challenge is the high frequency of disease recurrence and
recurrent progression following transurethral resection. This challenge
is compounded by the high costs of cystoscopy examinations which are
needed for early detection and to monitor BC patients following cancer

* Corresponding author.
E-mail address: jniziol@prz.edu.pl (J. Niziot).
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treatment. Moreover, early detection of the disease depends signifi-
cantly on the knowledge and experience of the pathologist, especially in
the case of early stages of BC, which may not be readily apparent in
cystoscopic examination [4]. Early detection has another advantage, as
it reduces health care costs compared to the costs of treating BC patients
in the advanced stages of the disease.

Currently, the primary methods to detect BC include urine cytology,
cystoscopy, biopsy, and computed tomography, all displaying low
sensitivity for cancer detection. Based on worldwide reports, the most
common symptoms of BC involve hematuria, pain and burning, painful
frequent urination, feeling of an incompletely empty bladder. Cystos-
copy is the most common detection method for patients suffering from
these conditions. Given the invasive character of these procedures, there
exists a strong need for less aggressive and more quantitative approaches
to detect, diagnose, and monitor disease progression of bladder cancer
[5].

Fortunately, research activities aimed at identifying new biomarkers
of BC have increased recently [6]. The Food and Drugs Administration
has approved a few biomarker kits for disease detection so far, which
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consist mainly of protein detection [7]. Regrettably, due to the high
costs of identifying these markers in new patients and the relatively low
predictable power for BC, none of these approved kits have been
employed for general use, despite the fact that some of them are used to
monitor the recurrence of bladder cancer, including the UroVysion
bladder cancer kit. The problem is compounded by the fact that many of
procedures needed to identify these protein markers are cumbersome
and difficult to use in the clinic [8]. In addition, identification and
quantification of these recently approved BC protein markers require
sophisticated instrumentation which is not readily available to most
clinicians. Due to growing knowledge in the field of oncology, many
studies have focused on biomarker discovery to facilitate the diagnosis,
screening, and follow-up of communities susceptible to bladder cancer
[4].

Metabolomics is part of the field of systems biology, which aims to
characterize metabolic changes at a global level, and to inform on
metabolome changes, i.e., small molecule profiles, of complex organ-
isms underlying their cellular phenotypes [9]. Metabolomics studies on
human subjects focus primarily of metabolites measured in body fluids
or extracted from cells or tissues. The development and progression of
many types of cancer is reflected in changes of the metabolomes
analyzed from human biospecimens, including urine and serum [10]. In
cases of BC, the most useful analyses may be from the analysis of urine.
Although urine metabolomics may be influenced by dilution, it is more
readily available and non-invasive than serum or tissue analysis. [11]. In
recent years, numerous comprehensive reviews have been published
that provide detailed information on the various metabolomics ap-
proaches utilized for the detection and identification of biomarkers in
bladder cancer [12-15]. However, none of the identified biomarkers to
date can ensure 100% detection of cancer at an early stage, and their
high detection characteristics come with a substantial cost that global
health services cannot afford. Nonetheless, scientists should continue
researching new biomarkers to increase the proportion of early bladder
cancer detection cases.

Most metabolomics studies of BC patient urine samples have used
non-targeted approaches including gas chromatography (GC)- or liquid
chromatography (LC)- coupled MS [16-19]. Only few of these studies
have used NMR [20,21] approaches.

In 2010, one of the initial reports on metabolomic profiling of urine
from patients with BC using NMR was published [20]. The research
included samples from 33 non-muscle invasive BC patients, 31 in-
dividuals with benign conditions such as urinary tract infection, 2 with
bladder stones, and 37 healthy individuals. The study identified five
metabolites including citrate, dimethylamine, phenylalanine, taurine
and hippurate that specifically reflected biochemical changes in cancer
cell metabolism. The findings suggested that NMR-based urine analysis
had the potential to serve as a non-invasive early detection test for a
range of pathological conditions, including BC. Another NMR-based
study was published in 2019 that focused on urine and tissue
profiling. [21]. The study analyzed urine samples collected from 35
patients before and after transurethral resection. The results showed a
correlation between taurine and other amino acid metabolic pathways
perturbed in bladder cancer tissue samples and those observed in the
urine samples.

There are many publications in the literature regarding the untar-
geted analysis of urine extracts using mass spectrometry to identify
potential small-molecule biomarkers for early detection of BC [16,
22-24]. However, to date, only two papers have been published that
include a large group of more than one-hundred patients and have un-
dergone external validation [18,25]. Additionally, there is a limited
number of reports on the analysis of urine from patients with BC, taking
into account the division into different stages and grades of cancer, as
well as gender and age [26,27].

To the best of our knowledge, there are currently no published
metabolomics studies that have employed both NMR and laser desorp-
tion/ionization mass spectrometry (LDI-MS) to analyze the metabolite
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profiles of urine samples of BC patients. NMR provides information
about the molecular structure of metabolites and can identify a wide
range of metabolites with high accuracy and reproducibility with easy
and reliable quantification. On the other hand, LDI-MS provides com-
plementary information to NMR as it is much more sensitive and can
detect a wider range of metabolites. In addition, the use of silver
nanoparticles (AgNPs) in laser desorption/ionization mass spectrometry
(LDI-MS) has been reported to enhance the detection of lipids. AgNPs
can interact with the lipid molecules in the sample, increasing their
ionization efficiency and sensitivity. By combining these two tech-
niques, the study can obtain a more comprehensive view of the metab-
olite profile of BC patients’ urine samples. This can provide a more
accurate and detailed understanding of the metabolic changes associ-
ated with BC, which can lead to the development of more specific and
sensitive biomarkers for early detection, diagnosis, and treatment of BC
[28,29].

Herein, we report results from targeted and non-targeted metab-
olomics analyses of 199 urine samples acquired from 99 patients diag-
nosed with BC and 100 healthy controls. This study successfully
identified specific alterations in the urine metabolomes of BC patients
compared to those of control individuals. In addition, metabolite profile
changes were found to be informative reporters of the stage and grade of
bladder cancer. This study was conducted using high-resolution 'H NMR
and two laser desorption/ionization mass spectrometry (LDI-MS) tech-
niques, and resulting data were validated using both multivariate and
univariate statistical analyses.

2. Materials and methods
2.1. Materials and equipment

All solvents were of high quality ‘LC-MS’ grade and purchased from
Sigma Aldrich (St. Louis, MO, USA). Deuterium oxide (D20) and DSS
(4,4-dimethyl-4-silapentane-1-sulfonic acid) were purchased from
Sigma Inc. (Boston, MA, USA).

2.2. Collection of human urine samples

Urine samples were collected from BC patients and normal controls
at Kolbuszowa’s John Paul Il Hospital (Poland). NMR and MS metabolite
profile datasets collected on cancer and control urine samples were each
randomly divided into two groups for analysis. The two groups consisted
of a training set which included 70% of the data (either NMR or MS), and
a validation set which included the remaining 30% of the data.
Following detailed clinical questioning and laboratory testing, all pa-
tients underwent transurethral resection of bladder tumor (TURBT). The
study was approved by the local Bioethics Committee (permission no.
2018/04/10). A little more than half of the patients (n = 54) displayed
low-grade bladder cancer and papillary urothelial neoplasm of low
malignant potential (PUNLMP) (n = 3), while the remaining patients (n
= 41) had high-grade disease. Both high- and low-grade neoplasms were
found in two cases. Most of these patients (n = 69) had noninvasive
papillary carcinomas (pathologic stage Ta, pTa), 19 had submucosal
invasive tumors (pathologic stage T1, pT1), and 12 had muscle invasive
bladder cancer (pathologic stage T2, pT2). The average age of diagnosed
BC patients was 74 £ 10 years, while the average age of NCs was 64 +
12. Each participant provided 10 ml of urine which was stored at — 60°C
until further use. The sample collection period extended from October
2020 to November 2021. Subsequently, in December 2021, NMR and
MS measurements were performed on the collected urine samples.
Table 1 and table S1 in supplementary data provides an overview of the
clinical characteristics of the patients included in the study.

2.3. Analysis of tissue samples

Urine extracts were analyzed using high-resolution *H NMR and gold
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Table 1
Participant characteristics.
BC Control
Training Validation Training Validation
Number
General 69 30 70 30
Male 54 26 46 24
Female 15 4 24 6
Age (mean/SD) 71(9) 74(11) 60(14) 62(12)
Grade®
High grade 30 11 -

Low grade 34 19 -
LG (70%) and HG (30%) 1 -
LG (85%) and HG (15%) 1 - -

PUNLMP 3 - -
Stage

pT1 13 6 -
pT2 9 3 -
pTa 47 21 -
Type of surgery

TURBT 68 29 -
Cystectomy 1 1 -
Tumor origin

Primary 41 15 -
Recurrent 28 15 -
Hematuria

At diagnosis 68 30 -
At sampling 44 26 -
Tumor size

<1 7 0 -
2-3 27 18 -
>3 14 7 -
Multifocal/flat 1172 5/0 -
Multifocality

0 1 0 -
1 47 21 -
2-3 8 3 -
>3 13 7 -
Previous treatment

BCG 10 4 -
Tumor histology

Papillary 67 29 -
Concomitant CIS 1 0 -
Solid, non-papillary 1 1 -
Tobacco smoking

Non smoking 47 25 -
Currently smoking 12 2 -
Prevoius smoking 9 3 -

¢ Tumors were classified according World Health Organization (WHO)/Inter-
national Society of Urological Pathology (ISUP) classification criteria; BC —
bladder cancer; LG - low-grade; HG - high-grade; PUNLMP - papillary urothelial
neoplasm of low malignant potential; pT1 and pTa - high risk non-muscle
invasive bladder cancer; pT2 — muscle invasive bladder cancer; pT- the stage
has been based on pathological or microscopic findings; SD: standard deviation.

and silver-109 nanoparticle-based laser desorption/ionization mass
spectrometry (AuNPs- and 1OgAgNPs—LDI—MS). Gold and silver-109
nanoparticles (AuNPs and '°°AgNPs) were generated with pulsed fiber
laser (PFL) 2D galvoscanner (2D GS) laser synthesis in solution/sus-
pension (LASiS) as described in our previous publication [30]. Supple-
mentary data detail the acquisition and processing of NMR and MS
spectra (S1-S4).

2.4. Preparation of urine metabolite extracts for 'H NMR metabolomics

As stated in our recent publication (and detailed in the Supplemen-
tary data), metabolites whose polarity ranged from medium-to-high
were analyzed from urine samples (Supplementary data, section S1)
[31-33].

2.5. Preparation of urine samples for LDI-MS studies

Thawed urine samples were diluted in methanol 500 times (v/v).
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After that, 0.3 ul volumes were directly placed on target plates: 1°°Ag
and Au PFL-2D GS LASiS [30]. Following solvent evaporation in air, the
Autoflex Speed apparatus was used to measure the plates containing the
samples.

2.6. Data processing and spectral acquisition

A comprehensive explanation of the acquisition and processing of
NMR and MS spectra can be found in the supplementary material, spe-
cifically in sections S2 to S4.

