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EPIGRAFE

“O insucesso é apenas uma oportunidade para

recomegar com mais inteligéncia”

Henry Ford



RESUMO

Devido a elevada incidéncia e mortalidade, o cancer de mama € considerado um problema de satde
publica, tanto em paises em desenvolvimento como desenvolvidos. O cancer de mama ¢ uma doenga
heterogénea, classificada em diversos subtipos moleculares e histologicos que, devido a
desregulagdao de vias celulares, conferem uma variabilidade de prognostico e de respostas a
quimioterapia. O cancer altera o metabolismo celular devido aos processos relacionados ao seu
desenvolvimento, remodelagao do tecido, processo metastatico e estes garantem a sobrevivéncia
celular. A detecgdo das alteragdes de metabolitos, com objetivo de diagnostico ou progndstico
empregado em diversas matrizes bioldgicas. Este trabalho teve por objetivo comparar a abundancia
de metabolitos diagndsticos no cancer de mama em duas matrizes: plasma e tecido tumoral. Para
determinar o perfil lipidico, foram utilizadas diferentes plataformas de espectrometria de massas
(MS): (i) analise do plasma por cromatografia liquida acoplada a espectrometria de massas (LC-
MS, do inglés Liquid chromatography-MS) e (ii) andlise do tecido tumoral por desorption
electrospray ionization — mass spectrometry imaging (DESI-MSI). Foram investigadas amostras de
24 mulheres com diagndstico de cancer de mama, que tiveram seu plasma e/ou fragmentos de
bidpsia por agulhamento e/ou espécime cirurgico coletados, resultando em 20 amostras de plasma,
16 amostras de biopsia e 12 espécimes cirurgicos, obtidos em parceria com o Hospital da Mulher
(CAISM - Universidade de Campinas). Além disso, 22 mulheres saudaveis sem historico familiar
de cancer de mama conhecido foram voluntérias ao projeto, das quais também foi coletado plasma
para compor um grupo controle. As amostras de tecido analisadas por DESI-MSI foram classificadas
com base em um modelo preditivo estabelecido por nosso grupo. As 31 moléculas encontradas como
diferenciais no modelo prévio foram avaliadas entre os lipidios detectados no plasma, sendo que
apenas 17 delas puderam ser detectadas no plasma por LC-MS. Embora tenham sido comuns entre
as duas matrizes, tais moléculas ndo apresentaram poder classificatorio ou preditivo para avaliagdo
do plasma. A comparacdo das diferentes matrizes revelou, portanto, que cada uma delas parece
possuir a sua assinatura molecular especifica em relagdo a presenca de neoplasias, embora haja
moléculas semelhantes, o que implicaria na necessidade de um conjunto proprio de moléculas
diferenciais para cada matriz. Possivelmente, trés fatores estdo associados com nossos achados: (i)
a diluicao no sangue periférico de biomarcadores especificos de tecidos,

(i1) os diferentes métodos de extragdo e analise aplicados as amostras de plasma e tecido, e (iii) a
heterogeneidade dos tumores, em relacao ao grau e volume tumoral, para os participantes do estudo.
O estudo possibilitou verificar que a técnica de DESI-MSI ¢ capaz de classificar com éxito os
carcinomas de tipo especial, em abordagem interlaboratorial e multicéntrica. Embora em escala
piloto, esse trabalho reforga a viabilidade do uso de multiplas técnicas de MS para diagnostico de
cancer de mama, utilizando diferentes matrizes como o tecido e o plasma.

Descritores: Espectrometria de Massas. Imageamento. Metabolomica. Neoplasias da Mama.
Plasma.
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ABSTRACT

Due to the high incidence and mortality, breast cancer is considered a public health problem, both
in developing and developed countries. Breast cancer is a heterogeneous disease, classified into
several molecular and histological subtypes that, due to the deregulation of cellular pathways,
provide a variability in prognosis and responses to chemotherapy. Cancer alters cellular metabolism
due to processes related to its development, tissue remodeling, metastatic process and these
guarantee cell survival. The detection of alterations of metabolites, with the objective of diagnosis
or prognosis used in several biological matrices. This study aimed to compare the abundance of
diagnostic metabolites in breast cancer in two matrices: plasma and tumor tissue. To determine the
lipid profile, different mass spectrometry (MS) platforms were used: (i) a plasma analysis by liquid
chromatography coupled to mass spectrometry (LC-MS, from Liquid chromatography-MS) and (ii)
tumor tissue analysis by electrospray ionization desorption - mass spectrometry imaging (DESI-
MSI).Were used samples of 24 women diagnosed with breast cancer, who had their plasma and / or
biopsy fragments by needle and / or surgical specimen collected, resulting in 20 plasma samples, 16
biopsy samples and 12 surgical specimens, obtained in partnership with the Women's Hospital
(CAISM - University of Campinas). In addition, 22 healthy women with no known family history of
breast cancer volunteered for the project, from which plasma was also collected to form a control
group. The tissue samples analyzed by DESI-MSI were classified based on a predictive model
established by our group. The 31 molecules found as differentials in the previous model were
evaluated among the lipids detected in the plasma, and only 17 of them could be detected in the
plasma by LC-MS. Although they were common between the two matrices, these molecules did not
had a classificatory or predictive power for plasma evaluation. The comparison of the different
matrices revealed, therefore, that each of them seems to have its specific molecular signature in
relation to the presence of neoplasms, although there are similar molecules, which would imply the
need for a specific set of differential molecules for each matrix. Possibly, three factors are associated
with our findings: (i) the dilution in peripheral blood of specific tissue biomarkers, (i1) the different
extraction and analysis methods applied to the plasma and tissue samples, and (iii) the heterogeneity
of the tumors, in relation to tumor grade and volume, for the study participants. The study made
possible to verify that the DESI-MSI technique is capable of successfully classifying special type
carcinomas, in an interlaboratory and multicentric approach. Although on a pilot scale, this work
reinforces the viability of using multiple MS techniques for the diagnosis of breast cancer, using
different matrices such as tissue and plasma.