2.7. Multivariate statistical analysis

MetaboAnalyst version 5.0 online software was used to analyze all
metabolite datasets [34]. The statistical multivariate analysis used here
is similar to the one described in our recent publications [27,32,35].
Briefly the metabolite data obtained from each analytical technique was
log-transformed and auto-scaled. The resulting metabolite profiles were
then subjected to unsupervised Principal Component Analysis (PCA) and
Orthogonal Partial Least Squares Discriminant Analysis (OPLS-DA). To
identify metabolites that differentiated between the groups, we utilized
a comprehensive approach. Specifically, we applied (i) variable impor-
tance in projection (VIP) from OPLS-DA model (VIP > 1.0), (i)
two-sample t-tests & Wilcoxon Rank-Sum Tests with Mann-Whitney and
Bonferroni correction (FDR < 0.05, p-values < 0.05), (iii) fold change
(FC) analysis (FC > 2.0 or < 0.5), and (iv) area under the curve (AUC)
receiver operating characteristics (ROC) analysis with random forest
modeling (AUC > 0.7). Subsequently, we validated the potential bio-
markers meeting these criteria in an independent cohort (validation set)
to confirm their reproducibility. In the validation set, we used the same
statistical criteria as in the training set to test for significance. Impor-
tantly, the potential biomarkers that were significant in the training set
were also significant in the validation set, confirming their reproduc-
ibility. To test the robustness and avoid overfitting of the OPLS-DA
model we performed random permutation analysis with 2000 repeats
and 7-fold cross-validation. The overall performance of the OPLS-DA
model was assessed by evaluating the goodness of ft (R%Y) and the
predictive ability of the model (Q2). A metabolic pathway impact
analysis was performed using MetaboAnalyst version 5.0 [34] and the
Kyoto Encyclopedia of Genes and Genomes [36] to identify metabolic
pathways that are in all likelihood impacted by bladder cancer. One-way
analysis of variance (ANOVA) was used to compare differences between
different stages and grades of BC, with Tukey’s post-hoc testing used if
the ANOVA revealed significant differences. MS and NMR data were
analyzed using the same statistical method.

3. Results

In this work, the urine metabolite profiles of BC patients were
examined to identify urine-specific metabolic indicators of BC. The
study involved 100 patients diagnosed with BC and 100 patients in
whom urinary tract cancers were excluded. However, data from 99 urine
samples from BC patients were used for the statistical analysis of the
NMR results. For one sample, readable NMR spectra could not be ob-
tained. With the much more sensitive laser desorption/ionization mass
spectrometry (LDI-MS), this was no longer a problem and data from all
100 BC samples were included in the statistical analysis. In this case 400
of LDI-MS spectra were collected using 1°°Ag and Au PFL-2D GS LASiS
targets.

3.1. Differentiation between BC and control urine based on 'H NMR data

Urine metabolites from patients with BC (99 samples) and controls
(100 samples) were analyzed using high-resolution 1D 'H NMR. Alto-
gether, 39 metabolites were identified and quantified in each urine
sample following published protocols [31]. Fig. 1 depicts an overlay of
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Fig. 2. Cancer and control urine metabolite profiles obtained from 'H NMR data distinguish BC and NCs samples in the training set. (A,B) The tumor (violet) and
control (orange) urine samples were evaluated using (A) 2D PCA, and (B) OPLS-DA scores. (C) ROC curves of five distinct metabolites: trigonelline, hippurate, urea,
mannitol and 4-hydroxyphenylacetate. (D-H) Box-whisker plots of selected metabolites levels in urine samples from NCs and BCs. AUC: area under the curve; PC:
primary component; ROC: the receiver operator characteristic.
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(n =30 BC and n = 30 NCs). Metabolite concentrations from both
groups were statistically analyzed to assess whether differences in
metabolite levels between the patient and control groups were signifi-
cant. Findings from this analysis are reported in Supplementary data
Tables S2 and S3. 2D PCA score plots from both subsets of data revealed
a clear distinction between BC and NC patient groups. In the training set,
the best group separation was observed along principal components 1
and 2 (i.e., PC1 and PC2), which accounted for 41.3% and 7.5% of the
variance, respectively (Fig. 2 A). Separation of cancer and control urine
samples was also observed in validation set, with PC1 and PC2 ac-
counting for 44.6% and 6.5% of the variance, respectively (Fig. S1A).
Fig. 2B and S1B (Supplementary data) show the corresponding 3D PCA
plots for the training and validation sets, respectively. Next, a supervised
OPLS-DA analysis was performed to investigate the extent of the meta-
bolic differences between the BC and NC groups in both the training
(Fig. 2 C) and validation (Fig. S1C) data sets. Resulting score plots
indicated significant separate clustering of the two groups in the OPLS-
DA modeling conducted using both the training and validation data sets.
To evaluate the statistical robustness of the OPLS-DA modeling, two
thousand permutation tests were performed (Fig. S2). In the training set,
good discrimination was detected between the two groups (Q* =0.633,
R2Y:0.728, P-value 5E-04 (0/2000)), revealing substantial differences
in the metabolic profiles of BC versus NC urine samples (Fig. S2A,
Supplementary data). The permutation test validated that the group
separations observed in the OPLS-DA modeling of the validation NMR
metabolite dataset is not overfit (Q2 =0.412, RZY:O.603, P-value 5E-04
(0/2000)) (Fig. S2 C, Supplementary data).

Area under the curve AUROC analysis was performed on both the
training and validation data sets to assess the diagnostic performance of

Table 2
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the OPLS-DA models, together with the examination of VIP plots
resulting from the OPLS-DA modeling. These analyses were used to
identify potential urine metabolite biomarkers of bladder cancer. Next,
to examine the statistical significance of metabolite level differences, the
paired parametric t-test with Mann-Whitney and Bonferroni correction
was utilized. Fifteen urine metabolites were found to be significant
discriminators of BC versus NC, and were identified from a combined
analysis of VIP scores (> 1.0), t-tests (FDR corrected p-values < 0.05),
and area under the curve ROC analysis (AUC > 0.7) of training set
metabolite data (Table 2, Supplementary data). In turn, sixteen metab-
olites were deemed significant from a similar analysis of the validation
data set (Supplementary data, Table S2). In both the training and vali-
dation sets, these analyses revealed twelve metabolites that were
consistently found to be significant discriminators of the BC versus NC
groups. Finally, 5 metabolites were identified as being statistically sig-
nificant based on fold change ratios greater than 2 or less than 0.5. These
included trigonelline, hippurate, urea, mannitol and 4-hydroxyphenyla-
cetate. The diagnostic value of these five identified metabolites was
evaluated using receiver operating characteristic curve (ROC) analyses
and random forest modeling. The classification ROC model, (Fig. 2E and
Supplementary data Fig. S1E) indicated that including these five me-
tabolites was a good discriminator (AUC > 0.828) of the two groups in
both data sets. The ROC model was validated (See Supplementary data
Fig. S3) and a permutation test using 1000 permutation steps provided a
p-value of 0.009, supporting the validity of the ROC analysis. The best
ROC analyses with the highest significance (AUC > 0.8) were obtained
in the training set for trigonelline (AUC = 0.887, specificity = 75%, and
sensitivity = 80%), urea (AUC = 0.858, specificity = 86, and sensitivity
= 80), mannitol (AUC = 0.806, specificity = 84, and sensitivity = 69)

Results of targeted quantitative study of potential BC biomarkers derived from 'H NMR data of urine samples (P-value 0.05; VIP > 1.0; AUC > 0.70, FC > 2.0 or < 0.5).

Comparison mode Metabolite VvIP? P-value® FDR? FC* AUC Spec. [%] d Sens. [%] ¢
BC 4-Hydroxyphenylacetate 1.57 5.32E-10 5.45E-09 0.485 0.805 72 80
vs. Hippurate 1.59 4.03E-09 2.75E-08 0.360 0.789 81 67
NCs Mannitol 1.46 4.53E-10 5.45E-09 0.238 0.807 84 69
Trigonelline 2.09 3.28E-15 1.34E-13 0.196 0.887 75 89
Urea 1.62 3.41E-13 6.98E-12 0.390 0.858 86 80
HG BC Trigonelline 1.88 6.74E-10 2.76E-08 0.179 0.897 81 79
vs. Hippurate 1.37 1.46E-05 5.43E-05 0.342 0.779 67 76
NCs Mannitol 1.29 1.10E-06 9.05E-06 0.222 0.813 80 72
LG BC Trigonelline 1.94 6.53E-10 2.68E-08 0.226 0.869 88 75
VvS. Hippurate 1.55 2.58E-06 1.76E-05 0.400 0.781 71 81
NCs Mannitol 1.41 1.21E-06 1.24E-05 0.254 0.790 68 83
pTa BC Trigonelline 1.98 9.37E-12 3.84E-10 0.234 0.872 88 77
vs. 4-Hydroxyphenylacetate 1.56 8.79E-08 8.02E-07 0.499 0.792 80 71
NCs Hippurate 1.56 2.76E-07 1.61E-06 0.395 0.780 68 81
Mannitol 1.45 9.74E-09 1.33E-07 0.228 0.813 68 85
1-Methylhistidine 1.41 9.79E-08 8.02E-07 0.494 0.791 71 79
Creatine 1.28 1.07E-06 4.37E-06 0.476 0.766 75 73
pT1 BC Trigonelline 1.85 7.61E-09 3.12E-07 0.130 0.920 91 84
vs. NCs 1,3-Dimethylurate 1.66 1.08E-07 2.22E-06 0.210 0.886 81 90
Urea 1.59 2.09E-07 2.86E-06 0.455 0.877 82 79
Hippurate 1.52 1.81E-06 1.48E-05 0.248 0.847 79 79
4-Hydroxyphenylacetate 1.43 1.74E-06 1.48E-05 0.368 0.847 80 79
Glycine 1.31 0.0002 0.0007 0.461 0.775 81 74
Citrate 1.30 1.97E-05 0.0001 0.436 0.810 88 68
Acetate 1.25 0.0003 0.0008 4.930 0.762 71 74
Formate 1.24 0.0002 0.0007 0.499 0.768 75 74
Mannitol 1.15 2.21E-05 0.0001 0.209 0.808 79 68
pT2 BC Urea 2.21 2.53E-05 0.0008 0.454 0.874 87 83
vs. NCs 1-Methylhistidine 2.11 0.0012 0.0097 0.420 0.788 71 75
Creatinine 1.82 0.0019 0.0132 0.497 0.775 90 67
Trigonelline 1.77 3.92E-05 0.0008 0.201 0.865 76 83
Hippurate 1.50 0.0009 0.0093 0.323 0.795 80 67
Creatine 1.32 0.0065 0.0297 0.469 0.742 89 58
Mannitol 1.23 0.0009 0.0093 0.215 0.795 82 67

2 VIP scores derived from OPLS-DA model; "P-value and FDR determined from Student’s t-test, “fold change between cancer and control urine calculated from the
concentration mean values for each group — cancer-to-normal ratio; “ROC curve analysis for individual biomarkers. AUC: area under the curve; FC: fold change; FDR:
false discovery rate; NCs: normal controls; pT1 and pTa — high risk non-muscle invasive bladder cancer; pT2 — muscle invasive bladder cancer; Sens.: sensitivity; Spec.:

specifity; VIP: variable importance in projection scores.
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and 4-hydroxyphenylacetate (AUC = 0.805, specificity = 72, and
sensitivity = 80). Fig. 2D-H present the box-whisker plots for all five
selected metabolites whose levels differed significantly in the urine
samples of BC versus NC individuals. Table 2 reports the statistical pa-
rameters for these 5 metabolites identified by 'H NMR as potential
biomarkers of BC. These results indicate that, when considered together,
these five metabolites have increased diagnostic potential and may be
useful discriminators of malignant versus healthy phenotypes for in-
dividuals with bladder cancer.

3.2. Differentiation between grades of BC and control urine based on 'H
NMR metabolite profiles

PCA, non-parametric OPLS-DA, and one-way ANOVA analyses were
performed on training and validation data sets to investigate whether 'H

Journal of Pharmaceutical and Biomedical Analysis 233 (2023) 115473

NMR metabolite profiles of urine extracts could differentiate between
bladder cancer tumor grades and controls. The BC grade analysis
included 95 urine samples from patients with high-grade (HG) and low-
grade (LG) cancer, with three samples from papillary urothelial
neoplasm of low malignant potential (PUNLMP) patients excluded. NMR
datasets were divided like previously into two subsets: a training data set
to train a model (n = 29 HG, n = 36 LG, and n = 69 NCs) and a vali-
dation data set to assess the validity and robustness of the learned model
(n =11 HG, n = 18 LG and n = 30 NCs). In both the training and vali-
dation sets, PCA and OPLS-DA scores plots indicated a good separation
between control and cancer groups with different grades of tumors (LG
vs. NCs and HG vs. NCs) (Fig. 2). However, in the PCA scores plot, the
difference between the LG and HG BC patients was marginal (data not
shown). In the LG BC vs. NCs OPLS-DA model, 3 metabolites were
considered significant (VIP > 1, P-value, FDR < 0.05, FC < 0.5 or >2.0,
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AUC > 0.7) including trigonelline, hippurate, mannitol, for both the
training set and the validation set (Table 2). All three metabolites were
found in higher concentrations in the urines of NCs group compared to
the BC patients. Analysis of HG BC vs. NCs in the training and validation
sets of the OPLS-DA model indicated that these three metabolites were
significant to separating the HG BC from the NC group (Table 2). Fig. 3
displays PCA and OPLS-DA scores plots resulting from this analysis, and
illustrates the extent of the separation of HG, LG, from NCs, resulting
from the differential urine metabolite profiles in the training and in
validation datasets. Although unsupervised PCA analysis did not clearly
separate the groups based on distinct tumor grades, the cancer groups
separated clearly from the NC group.
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3.3. Differentiation between stages of BC and control based on 'H NMR
metabolite profile analyses of patient and control urine samples

To differentiate between the various stages of bladder cancer, the
complete metabolite concentration dataset obtained from the NMR
studies and measured in the urine samples of patients with different
stages of BC and normal controls was subjected to PCA, OPLS-DA, and
non-parametric one-way ANOVA analyses. The complete set of metab-
olite profiles was used to evaluate whether differences in metabolite
concentrations could be used to separate urine samples based on distinct
BC tumor stages. 87 patients with non-muscle invasive bladder cancer
(pTa and pT1) and 12 patients with muscle invasive bladder cancer
(pT2) provided urine samples that were used in this analysis. A training
data set was created with n = 48 pTa and n = 69 NCs. A validation data
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Fig. 4. Analysis of training set urine metabolite profiles obtained from 'H NMR to evaluate whether distinct metabolite patterns separate urine sample groups based
on distinct stages of bladder cancer and control. (A) PCA and (B) OPLS-DA score plots of pTa BC (blue) and control (orange) urine samples. (C) PCA and (D) OPLS-DA
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set with n =20 pTa, and n = 30 NCs was then used to evaluate the
validity and robustness of the trained model. Due to the limited number
of samples, analysis of the pT1 and pT2 stage of BC was performed
without dividing it into two sets (70 NCs, 12 patients with pT2 and 34
with pT1). The PCA and OPLS-DA score plots indicated a good separa-
tion between NCs and the various stages of BC (pTa vs. NCs, pT1 vs. NCs,
and pT2 vs. NCs, Fig. 4). The performance of three models to differen-
tiate between pTa, pT1, and pT2 bladder cancer stages and NCs was then
evaluated using ROC curve analysis. Based on the cut-off criteria (FC > 2
or < 0.5, VIP > 1; AUC > 0.7, P-value and FDR < 0.05), 6, 10, and 7
metabolites were found to be most significant for sample distinction
between pTa BC vs. NCs, pT1 BC vs. NCs, and pT2 BC vs. NCs, respec-
tively (Table 2). However, the urine metabolomes could not themselves
distinguish between the three cancer stage groups (pT1 versus pTa
versus pT2), as no metabolite pattern differences were found to be sta-
tistically significant (Fig. 4G-4 J).

3.4. Untargeted metabolic profiling of urine with PFL-2D GS LASiS
AuNPs and 1%°AgNPs LDI-MS

Both gold and silver-109 nanoparticle-coated targets were utilized
for laser mass spectrometry-based profiling of urine metabolites
collected from patients diagnosed with bladder cancer and control in-
dividuals. PFL-2D GS LASiS AuNPs and '°°AgNPs LDI-MS (pulsed fiber
laser ablation synthesis of gold and solver-109 nanoparticles in solution
with the use of a 2D galvoscanner) were employed for the analysis of 200
urine samples, which resulted in the identification of 690 differentially
regulated mass spectral features. The data was randomly split into two
subsets for statistical analysis. The training data set consisted of n = 70
BC and n = 70 NCs and the validation data set was comprised of n = 30
BC and n = 30 NCs. 2D-PCA and OPLS-DA scores plots were generated
from multivariate statistical analysis of PFL-2D GS LASiS AuNPs and
109AgNPs LDI-MS mass spectral features. These analyses provided a clear
separation of the BC group from the NC control group, as a result of their
distinct MS-based urine metabolite profiles (see Supplementary data
Figs. S6, S7). OPLS-DA VIP scores > 1.0, associated with the OPLS-DA
models, were selected to identify mass spectral features that were
most discriminatory of the BC and NC groups. For the training dataset,
the validation of the OPLS-DA model using 2000 permutations resulted
in R%Y and Q? values of 0.926 (p < 5E04) and 0.971 (p < 5E04)
(Fig. S6), while R?Y and Q2 values of 0.867 (p < 5E04) and 0.965
(p < 5E04), respectively, were measured when analyzing the MS
metabolomics data present in the validation dataset. This analysis was
followed by univariate ROC analysis for both training and validation
datasets. Only m/z values with an AUC greater than 0.7 were chosen for
the next step of the analysis. Seventy-four features were common be-
tween the training and the validation datasets, and exhibited VIP values
> 1.0, FDR-corrected p-values < 0.05, fold change (FC) less than 0.5 or
greater than 1.8, and AUC > 0.7. Of these 74 common mass spectral
features, were more abundant in the urine of BC patients to control in-
dividual, while 48 exhibited the opposite trend. Multivariate ROC plot-
based exploratory analysis, based on Random Forest algorithm, was then
carried out to identify which m/z spectral features were most discrimi-
natory between the BC and control groups. Supplementary data Fig. S10
presents a summary of all the ROC curves generated from analysis of the
training and validation datasets, using a range of feature counts (five,
ten, fifteen, twenty-five, fifty, and one hundred), together with associ-
ated AUC values and confidence intervals. The 50-feature panel of model
5 in the training set and the 100-feature panel of model 6 in the vali-
dation set provided a very good discrimination power for BC diagnosis
(AUC > 0.97) (Fig. S8, Supplementary material).

The data generated from untargeted PFL-2D GS LASiS AuNPs LDI-MS
experiments were also analyzed using PCA and OPLS-DA to identify the
mass spectral features that most differentiated control from BC tumor
groups, using both training and validation datasets. In both instances,
PCA and OPLS-DA scores plots separated clearly BC from control, in both
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training and validation data subsets, suggesting that PFL-2D GS LASiS
AuNPs LDI-MS-based metabolite profiling of urine can also be used to
effectively to identify characteristic metabolic differences that separate
bladder cancer from control groups (see Supplementary data Fig. S11
and S12). Validation of the OPLS-DA model using 2000 random per-
mutation steps resulted in R%Y and Q2 values of 0.836 (p < 5E04) and
0.881 (p < 5E04), respectively for the training dataset (see e Supple-
mentary data Fig. S9, and values of 0.720 (p < 5E04) and 0.879
(p < 5E04) for the validation dataset (Supplementary data Fig. S10).
After completing this analysis, univariate as well as multivariate ROC
analyses were carried out. In the analysis of both subsets (training and
validation sets), 98 common features were found with VIP scores > 1.0,
FDR-corrected P-value < 0.05, an FC < 0.5 or > 1.8, and AUC > 0.7. Of
these 98 features, 49 spectral features were more abundant in urine
samples of bladder cancer patients compared to control individuals, and
49 features exhibited the opposite trend (less abundant in BCs than NCs).
Fig. S11 provides a comprehensive summary of all the ROC curves
generated from the training and validation datasets using a range of
feature counts (five, ten, fifteen, twenty-five, fifty, and one hundred),
along with corresponding AUC values and confidence intervals for each
curve. The 100-feature panel of model 6 of the training dataset yielded
the highest accuracy, while the 10-feature panel of model 2 of the
validation dataset displayed the highest accuracy. Next, putative com-
pound identification of select mass spectral features observed in the PFL-
2D GS LASiS °Ag and AuNPs LDI-MS spectra were performed by
searching against various metabolite databases, such as the Human
Metabolome Database (HMDB) [37], the MetaCyc Metabolic Pathway
Database [38], and the LIPID MAPS® Lipidomics Gateway [39].
Twenty-five mass spectral features were assigned to putative metabolite
IDs by comparing the spectral features observed in PFL-2D GS LASiS
1OQAgNPs and AuNPs LDI-MS mass spectra with those of compounds
present the databases mentioned above. All this information is reported
in Supplementary data Table S4.

3.5. Biomarker candidates in cancer: a pathway analysis

A metabolic pathway impact analysis was conducted using Metab-
oAnalyst 5.0 to identify metabolic pathways that are most likely impli-
cated in the observed differences in urine metabolite levels between BCs
and NCs. Pathway analysis and quantitative pathway enrichment anal-
ysis were performed on thirty-nine metabolites that were identified by
NMR or LDI MS. Sixteen of these metabolites were found in the KEEG
database and determined to be endogenous, while others may have
come from various exogenous sources or gut microbe activity. Two
different metabolic pathways were found to be significantly impacted,
and included pathways involved in glyoxylate and dicarboxylate meta-
bolism, and glycine, serine and threonine metabolism. Each of these
pathways displayed an impact value > 0.1 and a p-value < 0.05. Fig. 5A
and Supplementary data Table S5 summarize the findings resulting from
these metabolic pathway impact analyses.

In order to broaden the extent of metabolic pathways impacted in
bladder cancer, a quantitative enrichment analysis was employed using
the MetaboAnalyst 5.0 metabolite route enrichment module and its
associated Small Molecule Pathway Database (SMPDB). The pathway
involved in arginine and proline metabolism was found to be third
impacted pathway with p-values < 0.05 and to be relevant to bladder
cancer (Fig. 4B and Table S6 in Supplementary data).