Keywords: Mass Spectrometry. Imaging. Metabolomics. Breast neoplasms. Plasma.

vii



LISTA DE SIMBOLOS E ABREVIACOES

APCI - Atmospheric Pressure Chemical lonization

APPI - Atmospheric Pressure Photo-lonization

AUC - Area Under the Curve

CDI - Carcinoma ductal invasivo

CID - Collision Induced Dissociation

Da - Daltons

DESI-MSI - Desorption Electrospray lonization - Mass Spectrometry Imaging
ESI - Electrospray lonization

FT-ICR - Fourier Transform lon Cyclotron Resonance
HER?2 - Human Epidermal Growth Factor Receptor - Type 2
HMDB - Human Metabolome Database

1C95% - Indice de Confianca 95%

KEGG - Kyoto Encyclopedia of Genes and Genomes
LASSO - Least Absolute Shrinkage and Selection Operator
LC-MS - Ligquid Chromatography coupled to Mass Spectrometry
m/z - razao massa/carga

mRNA - Messenger Ribonucleic Acid

MS - Mass Spectrometry

MS/MS - Tandem Mass Spectrometry

MSI - Mass Spectrometry Imaging

NST - No Special Type

PCA - Principal Component Analysis

PLS-DA - Partial Least Squares-Discriminant Analysis

RE - Receptor de Estrogeno

RH - Receptor Hormonal

ROC - Receiver Operating Characteristics

RP - Receptor de Progesterona

ST - Special Type

SVM - Support Vector Machine

viii



TOF - Time of Flight

ix



LISTA DE GRAFICOS E FIGURAS

FIGURA 1. Relacdo entre as ciéncias “Omicas” no estudo de sistemas biol0gICOS ...........ccveruenn.

FIGURA 2. Representagdo estrutural de um espectrometro de massas ..........cceeveeveerveenieeneennenns

FIGURA 3. Representagao da ionizagao por DESI-MS



LISTA DE TABELAS E QUADROS

TABELA 1. Perfil imunofenotipico para a classificagdo molecular por imunohistoquimica dos

TUITIONES A€ TTIAITIA ...ttt eeeeeemnennnnen 14

X1



SUMARIO

. INTRODUCAO
1.1 Cancer de mama — incidéncia e caracterizacao
1.2 Metabolomica
1.3 Espectrometria de Massas
1.3.1 Técnicas de Ionizagdo Ambiente
1.3.2 Imageamento por DESI-MS
1.3.3 Comparacdes entre LC-MS e DESI-MS
1.3.4 Analise, tratamento de dados e atribuicdo dos ions
1.4. Hipotese
. OBJETIVOS
2.1. Objetivos Principais
2.2. Objetivos Secundarios
. CAPITULO 1
3.1 Artigo Publicado
. CONCLUSAO E PERSPECTIVAS
5. REFERENCIAS BIBLIOGRAFICAS

xii

13
13
15
16
18
20
21
22
23
25
25
25
26
26
50
52



1. INTRODUCAO
1.1 Cancer de mama — incidéncia e caracterizaciao

Cancer ¢ a denominagdo de um grupo de mais de 100 doencas que tém em comum o
crescimento desordenado de células, que podem invadir outros tecidos e 6rgaos (INCA, 2019).

O cancer surge a partir de uma célula que adquiriu variante genética patogénica sendo que,
apos o processo de mitose, suas células descendentes acumulam novas variantes patogénicas.
Quando ha um acumulo de variantes patogénicas suficiente para tornar essa célula diferenciada do
seu tecido de origem, com fisiologia e morfologia contrastante ao tecido que pertencera, esta
caracteriza-se como uma célula cancerosa. Este ¢ um processo lento, o que provavelmente explica
a maior incidéncia de cancer em pessoas idosas. As células tumorais tém algumas caracteristicas
como sua proliferacdo acelerada, perda da capacidade de aderéncia, invasao a tecidos adjacentes e
capacidade de disseminagdo pelo organismo, em um processo chamado metastase, que lhe permite
se estabelecer em locais distantes de sua origem, nos quais produz tumores secundarios (GRAHAM,
SOTTORIVA, 2017; AGBARYA etal., 2014).

Dentro deste grupo de doencas, os tumores de mama sdo os mais incidentes entre as
mulheres, sendo associado a maior mortalidade neste sexo. Estima-se que, somente no ano de 2018,
aproximadamente de 2.088.849 novos casos foram diagnosticados e aproximadamente de 626.679
mulheres morreram devido a doenga sendo que, aproximadamente 3% (18.442) da totalidade das
mortes ocorreram no Brasil (GLOBOCAN, 2018). Por conta da elevada incidéncia e mortalidade,
o cancer de mama ¢ considerado um problema de saude publica, tanto em paises em
desenvolvimento como desenvolvidos. Certas caracteristicas como o estadio clinico tumoral ao
diagnostico, a qualidade no tratamento, presenca de diversos subtipos moleculares ¢ a resposta a
terapia justificam as taxas de mortalidade apresentadas pelo cdncer de mama (CARDOSO et al.,
2018; BRAY etal., 2018). Outros fatores além do sexo ¢ idade estdo associados ao desenvolvimento
do cancer de mama, como a exposi¢ao a estrogenos endogenos e exdgenos, obesidade, historico
familiar, variantes genéticas patogé€nicas, exposicao a radiacdes ionizantes e ser etilista (SUN et al.,

2017).