4. Discussion

Analysis of the metabolite profiles of urine samples obtained from BC
patients and control individuals using NMR, ICP-OES, and LDI-MS with
both 1°°AgNPs and AuNPs-based targets indicated significant changes in
metabolite levels between patients with BC and controls. In this study,
39 small molecules were identified that may serve as diagnostic in-
dicators of bladder cancer. Twelve of these compounds were present in
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higher concentrations and twenty-seven at lower concentrations in the
urine of BC patients compared to controls (see Tables 52,3 in Supple-
mentary data). The higher concentration of these 15 metabolites may
reflect the increased production of tumor metabolites that are secreted
into the urine or may arise from the breakdown or change in the
structure of non-malignant tissue caused by tumor invasion through the
epithelial wall. Inflammatory responses due to the presence of the tumor
may also lead to increased levels of some urine metabolites. The 'H NMR
metabolomics data revealed 5 compounds that were in higher concen-
tration in the urine of NCs than in the BC subjects and significantly
discriminated between BC and NC groups. These included 4-hydroxy-
phenylacetate, hippurate, mannitol, trigonelline and urea,

One of the metabolites that separated the NC and BC groups, and
exhibited a high VIP value included trigonelline, a product of niacin
(vitamin B3) metabolism which is excreted in the urine. This compound
occurs also in plants and many foods [40]. Trigonelline has been shown
to affect the activity of crucial glucose and lipid metabolism enzymes.
Moreover, this compound has been tested for anticancer activity. Trig-
onelline had an inhibitory effect on the invasion of hepatoma cancer
cells [41]. Trigonelline is also an effective Nrf2 inhibitor in anticancer
activity and increases the sensitivity of chemoresistant pancreatic cell
lines to anticancer drugs [42]. Research has shown that almost 50% of
the dietary intake of trigonelline is excreted in urine within 8 h
following food ingestion [43]. In our studies, the urine level of trig-
onelline was lower in BC patients compared to NCs. This compound has
also been previously detected in lower amounts in the urine of BC pa-
tients and suggested to be a potential bladder cancer biomarker [44-46].
Analogous results, whereby trigonelline levels were found to be reduced,
have been reported in metabolomics studies of urine samples obtained
from lung cancer patients and individuals suffering from acute kidney
injury [47,48].

Urea, formed in the liver from ammonia via the urea cycle, was
another metabolite whose level differences contributed to the separation
of the BC group from the NC group. Urea is also the end product of
protein catabolism and is excreted in the urine. High urea concentra-
tions can cause gastrointestinal bleeding and dehydration in the human
body, while lower urea levels can cause liver failure, nephrotic syn-
drome, and cachexia [49]. Furthermore, it was found that supplying
urea to cancer cells and blocking the breakdown of urea while accu-
mulating ammonium can effectively kill cancer cells. Our research found

a significantly lower amount of urea in the urine of BC patients
compared to controls. Similar results were obtained in blood serum
analysis from patients with BC, where urea was found to be a good
discriminator of BC versus control sample groups, and was present in
much greater amounts in the control group [50].

Hippuric acid is a product of the aromatic compound metabolism
and also excreted in the urine. Hippuric acid negatively affects blood
pressure, liver ailments, and Crohn’s disease [51]. In our study, the
levels of hippuric acid were reduced in the urine of BC patients
compared to the levels found in NCs, which is consistent with previous
reports [20]. This relation has also been confirmed by several untargeted
metabolomic profiling studies of BC urine and serum samples [44,50,52,
53].

4-Hydroxyphenylacetate is a common human, fungal, and plant
metabolite. In our study the urine level of 4-hydroxyphenylacetate was
lower in BC patients, which is consistent with a prior NMR study [54].
Furthermore, 4-hydroxyphenylacetate has also been shown to be
excreted at lower levels in the urine of kidney cancer patients compared
to the amount excreted by control individuals [55,56].

Another potentially important marker of BC is the polyhydroxy sugar
alcohol, mannitol. Urine mannitol levels have been measured using
various analytical methods [57-59]. In one study, human plasma and
urine samples were collected from individuals suffering from impaired
GI function, where mannitol was reported to be a potential biomarker of
impaired intestinal permeability [60]. Our analysis found that the urine
level of mannitol is higher in NC patients than BCs. Similarly, Lee et al.
has shown that mannitol levels differ significantly in patients with uri-
nary cancers compared levels found in urine samples of control in-
dividuals [54]. Mannitol has previously been reported to be in much
lower concentrations in the urine of patients with various stages of BC
[61], which is consistent with our findings.

Using modified gold and silver-109 targets in LDI-MS experiments
made it possible to measure urine samples directly without separating
and extracting analytes first. Using these methods, MS analysis of urine
metabolites identified 16 compounds that were in higher concentration
in urine samples of BC patients compared to controls, and 10 compounds
that were lower in concentration. Most of these compounds were puta-
tively identified as peptides and lipids. Two of the four lipids found to be
elevated in the urine of BC patients belonged to the fatty acyl class, while
the other two lipids belong to the class of sphingolipids and were found
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in higher concentrations in the urine of NCs. These findings validate our
earlier research results, which focused on the metabolite profiling of
blood serum samples from BC patients and NC individuals [32].

In many processes associated with cancer cells, lipid metabolism
plays an important role. Fatty acids are the fundamental components of
complex lipids, which can be utilized for energy storage or can serve as
fundamental components of cellular membranes [62]. Changes in lipid
metabolism have been linked to both the early stages and progression of
BC [63], as documented by a number of investigators [64]. Sphingoli-
pids are lipids comprised of sphingoid bases, which are aliphatic amino
alcohols and include sphingosine. Sphingolipids are known to play a
significant role in the regulation of a variety of cellular processes,
including cellular apoptosis, proliferation, angiogenesis, senescence,
and cellular transformation [65]. The significance of sphingolipids in
the control of cancer growth and the development of cancerous pa-
thology has been extensively discussed in the scientific literature [88]. It
has been suggested that sphingolipids metabolism plays a role in cancer
aggressiveness and motility of cancer cells in muscle-infiltrating bladder
cancer [66].

In an effort to identify cellular markers that could distinguish be-
tween the various grades of BC, several articles have been published that
report on the metabolomics studies of urine and blood of BC patients
[12,13]. To our knowledge, however, only three studies have investi-
gated the connections between changes in metabolite levels in urine and
the distinct stages of tumor development (Ta/Tis, T1, and >T2) [18,19,
67]. In our study, slightly higher concentrations of trigonelline, hippu-
rate, and mannitol were measured in the urine of NCs compared to the
levels found in HG and LG BC groups (Fig. 3, Table 2).

Our study demonstrated that urine-based metabolite profiling can
accurately discriminate different stages of BC (pTa, pT1, and pT2) from
NCs (Table 2, Fig. 4). In the urine of patients with pTa, pT1, and pT2
stages of BC, we identified 13 significant metabolites that were good
discriminators of the different cancer stage groups from the control
group. Our research identified 6 compounds that distinguished BC pa-
tients with pTa from the control group, which included trigonelline, 4-
hydroxyphenylacetate, hippurate, mannitol, 1-methylhistidine, crea-
tine. In addition to the previously described compounds, 1-methylhisti-
dine and creatine deserves attention. Differential levels of 1-
methylhistidine in the urine of BC patients compared to healthy con-
trols has been associated with increased risk of BC recurrence [61,68].
Previous studies have shown that creatinine levels are lower in the
serum and urine of BC patients compared to healthy controls [50,53].
However, there have been studies suggesting that this compound is
present in elevated level in the urine and tissues of BC patients compared
to controls [69,70]. The reason for these contradictory findings is un-
clear, although our results are consistent with previous studies that
found lower levels of this compound in the urine of BC patients.

Of all ten potential urine-derived bladder cancer of pT1 stage
markers identified by our team, acetate deserves attention. Recent
studies have shown that acetate is a key substrate in tumor bio-
energetics. At the heart of acetate utilization in cancer is the enzyme
ACSS2, responsible for converting acetate to acetyl-CoA. Acetyl-CoA
production is critical for maintaining fatty acid synthesis in cancer cells.
Fatty acid metabolism is a critical aspect of cancer metabolism because
cancer cell proliferation requires the synthesis of numerous cellular
building blocks. It is also interesting to note that in bladder cancer there
may also be changes in lipid or fatty acid metabolism. Glucose-derived
endogenous acetate contributes to fatty acid synthesis in cisplatin-
resistant cells [71]. In addition, the increasing use of c acetate posi-
tron emission tomography in clinics provides supporting evidence for
the importance of acetate metabolism in cancer. !!C-acetate is used in
PET/MRI imaging and displays moderate accuracy in primary BC stag-
ing and limited sensitivity in detecting metastatic lymph nodes and
response to neoadjuvant chemotherapy [72]. Moreover, PET/MRI im-
aging is able to reach specificity and sensitivity levels of 50% and 80%,
respectively, for detecting lymph node metastasis [73]. Our study
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reports a clear correlation between the level of acetate in the urine and
grade of bladder cancer tumor malignancy.

5. Conclusion

We have demonstrated that multivariate statistics, together with
high-resolution NMR and gold/silver-109-based high-resolution LDI-MS
metabolomics, are powerful analytical techniques to investigate urine
metabolomes and changes in metabolite profiles in BC patients. 'H NMR
metabolomics was employed to assess the urine metabolite patterns of
99 patients with BC and 100 NCs. This led to the identification of five
potentially robust metabolic indicators of BC, which include 4-hydroxy-
phenylacetate, hippurate, mannitol, trigonelline, and urea. The combi-
nation of these metabolites predicted BC with potentially excellent
predictive power as revealed by AUC values greater than 0.82. Most of
these compounds have been previously linked with bladder cancer,
however until now, they have not been reported in such a combination
as a potential set of discriminating markers of this disease. In addition,
metabolite profiling using gold and silver-109 nanoparticle-based laser
desorption/ionization mass spectrometry (LDI-MS) identified 26 addi-
tional compounds, the majority of which were lipids, which helped
differentiate between cancer and control urine samples. In addition,
three additional metabolites were found to be potentially valuable dis-
criminators of LG versus HG bladder cancer, and thirteen were potential
reporters of pTa/pT1 and pT2 phases of BC. The distinct metabolite
profiles observed in the urine of patients with BC compared to those of
NCs may thus serve as diagnostic markers of BC and may help distin-
guish between the various stages and grades of BC. Results of this study
also suggest that evaluating disease severity and progression in BC using
a combination of urine metabolites has better predictive potential than
using either metabolite alone.
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Untargeted urinary metabolomics
for bladder cancer biomarker
screening with ultrahigh-resolution
mass spectrometry

Joanna Niziot*™, Krzysztof Ossolinski?, Aneta Ptaza-Altamer'3, Artur Kotodziej'?,
Anna Ossolinska?, Tadeusz Ossolinski2, Anna Nieczaj' & Tomasz Ruman?

Bladder cancer (BC) is a common urological malignancy with a high probability of death and
recurrence. Cystoscopy is used as a routine examination for diagnosis and following patient
monitoring for recurrence. Repeated costly and intrusive treatments may discourage patients from
having frequent follow-up screenings. Hence, exploring novel non-invasive ways to help identify
recurrent and/or primary BC is critical. In this work, 200 human urine samples were profiled using
ultra-high-performance liquid chromatography and ultra-high-resolution mass spectrometry (UHPLC-
UHRMS) to uncover molecular markers differentiating BC from non-cancer controls (NCs). Univariate
and multivariate statistical analyses with external validation identified metabolites that distinguish
BC patients from NCs disease. More detailed divisions for the stage, grade, age, and gender are also
discussed. Findings indicate that monitoring urine metabolites may provide a non-invasive and more
straightforward diagnostic method for identifying BC and treating recurrent diseases.

Cancer is one of the humanity’s most significant problems in the twenty-first century that also occupy thousands
of scientists. Cancer is the leading cause of death among people under 70. Recent trends show that cancer may be
the leading cause of premature death in most countries this century'. Urological cancers constitute a large part of
all types of cancers worldwide. Their incidence and mortality are still increasing, which places a significant burden
on healthcare worldwide!. The early detection of cancer contributes to early diagnosis and subsequent treatment?.