O cancer de mama ¢ uma doenca heterogénea, classificada em diversos subtipos moleculares
e histologicos que, devido a desregulacao de diversas vias celulares, conferem uma variabilidade de

prognostico e resposta a quimioterapia (COATES et al., 2015; PEROU et al., 2000).
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De acordo com a expressao do receptor de estrogeno (RE), receptor de progesterona (RP),

proteina nuclear (Ki-67) e receptor tipo 2 do fator de crescimento epidérmico humano (HER2, do
inglés Human Epidermal growth factor Receptor-type 2), o cancer de mama pode ser geneticamente

classificados nos seguintes clusters hierarquicos: (i) Luminal A, (ii) Luminal B,

(i1i1)) Luminal B com HER2 hiperexpresso, (iv) Nao Luminal com HER2 hiperexpresso ¢ (v) Triplo
Negativo, sendo que, esses subtipos estdo associados as caracteristicas tumorais (PEROU et al.,
2000; SORLIE et al., 2001). Um esquema mostrando a expressdo desses marcadores moleculares
entre os diferentes subtipos ¢ apresentado na Tabela 1. Embora a classificagdo dos carcinomas de
mama em subtipos moleculares tenha contribuido para a melhor estratificagdo das pacientes em
diversos regimes terapéuticos, um grande nimero de mulheres com cancer de mama tem progressao
ou recidiva do tumor, apesar da terapia sistémica, de forma que a terapia ndo configura garantia de

estabilidade ou recuperag@o do quadro clinico (GOBARDHAN et al., 2011).

TABELA 1. Perfil imunofenotipico para a classificagdo molecular por imunohistoquimica dos tumores de
mama. Fonte: Tabela adaptada de Coates et al. (2015)

Subtipos moleculares Padriao de imunomarcaciao
Luminal A RE+ e RP+, HER2- ¢ Ki-67 baixo
Luminal B RE+ e/ou RP+, HER2- e Ki-67 alto
Luminal B HER2+ RE+ e/ou RP+, HER2+

Nao Luminal HER+ RE-, RP- e HER2+

Triplo Negativo RE-, RP-, HER2-

HER2: receptor tipo 2 do fator de crescimento epidérmico humano; RE: receptor de estrogénio, positivo > 1% ;
RP: receptor de progesterona, positivo > 1% ; Ki-67: proteina nuclear, alto > 40% .

Dentre os tipos histologicos de carcinoma de mama, o carcinoma ductal invasivo (CDI),
compreende aproximadamente de 75% a 85% dos casos, sendo esses, em sua maioria, classificados
como tipos nao especiais (NST, do inglés no special type). O CDI se origina de dutos e ndo apresenta
caracteristicas histologicas peculiares. Uma classe de carcinomas invasivos denominado de “tipos
especiais” (ST, do inglés special type), com caracteristicas histomorfologicas especificas, permite sua
classificacdo em grupos, sendo os mais triviais os lobulares, metaplasicos, mucinosos, papilares e
apocrinos (SINGLETARY et al., 2002; WOODWARD et al., 2003). Esses tumores sao reconhecidos
por sua morfologia utilizando microscopia com hematoxilina e eosina convencional, podendo ser
adicionadas informagdes sobre marcadores moleculares especificos (HOON et al., 2020). Por
exemplo, o carcinoma metaplasico ¢ altamente agressivo, enquanto o carcinoma mucinoso tem um

melhor prognéstico (SHEA, KOH, TAN, 2020).
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Atualmente, os marcadores moleculares sao utilizados para selecionar mulheres nas quais
a terapia enddcrina sera eficaz (subtipos luminais), as que terdo boa resposta a quimioterapia
(subtipos ndo luminais), ou aquelas que se beneficiardo com terapia monoclonal com anti-HER2

(EROLES et al., 2012; HAMMOND et al., 2010; PRAT et al., 2015).

A presenca do cancer altera o metabolismo devido aos processos envolvidos no
desenvolvimento do tumor, remodelag@o do tecido, alteragdes para garantir a sobrevivéncia celular
¢ a metastase. A adaptacdo biologica determina a evolug@o do cancer e atua na a¢ao de determinado

farmaco, sendo influenciada pela micro-organizac¢do tumoral (MISHRA, AMBS, 2015).

1.2 Metabolomica

No processo de compreensdo do desenvolvimento tumoral, diversas areas de estudo atuam
para elucidar as alteracdes fisioldgicas causadas pela presenca de neoplasias, sendo as ciéncias
denominadas “Omicas” uma ferramenta para este fim (SILVA et al., 2019). A cascata “6mica”, como
¢ conhecida, engloba diversas areas, como a genOmica, transcriptomica, protedmica e
metabolomica, como observado na Figura 1, sendo que as caracteristicas fenotipicas se aproximam

mais do metaboloma, pois esses representam os produtos bioquimicos finais de toda a cascata
(KLASSEN et al., 2017).

Gendmica (DNA)

Tral ptédmica (MRNA)
Transcrigao PTEY
Aminodcidos

\b i i o PR e | Nucleotidios

Tradugao

Reagao Enzimatica

~—

Carboidratos

Lipid
Gendtipo — Fenétipo

FIGURA 1. Relacio entre as ciéncias “6micas” no estudo de sistemas biologicos. Fonte: Figura adaptada
de Klassen (2017, pag. 5)
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As ciéncias “Omicas” acompanham toda a evolucdo tumoral e vém sendo empregadas em
diversas pesquisas sobre o cincer. A gendmica, primeira etapa dessa cascata, ¢ caracterizada pelo
estudo das alteragdes genéticas e relacionada com a transcriptdmica, focada nos transcritos génicos
como o conjunto de mRNA (BUJAK et al., 2015). Em seguida, a protedmica, ciéncia dedicada ao
estudo do conjunto de proteinas (proteoma), buscando caracterizar, quantificar e identificar interagdes
e modificagdes pos-traducionais (ASLAM et al., 2016). Por fim, surge a metabolomica, buscando
caracterizar o conjunto de metabolitos envolvidos num dado processo bioldgico. A alteragdao de
metabolitos ocasionada pela presenga de células tumorais, resulta em uma assinatura caracteristica,
que pode de caracterizar a presenca e o comportamento do cancer. Assim, o perfil metabolomico pode
ser alterado pelo estroma circundante e pela resposta imune, complementando a informagao sobre o

desenvolvimento do tumor e a resposta ao tratamento (RUTERING et al., 2016).