Bladder cancer (BC) is one of the most common urinary tract cancers affecting men and women?®. The inci-
dence of this cancer depends mainly on age, sex, carcinogenic factors, diet, and alcohol consumption or smoking*.
Based on the histological classification, several types of bladder cancer were classified, including non-muscle
invasive bladder cancer (NMIBC), which accounts for about 70-85% of all bladder tumors, and muscle-invasive
BC (MIBC). NMIBC comprises noninvasive papillary carcinomas (pathologic stage Ta), submucosal invasive
tumors (T1), and carcinoma in situ (CIS). MIBC contains tumors that have spread into muscle (stage T2),
perivisceral fat (stage T3), or adjacent organs (stage T4). Histology classifies BC as low-grade (LG) tumors that
seldom expand from their source location and high-grade (HG) tumors that are more aggressive and invasive.
Moreover, about 50% of NMIBC cases aft, after all, recur despite radical treatment, and about 30% experience
disease progression to MIBC®. This is why cancer patients are screened mainly for recurrence of the disease and
metastasis of the disease to other sites’.

Transurethral resection of bladder tumor (TURBT), occasionally followed by intravesical instillation of
mitomycin or Bacillus Calmette-Guerin (BCG) therapy, is the standard first-line treatment for early BC. The
conventional therapy for MIBC, on the other hand, is a radical cystectomy with pelvic lymph node dissection.
This is used with neoadjuvant or adjuvant cisplatin-based chemotherapy®. Despite such rigorous therapy, BC
patients have a dismal survival rate. It is widely known that the sooner the cancer is detected, the greater the
chance of treating the patient’. Some of the varieties of cancer are undetectable at an early stage using cystoscopy.
Incredibly, flat, non-invasive with high-grade cancer is practically invisible in cystoscopy. Moreover, it is often
mistakenly interpreted as a common inflammatory area because of its appearance. Therefore, metabolomics can
be the most suitable way to achieve this. Due to the direct contact of the tumor with the urine, specific disease
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biomarkers may be present in this fluid. In recent years, metabolomics research in diagnosing and understanding
numerous illnesses has increased dramatically®.

Several analytical approaches have been developed to understand better the metabolic alterations in biologi-
cal systems, including cancer phenotypic changes. Nevertheless, two analytical platforms—nuclear magnetic
resonance (NMR)® spectroscopy and mass spectrometry (MS), which are frequently combined with liquid chro-
matography (LC)'°, provide the complete screening of cancer metabolomes. MS, compared to NMR, detects far
wider variety of molecules with much greater sensitivity, resolution, and accuracy using much less material'’.
During the last fifteen years, metabolomic analytical approaches have been extensively employed to explore BC
and find possible biomarkers in urine, serum, and tissues*>!>!3, Compared to serum and tissue, urine metabo-
lomics may be affected by dilution factor, but urine is more available than tissue or serum, and the procedure
non-invasive. Recently, many detailed articles have been published on potential urinary markers of BC, dem-
onstrating significant interest in this field"#!*. Unfortunately, none of the biomarkers invented and tested so far
guarantee 100% detection of cancer at an early stage. Even though their detection characteristics are still high,
they are associated with enormous costs that the global health service cannot afford'®. This is still desirable for
scientists to research subsequent biomarkers, thanks to which we will increase the percentage of cases with early
detection of bladder cancer.

Most investigations of urine from patients with bladder cancer were based on NMR" or mass spectrometry
coupled to liquid chromatography (LC)"¥-?! and gas chromatography (GC)?>%. One of the first report of metabo-
lomic profiling of urine from BC patients using high-performance liquid chromatography coupled with mass
spectrometry appeared in 2008%*. The study was conducted on samples from 41 bladder cancer patients and 48
healthy individuals. The results indicated that metabolomics using HPLC-MS had the potential to become a
noninvasive early detection test for BC. Similar conclusions were drawn in 2011 by Huang and coworkers, who
indicated fourteen compounds differentiating these two groups based on the urine analysis of 27 patients with BC
and 32 healthy volunteers®. In the same year, urine profiling with external validation was performed by Putluri
and coworkers®® on a much larger group of 85 BC patients and 51 controls, indicating 35 potential BC biomark-
ers. In 2013, two more urine profiling works were published that were based on a relatively small groups of BC
patients®”*®. The first profiling of urine metabolites of a larger group of 138 BC patients and 121 controls using
HPLC-QToF-MS was performed in 2014 by Jin and coworkers®. The research identified 12 differential metabo-
lites that may be useful for the distinction between the BC and control groups. However, mentioned research
was based on mass spectrometer of 20,000 resolution that is three-times lower value that for instrument used in
our report. Also, authors used 2.6 micron HPLC column that have inferior resolving power compared to our 1.7
micron one. In later years, several publications indicated potential small-molecule biomarkers for early detection
of bladder cancer; however**-*, to our knowledge, only two papers using a group of more than one-hundred
patients and with external validation have been published so far'®?°. Similarly, there are very few reports on the
analysis of urine of patients with BC, considering the division into different stages and grades of cancer, as well as
gender and age?"**. There are no reports published that combine large cohorts of patients and also controls with
ultrahigh performance liquid chromatography combined with ultrahigh resolution mass spectrometry system.

In this work, we report the results of an untargeted analysis of human urine with ultra-high-resolution mass
spectrometry coupled with ultra-high-performance liquid chromatography (UHPLC-UHRMS) with external
validation. This study employed a large number of patients—100 cancer patients and 100 controls. The untar-
geted analysis focused on urine metabolic changes generated by bladder cancer and stratified the disease by
stage, grade, age, and gender. Our study reveals potential urinary BC biomarkers for early detection, screening,
and differential diagnosis.

Materials and methods
All chemicals were of LCMS- or analytical reagent-grade. Deionized water (18 MQ cm) was produced locally.
LC-MS-grade methanol was bought from Sigma Aldrich (St. Louis, MO, USA).

Instrumentation. The untargeted analysis was performed using a Bruker Elute UHPLC system with Hys-
tar 3.3 software and an ultra-high-resolution mass spectrometer Bruker Impact II (60,000 + resolution version;
Bruker Daltonik GmbH) ESI QTOF-MS with Data Analysis 4.2 (Bruker Daltonik GmbH) and Metaboscape
(ver. 2022b). Metabolite separation was achieved with a gradient of mobile phases using a Waters UPLC column
ACQUITY BEH (C18 silica, 1.7 um particles, 50 x2.1 mm) with a compatible column guard was used for all
analyses. Further details are described in our previous publication® and supplementary information 1 (sec-
tion S1).

Collection of human urine samples. Urine samples were taken from 100 BC patients at John Paul
II Hospital in Kolbuszowa, Poland (average age 73, white ethnicity). Control group consisted of age and sex
matched patients admitted to the Urology Department for surgery of benign urological conditions including
benign prostatic hyperplasia (BPH), urine stones, phimosis, UPJO (Ureteropelvic Junction Obstruction), and
stress urinary incontinence. Prior to the procedure (day before) each patient, underwent a comprehensive set
of laboratory tests, including a blood count, electrolyte analysis, coagulation panel, creatinine measurement,
glomerular filtration rate (GFR) assessment, urinalysis, lung X-ray, and ultrasound of the cavity as a part of
standard protocol before each surgery. After extensive clinical questioning and laboratory testing, all patients
with cancer had transurethral resection of bladder tumor (TURBT). The study was authorized by the University
of Rzeszow’s local Bioethics Committee (Poland, permit number. 2018/04/10) and complied with relevant rules
and legislation. All methods were performed in accordance with the relevant guidelines and regulations. Written
informed consent was obtained from all subjects. All patients who participated in the trial were told about the
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study’s goal and methods, and they completed an informed permission form. Patients hospitalized in the urol-
ogy department for surgical treatment of benign urological diseases include the whole NCs group (urolithiasis,
benign prostate hyperplasia, testicular hydrocele, varicocele, phimosis, ureteropelvic junction stenosis, urinary
incontinence, urethral stricture). Each individual has received at least one abdominal ultrasound to rule out
neoplasms (patients with urolithiasis frequently get a CT scan) and a basic set of lab tests necessary for urologi-
cal surgery to rule out inflammation. Patients in the control group received written authorization to give leftover
urine for investigation after being informed about the research program. Each participant had 10 ml of urine
collected from them. At room temperature, samples were centrifuged at 3000 rpm for 10 min. The samples
were then stored at — 80 °C until use. The clinical characteristics of the patients are presented in supplementary
information 1, table S1.

Sample preparation. As detailed in our recent work, medium-to-high polarity metabolites were isolated
from urine samples®. In summary, urine samples were thawed at 4 °C and then centrifuged at 12,000 x g for
5 min at 4 °C. A total of 900 pL of acetone was added to 300 pL of supernatants. After vortexing for 1 min, the
solutions were incubated at room temperature for 20 min, followed by 20 min at —20 °C, and then centrifuged
at 6000 x g for 5 min at 4 °C. Then, 800 pL of supernatants were transferred to a fresh polypropylene tube. The
pellets were resuspended in 500 uL of an acetone-H,O (3:1 v/v) combination and vortexed extensively. Samples
were centrifuged at 12,000 x g for 10 min at 4 °C. The supernatants from the pellet washes were mixed with those
from the first spin. 260 pL of mixed supernatants were vacuum dried in a speedvac-type concentrator, dissolved
in 900 pL of methanol, vortexed, and centrifuged (12,000 x g for 5 min at 4 °C). A 800 pL supernatant volume
was placed into an HPLC vial and put into the Elute autosampler.

Data analysis. In this study, we characterized the metabolic profile of urine from 100 patients with diag-
nosed BC and also from 100 normal control subjects (NCs) to develop potentially discriminant biomarkers for
early, specific, and sensitive detection of this disease using ultra-high-resolution LC-MS. Two datasets from BC
patients and NCs have been created: a training set, which contained 70% of all samples, and a validation set,
which had 30% of all samples. In the training set, samples from a patients with certain stages and grades of BC
made up 80% of all samples for a particular stage and grade of this disease. On the two datasets, urine metabolic
profiling was carried out separately. The training data set was used to identify urine diagnostic markers differ-
entiating the control group from cancer, high- and low-grade, pTa and pT1 stage. In turn, the validation set was
used to validate the diagnostic performance of urine metabolite biomarkers independently. In the case of the
analysis of samples from patients with pT2 stage of BC, in different age groups, and from women, the number
of samples was insufficient to conduct a reliable statistical analysis divided into two independent sets. Therefore,
the study was performed for the entire data set. In comparing patients of different sex and age, the control group
consisted of people of a given sex and from a specific age group.