A metabolomica ¢ o estudo do metabolismo em um nivel global para um dado sistema
bioldgico (SCALBERT et al., 2009; WANG et al., 2015), tendo como alvo metabdlitos endogenos
ou exdgenos, compostos por moléculas pequenas, com massa molar de até 1500 Da (CLENDINEN,
MONGE, FERNANDEZ, 2017). Ela ¢ dividida em subgrupos como a lipidomica, analises de
nucleotideos, carboidratos e aminoécidos. A lipidomica ¢ dedicada ao estudo do conteudo lipidico
de células, biofluidos e tecidos e, como os lipidios estdo envolvidos na maioria dos processos
fisioldgicos, a lipidomica tem destaque na identificagdo de um ntimero crescente de moléculas

sugeridas como possiveis biomarcadores para cancer, inclusive de mama (HART et al., 2016).

O campo da metaboldmica, de maneira geral, vem sendo explorado para caracterizar
amostras, processos e respostas bioldgicas. A principal vantagem da metaboldmica ¢ conectar
mudangas nos niveis e na natureza dos metabolitos a processos bioldgicos, uma vez que alteragcdes
metabolicas sdo decorrentes de estimulos externos, como doengas, uso de medicamentos,
alimentacdo, entre outros. Um estudo metabolomico produz, dessa forma, fingerprints
bioquimicos, de valor diagnostico ou classificatorio, auxiliando na descoberta e identificacdo de

biomarcadores que estejam associados a um estado ou processo biolégico (WEITZEL etal., 2011).
Por conter milhares a dezenas de milhares de moléculas, com diferentes fungdes quimicas,

um metaboloma ¢ impossivel de ser caracterizado por uma unica plataforma analitica. As maiores

limitagdes da metabolomica encontram-se nas faixas de concentracdo dos metabodlitos, na
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complexidade de dados gerados e na identificagdo e caracterizacdo de tais moléculas. Assim, dada
a inviabilidade de caracterizar e quantificar todos os metabdlitos de um sistema, a identificacdo dos
principais metabolitos afetados ou alterados pelo processo estudado torna-se a alternativa mais
comumente empregada em estudos metabolomicos (GORROCHATEGUI et al., 2016). Um estudo
metabolomico/lipidomico pode seguir dois tipos de abordagens: direcionada/alvo e nao
direcionada/global (CLENDINEN, MONGE, FERNANDEZ, 2017). Analises ndo direcionadas tem
por objetivo a obtencdo de um perfil abrangente de composi¢do, visando a analise de todos os
analitos detectaveis. (CLENDINEN, MONGE, FERNANDEZ, 2017; GORROCHATEGUI et al.,
2016). Abordagens direcionadas, por outro lado, analisam um conjunto pré-definido de moléculas
especificas, visando determinar, principalmente, alteragdes nas concentragdes relativas das mesmas

frente aos estimulos estudados nos grupos experimentais.
Entre as técnicas empregadas para a caracterizacdo metabolomica temos a Espectrometria

de Massas (MS, do inglés mass spectrometry), ferramenta analitica com alta sensibilidade,

especificidade e que permite a elucidacao estrutural das moléculas identificadas.

1.3 Espectrometria de Massas

A MS ¢é uma técnica analitica que utiliza campos elétricos e/ou magnéticos para controlar as
trajetorias de ions em fase gasosa e assim obter sua razdo massa/carga (m/z). Um espectrometro de
massas ¢ composto de quatro partes principais (Figura 2): um sistema de introducdo de amostra,

fonte de ionizacdo, analisador de m/z e detector.

Quadrupolo, TOF, orbitrap,

FT-ICR, ion trap,
combinagées e outros

ESI, APCI, MALDI, DESI, e
outras Analisador

de massas

Fonte de
lonizacéo

Introdugdo da amostra

Infuséo direta,
cromatografia, eletroforese
capilar, outras

FIGURA 2. Representacgao estrutural de um espectrometro de massas. Fonte: Figura adaptada de Porcari
(2018, pag. 11).
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A introducdo das amostras pode ser realizada por diferentes métodos e processos como por
infusdo direta utilizando-se de alguma técnica de separagdo, entre as quais se destacam a

cromatografia liquida, cromatografia gasosa e a eletroforese capilar.

A fonte de ionizagdo converte moléculas neutras em ions. Algumas opgdes de fonte de
ionizagdo incluem a ionizagao por eletrospray (ESI, do inglés Electrospray lonization) (FENN et
al., 1989), ionizacdo quimica a pressdo atmosférica (APCI, do inglés Atmospheric Pressure
Chemical Ionization) (HORNING et al., 1973) e fotoionizagao a pressdo atmosférica (APPI, do
inglés Atmospheric Pressure Photo-lonization) (ROBB et al., 2000), dentre outras.

A mais comumente usada em metabolomica ¢ a fonte de ESI. ESI ¢ um processo de ionizagao
em aerossol, no qual cations e anions presentes em solugdo, sao transferidos para a fase gasosa. Essa
transferéncia se da a pressdo atmosférica, pela formacdo de um fluxo de goticulas altamente
carregadas, resultantes da aplicagdo de uma diferenga de potencial, e sua dessolvatagdo através do
contato com um fluxo de gés inerte aquecido. Os ions s3o entdo atraidos para o analisador pela

aplicagdo de potenciais elétricos (MURRAY et al., 2013).