Multivariate statistical analysis. For raw data, we have used Metaboscape v.2022b program recom-
mended filtration of recorded features that removes the ones that for given m/z and retention time are not
detected in samples from minimum 10 patients. This amount of patients is correlated with smallest group of given
medical condition. Then data were exported and saved in CSV format. Subsequently, the data was imported into
the Metaboanalyst 5.0 online software®” for further analysis. Within the Metaboanalyst platform, the data was
normalized using log-transformed, auto-scaled, and sum-normalized before analysis. The resulting metabolite
profiles were then submitted to unsupervised Principal Component Analysis (PCA). The separation identified in
the 2D and 3D PCA score plots between the BC and control groups was further investigated utilizing supervised
multivariate statistical analysis such as Orthogonal Partial Least Squares Discriminant Analysis (OPLS-DA). The
goodness of fit (R?Y) and predictive ability of the OPLS-DA models were used to evaluate their quality (Q?). VIP
plots were created to identify the metabolites most substantially responsible for group separation. VIP values
of more than 1.0 were considered promising biomarker candidates. Permutation tests with 2000-fold repetition
were used to assess the correctness of the multivariate statistical models and rule out the possibility that the
observed separation in the OPLS-DA is attributable to chance (P-value <0.05). The t-test with Mann-Whitney
and Bonferroni correction was used to determine the statistical significance of metabolite level differences. Less
than 0.05 P-values and false discovery rates (FDR; q-value) were considered statistically significant. The diagnos-
tic value of the identified metabolites was evaluated using receiver operating characteristic curve (ROC) stud-
ies and random forest modeling. The metabolites’ performance was calculated using the area under the curve
(AUC), 95% confidence interval, specificity, and selectivity. AUC values greater than 0.9 indicate that the model
is highly dependable, AUC values between 0.7 and 0.9 suggest moderate reliability, AUC values between 0.5 and
0.7 indicate low reliability, and AUC 0.5 shows that the model prediction is no better than chance. Only variables
with an AUC greater than 0.70 were deemed meaningful. The training and validation datasets were subjected to
separate multivariate statistical analyses. Chemicals that distinguish between tumor and control urine samples
were chosen via external validation, which involves using two different datasets (here referred to as the training
and validation datasets) to validate the performance of a model. The final collection of possible BC biomark-
ers met all testing and validation data set requirements. Chemometric methods such as 2D PCA, OPLS-DA,
and ROC analysis were also employed to compare and contrast metabolic profiles between various grades and
stages of bladder cancer. A metabolic pathway impact study was performed in MetaboAnalyst 5.0 utilizing the
Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway library for Homo sapiens®® to discover metabolic
pathways influenced by bladder cancer. The Small Molecule Pathway Database performed quantitative pathway
enrichment analysis (SMPD). Each affected pathway was identified using statistical P-values, Holm p (P-value
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corrected using the Holm-Bonferroni technique), and FDR (P-value adjusted using the False Discovery Rate),
computed using pathway topology analysis.

Ethical approval. The local Bioethics Committee approved the study protocol at the University of Rzeszow
(Poland) (permission no. 2018/04/10). Written informed consent was obtained from all subjects and/or their
legal guardian(s).

Results

Distinguishing between bladder cancer and control urine samples. In total, 2969 m/z features
were detected in each urine sample, with the condition that feature is found in at least nine samples correspond-
ing to the smallest group of cancer subtype. Both subsets’ unsupervised 2D PCA score plots clearly distinguished
between cancer patients and controls. The principal components 1 and 2 (i.e., PC1 and PC2), which accounted
for 22.2% and 10.7%, respectively, provided the best group separation in the training set. In the middle 95% of
the field of view, just a few outliers were found (Fig. 1a). Additionally, in the validation set, PC1 (26.2%) and PC2
(9.4%) showed the best separation between cancer and control urine samples (Fig. S1A, information 1).

To investigate the metabolic differences between the BC and NC groups, a supervised multivariate OPLS-DA
analysis was performed. The score plot in the training set showed a clear divergence between the two groups
(Fig. 1b). The OPLS-DA model was validated using 2000 permutation tests (Table S2, supplementary informa-
tion). There was good discrimination between the two groups (Q*=0.960, R?Y =0.991, p-value 5E-04 (0/2000)),
revealing significant differences in the metabolic profiles of cancer urine samples versus control urine samples.
This OPLS-DA model has a high R*Y and Q?, indicating good interpretability and predictability. A similar
tendency to discriminate BC patients and NCs was observed in the validation set’s OPLS-DA model (Table S2),
which was confirmed by the excellent permutation test results (Q*=0.918, R?Y =0.984, p-value 5E-04 (0/2000)).
Volcano plot and PCA biplot of the most significant metabolite changes comparing cancer and control group
was shown in supplementary information in the Figure S2. The VIP plot generated by the OPLS-DA model was
used to select potential urine bladder cancer biomarkers. Then, univariate ROC analysis was performed on both
the training and validation sets to assess the models’ diagnostic ability. The area under the ROC curve (AUC),
an adequate measure of model performance, was utilized as a metric to analyze the biomarkers’ sensitivity and
specificity. Only m/z with an AUC value higher than 0.70 were considered to be relevant by combining the VIP
(>1.0) and AUC (>0.7) with the independent t-test results (p-value and FDR from t-test under 0.05), 464 vari-
ables in the training set were chosen as differential in urine for BC patients and NCs. In turn, 548 variables were
considered significant in the validation set. Finally, 51 m/z features common to both sets were left for which a
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Figure 1. Metabolomic analysis of BC and NC urine samples in the training set. (a) PCA and (b) OPLS-DA
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curves. (D-G) The box-and-whisker plots of selected metabolites were observed in the control and BC urine
samples.
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specific chemical compound was assigned (Table 1, supplementary information 2). The results showed that in
urine samples, 5 of the previously selected 51 metabolites have a very high AUC value of more than 0.9 and high
parameters of specificity and sensitivity of more than 80 and 81%, respectively (Table 1 and S1, supplementary
information 2). The combination of mass features in the validation and training set was a robust discriminator
of control versus bladder cancer urine samples (AUC >979%), as illustrated in Fig. 1c and S1C.

Determination of low- and high-grade bladder cancer and control urine samples. Another
series of PCA and OPLS DA analyses were performed on the training (70 NCs, 30 patients with HG, and 38
patients with LG) and validation (30 NCs, 12 patients with HG, and 17 patients with LG) data sets (Tabe S1) to
see if metabolomics analysis of urine samples could help discriminate between different grades of BC. Patients
with PLUMP were excluded from this analysis due to their small number.

In both the training and validation sets, PCA and OPLS-DA scores plots showed good separation between
control groups and cancer groups with different grades of tumors (LG vs. NCs and HG vs. NCs) (Fig. 2a-d,
$3). The quality factors for these models were Q?>0.879 and R*Y >0.983, and the P-values from permutation
tests (n=2000) were less than 5E—4 (Table S3), which means that the metabolites profiles of these two groups
could not be more different. But in the PCA scores plot, we didn’t see a big difference between the LG and HG
BC patients (data not shown). In the LG BC vs. NCs OPLS-DA model, 26 identified chemical compounds were
considered significant (VIP > 1, P-value 0.05) in both the training set and the validation set (Table S2, supple-
mentary information 2).

Analysis of HG BC vs. NCs in the training and validation sets of the OPLS-DA model showed that 63 com-
monly identified compounds were important in separating the two groups (Table S3, supplementary information
2). Based on the results of univariate ROC curve analyses, it was determined that these models have satisfactory
diagnostic performance. Two of the twenty-six metabolites in the LG versus NCs model and thirteen of the
sixty-three in the HG vs. NCs model had AUC values higher than 0.90 with sensitivity and specificity of more
than 80 and 87%, respectively (Table 1). Selected metabolites most differentiating different grades of BC and
NCs are shown in Fig. 2e-h.

Determination of different stages of bladder cancer and control urine samples.  To differentiate
between the various stages of bladder cancer, PCA and OPLS-DA models were developed. The 68 urine samples

No. | Name Formula m/z* RT [min] | VIP® | FC® P-value FDR AUC | Spec. [%]¢ | Sens. [%]¢
1 Oleamidess" CisHysNO | 2822790 | 5.08 170 | 3.00 |2.34E-20 |1.73E-18 |0.953 |90 89
2 Indoleacetic acid®® CiHNO, | 217.0974 | 2.02 208 | 015 |1.14E-19 |543E-18 |0.944 |90 90
3 Isostearic acid®®" Cancer versus control | C gH;,0, 285.2785 | 0.20 1.95 0.16 | 1.28E-19 |599E-18 |0.944 |86 89
4 N-Alpha-acetyllysine®f¢ CeH,(N,0, |268.1056 |0.14 196 |14.89 |4.17E-17 |9.94E-16 |0.912 |80 90
5 Azelaic acidefeh CoH, 0, 171.1014 | 2.54 194 | 035 |297E-16 |6.01E-15 |0.900 |87 81
6 Indoleacetic acid®® o 1 CHNO, | 217.0974 | 2.02 212 | 018 |1.16E-13 |4.19E-12 0934 |87 9%
versus contro.
7 Isostearic acid®s" CisHyO, | 2852785 |0.20 197 | 018 |491E-13 |150E-11 |0.923 |89 82
8 Isostearic acide&® CisHiO, | 2852785 |0.20 194 | 013 |164E-13 |143E-11 |0.967 |97 87
9 Oleamidee&h CisHiNO | 2822790 | 5.08 173 | 465 |288E-13 | 1.85E-11 |0.962 |96 87
10 | Indoleacetic acid®® CHyNO,  |217.0974 |2.02 212 | 012 |502E-13 |275E-11 |0.958 |96 93
11 | 2-Furoylglycinesfsh CH,NO, |170.0447 |1.60 200 | 0.11 |7.81E-13 |3.66E-11 |0.954 |96 87
12 | Azelaic acidefeh CoH, 0, 171.1014 | 2.54 187 | 027 |1.87E-12 |7.16E-11 |0.946 |90 87
13 | Cis,cis-Muconic acid®® CH O, 125.0232 | 1.53 197 | 009 |3.03E-12 | 1.08E-10 |0.942 |91 87
14 | Phenylglyoxylic acidef¢ C4H,O, 151.0386 | 1.85 189 | 0.18 |5.16E-12 | 1.62E-10 |0.937 |96 83
15 | N-Alpha-acetyllysine®f¢ HG versus control CH,N,0; | 268.1056 |0.14 185 |1522 | 147E-11 |3.85E-10 |0.928 | 100 80
16 | Methylmalonic acid® C,H,0, 119.0344 | 0.03 212 | 013 |1.55E-11 |3.95E-10 |0.927 |93 90
17 | >4 Dibydroxymandelic CoH{0; 2260709 | 1.85 179 | 019 |410E-11 |8.36E-10 |0.918 |90 83
18 | N-Acetylserotonin®f CLH.N,0, |175.1227 |1.75 181 | 021 |873E-11 |157E-09 |0.911 |87 90
19 i;iyigg‘;’c‘gg‘l'meth"xy““’ CyH O, | 195.0654 | 1.79 187 | 015 | 1.06E-10 | 1.87E-09 [0.909 |86 87
20 | Tiglylglycine®! C,H,NO, |199.1076 |1.56 169 | 032 |1.66E-10 |2.74E-09 |0.905 |81 87

Table 1. Differential metabolites for discrimination between BC patients and NCs (P-value and FDR<0.001;
VIP>1; FC<0.5 and >2; AUC>0.9). *Experimental monoisotopic mass of ion; bVIP scores derived from
OPLS-DA model; “fold change between cancer and control serum calculated from the abundance mean values
for each group — cancer-to-normal ratio; “ROC curve analysis for individual biomarkers; ‘the metabolites
identified by high precursor mass accuracy; fthe metabolites identified by matching retention time; Sthe
metabolites identified by matching isotopic pattern; hthe metabolites identified by matching MS/MS fragment
spectra; AUC: area under the curve; FC: fold change; FDR: false discovery rate; m/z: mass-to-charge ratio; RT:
retention time; Sens.: Sensitivity; Spec.: Specificity; VIP: variable influence on projection.
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Figure 2. Metabolomic analysis of HG/LG BC and NCs of urine samples in the training set. (a) PCA and

(b) OPLS-DA score plots of HG BC (violet) and control (orange) urine samples. (c¢) PCA and (d) OPLS-DA
score plots of LG BC (green) and control (orange) urine samples. (e, h) The box-and-whisker plots of selected
metabolites were observed in the control, HG, and LG BC urine samples.

from patients with noninvasive papillary carcinomas (pTa) were divided into training (70 NCs, 47 patients with
pTa) and validation (30 NCs, 21 patients with pTa) sets. The 19 urine samples from patients with the pT1 stage
of BC were divided into training (70 NCs, 15 patients with pT1) and validation (30 NCs, 5 patients with pT1)
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sets. In the case of the pT2 stage of BC, the analysis was performed without dividing it into two sets (30 NCs, 12
patients with pT2). The PCA and OPLS-DA score plots demonstrated a decent separation between NCs and the
various stages of BC (pTa vs. NCs, pT1 vs. NCs, and pT2 vs. NCs, Fig. 3 a-f).

Quality factors for these models were Q*>0.836 and R?Y >0.985, and P-values derived from permutation tests
(n=2000) were less than 5E-4 (Table S2), suggesting very strong discrimination of metabolite profiles between
these groups. The performance of three models in differentiating between pTa, pT1, and pT2 bladder cancer
stages and NCs was then evaluated using ROC curve analysis. Based on the cut-off criteria (FC>2<0.5, VIP> I;
AUC>0.7, P-value and FDR <0.05), finally, 19, 68, and 81 chemical compounds appeared to be most relevant
for sample distinction between pTa BC vs. NCs, pT1 BC vs. NCs, and pT2 BC vs. NCs, respectively (Table S4-S6,
supplementary information 2). Comparing the three cancer stage groups (pT1 versus pTa versus pT2) revealed
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Figure 3. Metabolomic analysis of pTa/pT1/pT2 BC and NCs of urine samples in the training set. (a) PCA
and (b) OPLS-DA score plots of pTa BC (blue) and control (orange) urine samples. (¢) PCA and (d) OPLS-DA
score plots of pT1 BC (violet) and control (orange) urine samples. (e) PCA and (f) OPLS-DA score plots of pT2
BC (green) and control (orange) urine samples. (g-k) The box-and-whisker plots of selected metabolites were
observed in control, pTa, pT1, and pT2 BC urine samples.
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no statistically significant differences (data not shown). Selected metabolites most differentiating different stages
of BC and NCs are shown in Fig. 3g-k.

Sex-related differentiation of metabolomic profiles. The differentiation of metabolites in urine
extracts from patients of different sexes was studied. The control group consisted of people matched to a given
sex. The comparison of the male BC patients with the male control group was performed with a division into the
training (55 male BC, 51 male control) and validation (26 male BC, 19 male control) sets. The group of female
patients was compared on the whole data set (19 female BC, 30 female control).

In both the training and validation sets, PCA and OPLS-DA score plots revealed good discrimination between
separate control and cancer groups of different sex (Fig. 4a-d).

The quality factors for those models amounted to Q?>0.907 and R?Y > 0.986, and the P-values derived from
the permutation tests indicated perfect discrimination of metabolite profiles between those groups. However,
we did not find a significant difference between the two groups when comparing the male and female patients
using the PCA scores plot (data not shown).

The performance of two models in differentiating between male and female BC patients and male and female
NCs was then evaluated using ROC curve analysis. Based on the cut-off criteria (FC>2<0.5, VIP>1; AUC>0.7,
P-value and FDR <0.05), finally, 79 and 48 chemical compounds appeared to be most relevant for sample distinc-
tion between male BC vs. male NCs, and female BC versus female NCs, respectively (Table S7-S8, supplementary
information 2). Selected metabolites that differentiate BC patients with different gender from NCs are shown
in Fig. 4e-h.

Age-related differentiation of metabolomic profiles. The difference in metabolites in urine extracts
from patients of various ages was examined. The control group was made up of people of the same age. The entire
set of LC-MS data from urine samples from BC and NCs patients was divided into three age groups. The first
group consisted of 11 samples from BC patients aged 40 to 60 and 49 controls of the same age. The second group
included 24 samples from BC patients aged 40 to 60 and 13 controls of the same age. The third group consisted
of 65 samples from BC patients aged 40 to 60 and 13 controls of the same age. PCA and OPLS-DA score plots
indicated strong age-specific identification of distinct NCs and BC groups (Fig. 5a—f).

The quality factors for those models amounted to Q?>0.867 and R*Y >0.990, and the P-values derived from
the permutation tests indicated perfect discrimination of metabolite profiles between those groups. The per-
formance of three models in differentiating between BC patients of different ages and NCs was then evaluated
using ROC curve analysis. Based on the cut-off criteria (FC>2<0.5, VIP>1; AUC> 0.7, P-value and FDR <0.05),
finally, 65, 55, and 66 chemical compounds appeared to be most relevant for sample distinction between BC
patients aged 40 to 60 vs. NCs aged 40 to 60, BC patients aged 61 to 70 versus NCs aged 61 to 70 and BC patients
aged 71 to 90 vs. NCs aged 71 to 90 (Table S9-S11, supplementary information 2). Selected metabolites that
differentiate BC patients with different age from NCs are shown in Fig. 5g-j.

Pathway analysis of potential biomarkers. MetaboAnalyst 5.0 was used to perform a metabolic path-
way impact analysis to identify the most relevant pathways involved in the observed changes in urine metabolite
levels. Pathway and quantitative pathway enrichment analyses were performed on 116 metabolites identified
in the UHPLC-UHRMS analysis. A total of 100 compounds were discovered to be relevant to human metabo-
lism. When comparing BC to NCs, four metabolic pathways were significantly impacted (P-value): tryptophan
metabolism, pantothenate and CoA biosynthesis, tyrosine metabolism and vitamin B6 metabolism. Figure 6a
and Table S2 show the results of the pathway impact analysis (supplementary information 1).

We conducted a quantitative enrichment analysis with the MetaboAnalyst 5.0 pathway enrichment module
and its associated Small Molecule Pathway Database (SMPDB) to expand the metabolomic study of bladder
cancer-related pathways. Figure 6b and Table S3 show two significant pathways associated with bladder cancer:
tryptophan metabolism, and vitamin B6 metabolism.

Discussion

Over the last ten years, metabolomics studies have revealed potentially valuable information regarding the meta-
bolic profiles of individuals afflicted with various diseases, including cancer, and possible disease progression or
recurrence markers. Rapidly proliferating cancer cells have the potential to change their metabolism to suit their
increased energy demands. Monitoring variations in the concentrations of various metabolites in cancer cells
or bodily fluids could be a source of novel cancer biomarkers. Several studies have demonstrated the significant
potential of metabolomic markers in diagnosing multiple cancers and the comprehension of the mechanisms
behind cancer onset and progression®.

This investigation compare changes in urine metabolite levels between 100 patients with BC and 100 NCs.
The 51 metabolites that distinguished these two groups the most were identified. A large group of compounds
differentiating the NCs group from the BC patients (table S1, supplementary information 1) was lipids and its
derivatives. Lipids serve as long-term energy storage and are the fundamental building blocks of all cell mem-
branes. Furthermore, lipids play essential roles in living organisms, including nerve impulse transmission, hor-
mone production and regulation, cushioning vital organs, intracellular signal transmission, and cell transporting
systems. Lipid metabolism is involved in several processes related to cancer cells. Numerous studies over the last
decade have shown that lipids and metabolites associated with lipid metabolism may be potential markers in
human cancers, including bladder cancer*. We found that the urine content of 10 lipids, including four medium-
chain fatty acids (2-hydroxyaproic acid, sebacic acid, azelaic acid, cis,cis-muconic acid), three acylcarnitines
(3-methylglutarylcarnitine, isovalerylcarnitine, L-acetylcarnitine), two long-chain fatty acids (isostearic acid,
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Figure 4. Metabolomic analysis of female/male BC and NC:s of urine samples. (a) PCA and (b) OPLS-DA
score plots of female BC (violet) and control female (orange) urine samples in the training set. (c) PCA and (d)
OPLS-DA score plots of male BC (blue) and control male (green) urine samples. (e-h). The box-and-whisker
plots of selected metabolites were observed in control, male, and female BC urine samples.

palmitic acid) and one hydroxy fatty acid (3-hydroxymethylglutaric acid) was significantly higher in the urine of
NCs than in the BC subjects. The opposite trend was observed for oleamide (Fig. 1d), which was found in much
higher concentrations in the urine of BC patients compared to the NCs group, and which turned out to be the
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Figure 5. Metabolomic analysis of female/male BC and NCs of urine samples. (a) PCA and (b) OPLS-DA
score plots of BC patients aged 40 to 60 (violet) and the control group aged 40 to 60 (orange) of urine samples.
(c) PCA and (d) OPLS-DA score plots of BC patients aged 61 to 70 (green) and the control group aged 61 to 70
(orange) of urine samples. (e) PCA and (b) OPLS-DA score plots of BC patients aged 71 to 90 (blue) and the
control group aged 71 to 90 (orange) of urine samples. (g—j) The box-and-whisker plots of selected metabolites
were observed in control BC urine samples from people of different ages.

most distinguishing compound between these two groups. Of all the lipids recognized as the most differentiating,
oleamide, isostearic acid, and azelaic acid with AUC > 0.9 were the most important.

Oleamide is a member of the fatty amides class of organic compounds. It is an endogenous chemical com-
pound found naturally in blood and urine. This compound has been demonstrated to have a wide variety of
neuropharmacological effects on many neurochemical systems, and it is recognized as a fatty acid amide that
induces sleep*'. Oleamide is an agonist of cannabinoid 1 and 2 (CB1 and CB2) receptors that promote cell growth
and migration via adhesion and/or ionic signals at Gap junctions. Recent studies have shown that oleamide
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Figure 6. Analysis of the topology of selected statistically significant metabolites in BC. (a) Pathway analysis
based on KEGG, with bubble area corresponding to the impact of each pathway and color representing
significance from red to white, from greatest to least. (1) tryptophan metabolism; (2) pantothenate and CoA
biosynthesis; (3) tyrosine metabolism (4) vitamin B6 metabolism (5) citrate cycle (TCA cycle); (6) beta-alanine
metabolism; (b) Quantitative enrichment analysis based on SMPDB.

induces cell death in glioblastoma RG2 cells** and inhibits Caco-2 colon cancer cell proliferation*>. Moreover,
it was also demonstrated that oleamide increases calcium ions in T24 bladder cancer cell lines, suggesting that
this compound may alter the cellular function in the urinary system*!. Oleamide has not yet been found as a
possible biomarker for BC. Yet, an earlier study has revealed that the content of oleamide in the urine of patients
with kidney and laryngeal cancer is greater than that of healthy people serving as controls*>*® and in the serum
of patients with colorectal cancer?’.

Among the lipids most differentiating cancer and the control group, there were also isostearic (Fig. 1f) and
azelaic acids (Fig. 1h). Azelaic acid is a saturated nine-carbon dicarboxylic acid generated from fatty acid oxida-
tion that suppresses neutrophil reactive oxygen species formation. Azelaic acid has been identified as a potential
biomarker for colorectal cancer, with significantly lower levels in the urine of patients whit this tumor compared
to healthy controls*®. Similarly, in our studies, the urine level of azelaic acid was more deficient in BC patients
than NCs (Fig. 1h).

Indoleacetic acid (IAA) was the second compound, after oleamide, to differentiate the BC group from the
NCs group (Fig. 1e). IAA is a breakdown product of tryptophan metabolism in mammalian tissues that may be
produced by the decarboxylation of tryptamine or the oxidative deamination of tryptophan. Some studies indi-
cated an elevated level of IAA in the urine of patients with cervical cancer*’ compared to controls, which may be
associated with increased secretion of this compound by tumor tissues. IAA was also detected at a high level in
serum samples of BC patients compared to healthy controls®. Our research shows a significantly lower amount
of IAA in BC patients’ urine than NCs. Similar results were obtained in analyzing urinary metabolites in patients
with breast cancer™. Moreover, indoleacetic acid is a metabolite of gut bacteria. It is possible that the changes in
this metabolite were due to changes in the gut microbiome in BC patients, as previously suggested by Tan et al.*’.