A escolha dos analisadores de massas, varia de acordo com o propdsito da pesquisa, pois
impactam diretamente na resolucdo do equipamento, ou seja, na capacidade do instrumento em
diferenciar dois valores de m/z proximos. Os analisadores de massas mais comuns sdo: quadrupolo
(MARMET et al., 1971), ion trap (HELMUT, WOLFGANG, 1960), tempo de voo (TOF, do inglés,
Time of Flight) (GOUDSMIT, 1948), Orbitrap (HU et al., 2005), e Ressonancia Ciclotronica de fons
com Transformada de Fourier FT-ICR (do inglés, Fourier Transform Ion Cyclotron Resonance)
(HIPPLE, SOMMER, THOMAS, 1949). Em segmentos especificos do analisador, chamados de
camara de colisdo, pode ocorrer também a dissociacdo induzida por colisdo (CID - do inglés,
Collision Induced Dissociation). Neste processo, um ou mais ions precursores sdo fragmentados
através da colisdo com um gas inerte. Apds a fragmentacdo, os fragmentos resultantes podem ser
analisados, auxiliando na identificagdo correta do ion. Analisadores hibridos, como sdo chamados,
sdo a combinagdo de dois analisadores diferentes, como o quadrupolo-TOF, muito utilizado em
metabolomica para identificagdo de compostos (CHERNUSHEVICH; LOBODA; THOMSON,
2001). Nessa configuracao, a selecdo de um ion precursor pode ser realizada pelo quadrupolo, para
posterior fragmentacdo na camara de colisdo por CID, possibilitando a analise dos fragmentos em

alta resolucdo com o TOF.

Por fim, os detectores mensuram os sinais elétricos obtidos nos analisadores, sendo esta
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resposta transformada em informagdes que possam ser interpretadas pelo espectro de massas —

grafico que relaciona a intensidade relativa dos ions em funcdo das razdes m/z.

Devido a complexidade das amostras para analise metabolomica, varias combinagdes entre
fontes de ionizacao e analisadores sdo possiveis, cada uma com suas caracteristicas e propositos, o
que € visto como vantagem, ja que uma Unica combina¢do nunca sera capaz de realizar todos os

tipos de analises.

A cromatografia liquida acoplada a MS (LC-MS, do inglés Liquid Chromatography-Mass
Spectrometry) € uma técnica hifenada muito utilizada na metabolomica, na qual a amostra, antes da
analise no espectrometro de massas, ¢ submetida a uma etapa de pré-separacdo dos compostos. A
separagdo se da pela migracdo diferencial, através de uma fase estacionaria, de moléculas com
caracteristicas diferentes, solubilizadas e carregadas por uma fase mével. Embora a técnica de LC-
MS exija certo preparo da amostra, essa técnica facilita a identificacdo e quantificagdo de
metabolitos, por separa-los de analitos coexistentes, permitindo assim maior detectabilidade.
(IVANISEVIC; WANT, 2019). A técnica de LC-MS ¢ apropriada para analise de amostras ¢

extratos liquidos.

1.3.1 Técnicas de Ionizacao Ambiente

Um conjunto especifico de técnicas de MS, chamada de MS ambiente (GERMANO et al.,
2009), consiste em técnicas que se baseiam na andlise direta de amostras, com pouco ou nenhum
preparo das mesmas, em ambiente aberto, livre de vacuo. A principal representante deste grupo ¢ a
técnica de DESI-MS (Desorption Electrospray lonization — Mass Spectrometry) (BADU- TAWIAH

et al., 2013) e seu mecanismo pode ser visualizado na Figura 3.
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FIGURA 3. Representacio da ionizacio por DESI-MS. Fonte: Figura adaptada de WU et al., (2013, pag.
42).
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O seu mecanismo se baseia em um aerossol de solvente carregado com potencial elétrico que
¢ direcionado a superficie da amostra intacta. Esse solvente carregado ¢ capaz de dessolver as
moléculas da superficie, bem como ioniza-las, permitindo sua detec¢do pelo espectrometro de
massas. DESI-MS vem sendo aplicado com sucesso em andlises lipidomicas e metabolomicas. Tais
analises sdo aplicadas em tecidos animais (DENKERT et al.,, 2015), colonias de bactérias

(SCALBERT et al., 2009), tecidos vegetais (WANG et al., 2015), entre outros.

1.3.2 Imageamento por DESI-MS

Ao monitorar-se o perfil quimico de uma superficie em conjunto com a informacao espacial
do mesmo (coordenadas x e y), ¢ possivel gerar imagens quimicas das amostras analisadas,
observando a diferente composicao de ions nas diferentes regides da amostra. Diversas técnicas de
MS sdo capazes de gerar imagens quimicas, no entanto, DESI-MS se torna atrativa por ndo requerer
preparo de amostra e ser realizada em ambiente aberto, livre de vécuo.

Em um experimento de imagem, a area total ¢ subdividida (conceitualmente) em pixels que
sdo analisados individualmente. Para cada pixel adquire-se um espectro de massas, sendo o montante
de espectros adquiridos nos diferentes pixels relacionados com suas coordenadas espaciais. Como
cada pixel representa um espago associado ao espectro de massas, ao exibir as intensidades de um
ion especifico em todos os pixels, ¢ possivel formar uma imagem quimica. A distribuicdo de ions
especificos pode ser visualizada pela criagdo de imagens quimicas baseadas na intensidade desses

ions.

Este tipo de analise, aliada a andlise histopatoldgica, vem sendo empregada com sucesso
para determinagdo e classificagdo de gliomas, incluindo oligodendroglioma, astrocitoma, e
oligoastrocitoma, de diferentes graus histologicos e contendo diferentes concentragdes de células
tumorais em ambiente intra-operatdério (GOWDA; DJUKOVIC, 2014). Outros tipos de tecidos
foram investigados utilizando a abordagem de imageamento por MS (MSI, do inglés mass

spectrometry imaging) (WEI et al., 2013).