N-Alpha-acetyllysine is involved in DNA transcriptional activities, including the acetylation of lysine cata-
lyzed by histone acetyltransferase enzymes by adding acetyl groups from acetyl-CoA onto lysine residues histones
and nonhistone proteins. In this investigation, the level of N-alpha-acetyllysine in urine was higher in the BC
group than in NCs individuals (Fig. 1g). This aligns with previous studies conducted by Yumba Mpanga and
coworkers, 58, who identified and quantified this compound in the urine of patients with BC. Interestingly,
acetyllysine was among the most statistically significant metabolites discriminating against patients with prostate
cancer (PC) and healthy individuals at high-significantly lower concentrations in urine from PCa patients®.

To implement the proper treatment regimens for BC patients, it is required to clearly and adequately define the
stage and grade of this malignancy and indicate the neoplasm. In total, 51 differential metabolites were identified
as a potential markers for discriminating between LG BC patients and NCs. Indoleacetic acid (specificity—96%,
sensitivity—93%) and isostearic acid (specificity—97%, sensitivity—87%) were found to be the most differentiat-
ing compounds in this model, with AUC> 0.9. Fifty-nine differential metabolites were identified as a potential
marker for discriminating between HG BC patients and NCs. Among these metabolites, 5 had tremendous
discriminant significance with an AUC greater than 0.95, including isostearic acid, oleamide, indoleacetic acid,
2-furoylglycine, and azelaic acid. Apart from oleamide, other compounds were identified in significantly lower
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levels in the urine of HG BC patients compared to NCs. 2-Furoylglycine belongs to the N-acyl-alpha amino acids
class and is a product of fatty acid catabolism linked to mitochondrial fatty acid beta-oxidation. Earlier urine
analysis of prostate cancer patients also showed significantly decreased levels of this compound in the cancer
group compared to controls®.

Our study shows that a urine-based metabolite profile could accurately discriminate different stages of BC
(pTa, pT1, and pT2) and NCs (Table 2). In the urine of patients with pTa, pT1, and pT2 stages of BC, we identified
22 the most differentiating compounds (with AUC >0.91). One of the compounds that determined stages of BC
from NCs to the greatest extent was benzaldehyde, which was identified in a much higher amount in the urine
of patients from the control group. Benzaldehyde is a simple alkane whose levels rise during inflammation and
oxidative stress, both of which are hallmarks of cancer®. In previous studies benzaldehyde was found significantly
increased in BC cells lines®. Aldehydes are established indicators of oxidative stress and tissue damage, however
in our study this does not explain the substantially lower quantities found in BC patients” urine.

Many studies have found that clinical conditions, genetic background, race, age, sex, lifestyle, diet, and medi-
cines strongly impact the urine metabolic profile***®. Age and gender are significant determinants that influence
the urine metabolome, according to inter-individual variance analyses. Knowing the specific differences in
metabolites linked with age and gender can give a foundation for comparative studies as well as insight into the
metabolic systems of a healthy body. In literature there are evidences to suggest that sex-related differentiation can
influence metabolomic profiles. Several studies have demonstrated differences in metabolomic profiles between
males and females in various physiological and pathological conditions”. For example, a study published by
Fan et al.*® analyzed the urine metabolome of healthy individuals and found significant sex-related differences
in metabolic profiles. The study identified several metabolites that showed sex-specific variations, suggesting
inherent metabolic distinctions between males and females. Another example of report of this kind was published
recently®. The researchers identified sex-specific metabolic signatures and found that certain metabolites were
significantly different between males and females, indicating potential sex-related metabolic variations. Further-
more, sex-related differences in metabolomic profiles have been observed in various diseases and conditions,
including cardiovascular diseases, cancer, diabetes, and obesity. These differences may arise from variations in
hormonal levels, genetic factors, and sex-specific physiological processes. However, sex-related differentiation of

pTa versus control pT1 versus control pT2 versus control

No | Metabolites Formula m/z RT [min] | FC® | Spec.[%]¢ |Sens.[%]¢ | FC® | Spec.[%]¢ |Sens.[%]¢ | FC® | Spec.[%]¢ | Sens.[%]
1 Zfi(’lfﬁ;andicarboxyhc C.H,04 157.0130 | 1.28 - - - 019 |83 100 - - -
2 2-Furoylglycinedefe C,H,NO, 170.0447 | 1.60 - - - 0.07 |97 87 0.13 |93 92
3 i’c‘i‘('i?ihydr""yma“del“ C.H;Ox 226.0709 | 1.85 - - - ; - - 0.20 |90 83
4 Azelaic acid®e*s CoH,40, 171.1014 |2.54 - - - 026 |79 93 0.30 |93 100
5 Benzaldehyded C,H:O 107.0490 | 3.30 0.29 | 100 94 032 | 100 87 0.27 |87 92
6 Choline¢ C,H,,NO 143.0702 | 1.81 - - - 0.19 |81 87 - - -
7 Cis,cis-Muconic acid**# CeH0, 125.0232 | 1.53 - - - 0.09 |91 93 0.08 |83 92
8 Indoleacetic acid®s" CH,NO, | 217.0974 | 2.02 0.18 |87 87 0.09 |96 93 0.08 |90 100
9 Isostearic acid® C,sH;40, 285.2785 | 0.20 0.14 |87 87 020 |87 87 0.47 |93 92
10 | Methylmalonic acid¢ C,H:0, 119.0344 | 0.03 - - - 0.19 |94 87 - - -
11 | Mevalonic acid¢ CeH},0, 190.1069 | 2.03 - - - - - - 0.28 |90 83
12 N-Acetylserotonin®* C,H,N,O, |175.1227 |1.75 - - - 0.17 90 93 0.18 |97 83
13 N-Alpha-acetyllysine®®f CgHigN,O; | 268.1056 | 0.14 - - - 14.06 | 87 87 - - -
14 | Oleamide®*e CisHysNO | 282.2790 | 5.08 - - - 699 |96 100 2.14 |83 83
15 | Palmitamide®t8 C¢H;3NO | 256.2633 | 5.02 - - - 404 |93 93 - - -
16 Pantothenic acid®%s CyH;NO; | 220.1179 | 1.68 - - - - - - 0.44 |90 92
17 Phenylacetylglycine®<# C,H;;)NO; | 194.0811 |2.19 - - - - - - 0.24 |83 83
18 Phenylglyoxylic acid®f CgHeO5 151.0387 | 1.85 - - - - - - 0.15 |90 92
19 Picolinuric acid*%s CgHN, O, 181.0607 | 1.88 - - - 0.40 |90 80 - - -
20 | Sebacic acid*ef CyoH 50, 203.1275 |2.22 - - - 028 |81 93 0.38 |83 92
21 Succinic acid®f C,H:0, 119.0344 | 0.26 - - - 046 |94 80 - - -
22 | Vanillic acid*# CeH; 0, 169.0491 | 1.79 - - - - - - 0.27 |87 92

Table 2. Differential metabolites for discrimination between pTa, pT1 and pT2 BC patients and NCs

(P-value <0.05; FDR <0.05; VIP > 1; FC <0.5 and > 2; AUC> 0.91). *Experimental monoisotopic mass of ion;
bfold change between cancer and control serum calculated from the abundance mean values for each group

- cancer-to-normal ratio; ‘ROC curve analysis for individual biomarkers; “the metabolites identified by high
precursor mass accuracy; ‘the metabolites identified by matching retention time; ‘the metabolites identified by
matching isotopic pattern; sthe metabolites identified by matching MS/MS fragment spectra; FC: fold change;
m/z: mass-to-charge ratio; RT: retention time; Sens.: Sensitivity; Spec.: Speciﬁcity.
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metabolomic profiles is a complex phenomenon influenced by multiple factors, and further research is needed
to fully understand its underlying mechanisms and implications especially in BC.

Our research further explored the detailed urinary metabolites associated with BC patients of different sex. As
presented in Table S3 (supplementary information 1), we have identified 19 of the most differentiating metabolites
(AUC>0.9) that most significantly determine the urine of males and females with BC from NCs. One of the
compounds that the most differentiate males from the control group is tryptophan, which was found in signifi-
cantly more significant amounts in urine samples from males with BC patients compared to females with BC and
NCs. Tryptophan is involved in several mechanisms, including synthesizing biogenic amines such as serotonin,
melatonin, and tryptamine. It contributes to the formation of nicotinamide adenine dinucleotide (NAD"), an
essential coenzyme for energy metabolism in animals (such as the citrate cycle). Prior research suggested that
tryptophan metabolism may influence human lifespan regulation.

Tryptophan metabolism has been extensively studied in relation to bladder cancer, and its significance has
been consistently reported in the literature®. Previous studies have observed significant increases in tryptophan
levels in urine, serum, and tissue samples from bladder cancer patients compared to control groups'®®-6, Sex-
related differences have been identified in the metabolism of tryptophan, suggesting a potential link between sex
hormones and tryptophan-related pathways in the context of bladder cancer®*¢'. The disruption of tryptophan
metabolism in bladder cancer patients involves various mechanisms affecting enzymes and pathways. One expla-
nation is the increased degradation of tryptophan. Bladder cancer cells may upregulate enzymes like tryptophan
2,3-dioxygenase (TDO) or indoleamine 2,3-dioxygenase (IDO), leading to heightened tryptophan degradation.
This depletion reduces the availability of tryptophan for vital cellular functions®’. Additionally, the activation of
the kynurenine pathway was implicated. In bladder cancer, this pathway can become activated, resulting in the
production of immunosuppressive and tumor-promoting metabolites like kynurenine, 3-hydroxykynurenine,
and kynurenic acid®. Alterations in enzyme expression also contribute to tryptophan metabolism disruption.
Changes in the levels of enzymes involved in tryptophan metabolism, such as tryptophan hydroxylase, kynure-
nine aminotransferases, and kynureninase, can impact the conversion of tryptophan into downstream metabo-
lites, leading to metabolic dysregulation®. Immune cells like tumor-associated macrophages or regulatory T
cells can stimulate the expression of IDO or TDO, resulting in tryptophan depletion and immune evasion®.
These various mechanisms collectively contribute to the disruption of tryptophan metabolism in bladder cancer,
highlighting the complexity of its involvement in the disease.

In conclusion, we show that ultra-high-resolution mass spectrometry is an effective method for character-
izing urine metabolome variations in BC. We have indicated several dozen metabolites that have the potential to
distinguish urine from BC patients from the urine of healthy volunteers, considering the division into different
grades and stages of BC cancer as well as gender and age. To date, there is no published research indicating the
specific combinations of metabolites like these proposed by our study that could potentially serve as important
markers for early detection of BC. Furthermore, it was crucial to consider factors such as the stage and grade of
malignancy, as well as the influence of sex and age, which can further contribute to the complexity of identifying
relevant metabolomic signatures in BC. Future investigations are needed to explore these potential associations
and provide a deeper understanding of the intricate interplay between metabolites, disease characteristics, and
individual factors in the context of BC. Our results have the potential to help develop simple, non-invasive
specific, and sensitive diagnostic tests to detect different stages and grades of BC, as well as to monitor disease
recurrence.

Data availability
The corresponding author’s data supporting this study’s findings are available upon reasonable request.
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