No cancer de mama, a diferenciacdo de tecido normal e tumoral pela analise de margens
cirargicas foi avaliada com DESI-MSI (CALLIGARIS et al., 2018), por 61 amostras de tecido
mamario de 14 pacientes com CDI. Em outro estudo, foram examinadas bidpsias cirargicas (28
pacientes, 28 amostras) e margens tumorais (22 pacientes, 98 amostras) de CDI (19 pacientes) e um

tipo especial de carcinoma de mama, o carcinoma invasivo lobular (9 pacientes), com foco em
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modelos de diagnostico de cancer (GUENTHER et al. 2015). A detecgdo e caracterizagdo de cancer
de mama metastatico em tecidos de linfonodos humanos também foi investigada por DESI- MSI

(ZHANG et al. 2017).

Usando as tecnologias DESI-MSI, nosso grupo realizou recentemente uma investigagao
multicéntrica para um conjunto populacional diversificado, compreendendo pacientes de diferentes
racas e nacionalidades, obtendo um modelo estatistico classificatdrio capaz de discriminar tumores
CDI de tipo ndo especial (NST) de tecido normal adjacente (PORCARI et al., 2018). O modelo foi
capaz de prever o status de ER, PR e o status resultante do receptor hormonal (RH) em amostras de
CDI. No geral, o DESI-MSI permitiu discriminar regides histologicas distintas do tecido.
Assinaturas moleculares especificas de células de carcinoma foram selecionadas em relagdo ao
estroma circundante, vasos, tecido adiposo e glandulas normais, gerando um modelo estatistico
preditivo robusto para o diagnostico de cancer de mama. Neste estudo, compreendendo apenas
amostras do CDI - NST, 86 pacientes foram recrutados. Foi obtida precisdo interlaboratorial de
95,3%, mostrando o potencial de DESI-MSI em gerar um conjunto comum de biomarcadores,

suficientemente robustos para superar pequenas diferengas no método.

1.3.3 Comparacées entre LC-MS e DESI-MS

Para o desenvolvimento de exames rapidos para o diagnostico de cancer, pela analise do
sangue, ¢ de suma importancia uma comparacao entre os marcadores lipidicos dos tecidos tumorais
de mama e as assinaturas lipidicas no sangue de pacientes com cancer de mama. No entanto, a
relagdo entre os perfis lipidicos do plasma circulante analisado por LC-MS e o detectado por analise
direta de tecidos por DESI-MSI nao havia sido investigado até 0 momento.

Entre os poucos trabalhos que fizeram comparacdes entre DESI e LC-MS, destacam-se
analises alvo desenvolvidas com o objetivo de comparar as duas técnicas para investigar as
concentracgdes teciduais e sanguineas de um medicamento especifico, e os autores compararam a
farmacocinética de cetamina anestésica diretamente da superficie traseira do animal por DESI-MS
as concentragdes sanguineas da mesma substancia por LC-MS, encontrando resultados equivalentes
(KATONA et al., 2011). Outro estudo comparou o perfil lipidico (analise global) obtido por DESI-
MS do tecido com o perfil lipidico obtido por LC-MS do extrato do mesmo tecido para a investigagao
dos biomarcadores do cancer de esofago (ABBASSI-GHADI et al., 2016) e os autores demonstraram
que o perfil lipidico observado por DESI-MS ¢ semelhante ao obtido pelo LC-MS, o que confirmou

DESI-MS como técnica autonoma para avaliagdo do perfil lipidico
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Os lipidios do tecido do cancer de mama foram previamente explorados para compor técnicas
de triagem, baseadas ou ndo em imagens moleculares, conforme apresentado anteriormente na se¢ao
1.3.2. O uso de técnicas de imagem permite uma facil correlagdo com a analise imunohistoquimica,
agregando valor ao mapeamento molecular de substancias sobre a superficie do tecido. A técnica de
DESI-MSI, em particular, tem a vantagem de ser uma forma ndo destrutiva de obten¢do de uma
imagem molecular, sem necessidade de deposicao de matriz ou preparagdo extensiva de amostras,

facilitando assim o uso.

DESI-MSI, como uma técnica de ionizacdo ambiente, oferece algumas vantagens sobre a
analise por LC-MS, como pré-tratamento minimo da amostra (ou seja, sem pré-concentragao,
extragdo, dissolucdo ou derivatizacdo), analise de amostras ndo modificadas, em seu estado nativo
e em condi¢des ambiente, além da possibilidade de somar as informagdes da distribui¢do espacial
das moléculas. Além disso, o uso de uma técnica de imagem como DESI-MSI permite a
diferenciagdo de regides teciduais com assinaturas moleculares distintas compostas de diferentes
caracteristicas histologicas (por exemplo, fibrose, estroma, glandulas normais, regides CDI, etc.)
sem o uso de outras ferramentas como captura por microdissec¢ao a laser. O uso de variagdes nas
abundancias relativas de lipidios mostrou-se reprodutivel o suficiente para sustentar o diagndstico
tecidual usando o DESI-MSI, conforme relatado aqui e em varios estudos anteriores, apesar da

incapacidade de técnicas como esta de alcangar a quantificacdo absoluta de compostos.

A técnica de LC-MS, além das vantagens relacionadas a possibilidade de extracdo exaustiva
das amostras, apresenta a possibilidade de realizar analises quantitativas quando desejado,
juntamente com a chance de usar padrdes internos e automatizar o processo de analise, permitindo
ainda a identificacdo de isobaros. Esses recursos permitem obter maior reprodutibilidade na analise

quando comparados aos dados obtidos por DESI-MSI.

1.3.4 Analise, tratamento de dados e atribuicdo dos ions

O uso da estatistica multivariada ¢ essencial para a compreensao dos resultados sem perder
informacodes relacionadas a diversidade de moléculas detectadas. Entre os métodos de analise
multivariada, existem dois grandes grupos: os supervisionados e os nao-supervisionados. Entre os
nao-supervisionados destaca-se o uso da analise de componentes principais (PCA, do inglés
Principal Component Analysis) e entre os supervisionados, a analise discriminante por quadrados
minimos parciais (PLS-DA, do ingl€s Partial Least Squares-Discriminant Analysis). Ambas as

analises, tém o objetivo de diferenciar em classes um conjunto complexo de dados, reduzindo sua
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dimensionalidade e maximizando a variancia entre as classes (GOODACRE et al.,, 2004;
GORROCHATEGUI etal., 2016). A maquina de vetores de suporte (SVM, do inglés Support Vector
Machine) ¢ um outro método estatistico supervisionado, sendo bastante adequado para
metabolomica, pois permite a classificacdo e predi¢ao de categorias (GROMSKI et al., 2015). O
LASSO (do inglés, Least Absolute Shrinkage and Selection Operator), ¢ um modelo de regressao
logistica capaz de selecionar as varidveis preponderantes para a caracterizagdo das classes, dando a

elas um peso, de acordo com sua importancia.

A curva ROC (do inglés, Receiver Operating Characteristic) ¢ frequentemente empregada
para avaliar a capacidade de predi¢ao dos modelos multivariados. Essa curva relaciona a seletividade
do método em funcdo de sua especificidade. A mensuragdo da capacidade preditiva se da pela
avaliagdo da area sob a curva (AUC, do inglés Area Under the curve) para o grafico da curva ROC,
sendo que tanto maior sera a capacidade preditiva do modelo quanto mais proximo de 1 o valor da
AUC. Para a confiabilidade dessa predigdo, utiliza-se o Indice de Confianca 95% (IC95%), cujo
valor varia entre 0 e 1, sendo que, quanto mais proximo de 1, mais o valor da AUC do modelo ¢

confiavel (SZYMANSKA et al., 2012).

No entanto, além de descobrir quais compostos sao diferenciais, ¢ necessario descobrir suas
identidades, o que permite a elaboracdo de hipoteses biolodgicas para entender os processos
estudados. A identificacdo dos metabdlitos selecionados como discriminantes pode ser realizado
através de estudos de fragmentacdo, utilizando técnicas de MS/MS (CLENDINEN, MONGE,
FERNANDEZ, 2017). Entretanto, a caracterizagdo de metabodlitos a partir de seu perfil de
fragmentacdo nem sempre ¢ trivial, j4 que existem muitas moléculas desconhecidas e nem sempre
0 espectro para a molécula encontrada estara presente no banco de dados. A utilizacdo da medida da
massa exata das moléculas, permite utilizar esta informagao para procurar a identidade da molécula
em banco de dados como o Metlin (SMITH et al., 2005), LipidMaps (FAHY;SUD;COTTER, 2007)
ou HMDB (WISHART et al., 2007), tornando-se mais uma ferramenta para a constru¢ao do quebra-

cabecas molecular.

1.4. Hipétese
A hipdtese da nulidade indica que os metabolitos diagnosticos de cancer de mama estabelecidos
para as matrizes de tecido tumoral e plasma ndo sdo semelhantes, portanto, ndo ha equivaléncia de

marcadores entre essas duas matrizes pelas técnicas de analise aplicadas. Esta
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hipdtese indica ainda que o modelo previamente descrito para classificagdo de amostras NST nao

podera classificar satisfatoriamente as amostras especiais analisadas como conjunto independente.

A hipotese contraria a nulidade sugere que metabdlitos diagndsticos de cancer de mama
estabelecidos para as matrizes de tecido tumoral e plasma sdo total ou parcialmente semelhantes,
portanto, ha equivaléncia de marcadores entre essas duas matrizes pelas técnicas de analise aplicadas.
Essa hipotese sugere também que o modelo multicéntrico prévio serd capaz de classificar corretamente

amostras de carcinoma invasivo tipo especial, analisadas como conjunto independente.
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2. OBJETIVOS
2.1. Objetivos Principais
e Verificar se os metabolitos diagnosticos de cancer de mama encontrados no tecido tumoral
podem ser detectados também no plasma de mulheres com cancer de mama, em comparagao
a voluntarias saudaveis.
e Verificar a capacidade de classificagdo de amostras de tecido de carcinoma de mama
invasivo tipo especial, por meio do modelo estatistico multicéntrico obtido anteriormente
(PORCARI et al., 2018) para o diagnostico de tecido de carcinoma de mama ductal invasivo,

pela técnica de DESI-MSI.

2.2. Objetivos Secundarios

e Apontar metabolitos (lipidios) plasmaticos capazes de discriminar pacientes com cancer de
mama de voluntérias saudaveis, detectados a partir da técnica de LC-MS/MS.

e Verificar entre os metabolitos detectados em plasma, quais também foram detectados no
tecido tumoral pela técnica DESI-MSI, seguindo o conjunto de biomarcadores potenciais
apontados no estudo multicéntrico anterior (PORCARI et al., 2018).

e Verificar se os metabdlitos comuns entre as duas matrizes (plasma e tecido) poderiam ser
utilizados para diferenciar o plasma de mulheres com céncer do plasma de mulheres

saudaveis.
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3. CAPITULO 1

3.1 Artigo Publicado

SILVA, A. A. R.; CARDOSO, R. C.; REZENDE, L. M.; LIN, J. Q.; GUIMARAES, F.; SILVA,
G. R. P.; MURGU, M.; PRIOLLI, D. G.; EBERLIN, M. M.; TATA, A.; EBERLIN, L. S.;
DERCHAIN, S. F. M.; PORCARI, A. M. Multiplatform Investigation of Plasma and Tissue
Lipid Signatures of Breast Cancer Using Mass Spectrometry Tools. Int. J. Mol. Sci., v. 10, n.
21, p. 3611-3628, 2020.

Este artigo versa sobre a associacdo de assinaturas lipidicas encontradas no plasma de mulheres com cancer
de mama com aqueles encontrados no tecido tumoral. Foi desenvolvido pela parceria estabelecida com o
Hospital Prof. Dr. Aristodemo Pinotti — CAISM, da Universidade Estadual de Campinas, representado pela
pesquisadora Dra. Sophie F. M. Derchain. Neste trabalho, amostras de tecido tumoral de CDI de tipo especial
e ndo especial foram avaliadas pela técnica de DESI-MSI e classificadas em fun¢@o de seu diagndstico de
acordo com o modelo estatistico previamente estabelecido por nosso grupo (PORCARI et al., 2018). Plasma
das mesmas mulheres foi comparado ao plasma de voluntarias saudaveis (grupo controle), permitindo
encontrar assinaturas lipidicas para diferenciagdo entre os grupos controle e com cancer. Com os resultados
de ambas as andlises, os 31 biomarcadores apontados pelo modelo de classificagdo do tecido foram
confrontados com compostos encontrados no plasma. Nessa comparagéo, 17 compostos presentes no plasma
também compdem o modelo estatistico usado para o tecido. No entanto, ao avaliar a capacidade preditiva
desses compostos comuns entre as duas matrizes para classificacdo do plasma, nenhum poder discriminatdrio
foi observado. Acredita-se que isso poderia estar relacionado a dois fatores diferentes: (i) a diluigdo de
biomarcadores de tecidos especificos no sangue periférico e (ii) os diferentes métodos de extragdo aplicados
as amostras de plasma e tecido. A detecgdo em plasma de compostos relacionados ao tecido reflete como a
les@o tecidual pode afetar a composicdo sanguinea periférica. De forma geral, este artigo demonstra a
complementaridade das técnicas estudados e dos resultados obtidos para as diferentes matrizes na

caracterizag¢do do processo neoplasico.
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Abstract: Plasma and tissue from breast cancer patients are valuable for diagnostic/prognostic
purposes and are accessible by multiple mass spectrometry (MS) tools. Liquid chromatography-mass
spectrometry (LC-MS) and ambient mass spectrometry imaging (MSI) were shown to be robust
and reproducible technologies for breast cancer diagnosis. Here, we investigated whether there
is a correspondence between lipid cancer features observed by desorption electrospray ionization
(DESI)-MSI in tissue and those detected by LC-MS in plasma samples. The study included 28 tissues
and 20 plasma samples from 24 women with ductal breast carcinomas of both special and no special
type (NST) along with 22 plasma samples from healthy women. The comparison of plasma and
tissue lipid signatures revealed that each one of the studied matrices (i.e., blood or tumor) has its
own specific molecular signature and the full interposition of their discriminant ions is not possible.
This comparison also revealed that the molecular indicators of tissue injury, characteristic of the breast
cancer tissue profile obtained by DESI-MSI, do not persist as cancer discriminators in peripheral
blood even though some of them could be found in plasma samples.

Keywords: breast cancer; liquid chromatography-mass spectrometry; desorption-electrospray-
ionization—mass spectrometry imaging; lipidomics; plasma; tumor tissue
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1. Introduction

The use of omics technologies for breast cancer investigations has impacted our understanding
of how the molecular alterations, at multiple levels, lead to carcinogenesis [1]. Although no
significant clinical gains have been conquered yet, metabolomics and lipidomics studies have led
to the discovery of an increasing number of molecules suggested as possible biomarkers for breast
cancer [2]. Robust biomarkers, able to improve diagnosis and prognosis, are highly attractive and
multiple analytical platforms may act as complementary tools in the search for them. Powerful features
such as superior sensitivity, simultaneous detection of multiple compounds, ability to employ small
sample volumes, and ease of coupling to chromatographic techniques have allowed mass spectrometry
(MS) to occupy an increasingly prominent place in clinical diagnosis [3].

In the field of clinical diagnosis, liquid chromatography-mass spectrometry (LC-MS) has been
extensively exploited for blood analysis of breast cancer patients to achieve early diagnosis [4-11],
metabolic reprogramming [12,13], cancer typing or staging [14] and therapeutic intervention
response [15], as recently reviewed [16-18].

While LC-MS is very suitable for biofluid analysis, MS imaging (MSI) is another outstanding MS
technique that has gained attention for direct tissue analysis [19,20]. MSI provides comprehensive
information on the distribution of the molecules directly over the surface of samples. MS-based tissue
imaging applied to clinical research has been accelerated by the development of ambient ionization MS,
that allows the samples to be analyzed with minimal or no sample preparation, in an open environment
and at atmospheric pressure [21]. Other features such as the shorter time and the non-destructive nature of
the analysis have motivated investigations using ambient MSI in the intra-operative environment [22,23].
Ambient MSI is being increasingly used for metabolomics investigations with a particular interest
in lipids since these molecules are abundant over cell membranes and easily ionized under ambient
conditions [24-27]. Desorption-electrospray-ionization-MSI (DESI-MS]I) is one of the most prominent
ambient MSI techniques and has recently demonstrated its value in the study of breast cancer. DESI-MSI
has proved to be a robust and reproducible technology for rapid breast-cancer-tissue diagnosis and
margin analysis [28-32], differentiation of necrotic areas in breast cancer [33], and identification of in
situ and invasive area of breast carcinoma across the different molecular subtypes [34].

Using DESI-MSI, our lab recently carried out a multicenter investigation [28] for a diverse
population set comprising different patient races from different countries and built statistical classifiers
able to discriminate no special type (NST) invasive ductal carcinoma (IDC) tissue from normal tissue.
The model was also able to predict the status of estrogen receptor (ER), progesterone receptor (PR),
and the resulting hormone receptor status (HR) in IDC. Overall, DESI-MSI enabled us to discriminate
distinct histological regions over the tissue, and molecular signatures specific of carcinoma cells were
selected from the surrounding stroma, vessels, adipose tissue, and normal glands, besides generating
a robust predictive statistical model for breast cancer diagnosis. In the present study, we wondered
whether a correspondence exists between lipid cancer signatures observed by DESI-MSI of cancer
tissue and those detected by LC-MS in plasma.

To answer this question, we first carried out an accurate literature search and realized that
only a few studies correlated the lipid profile of tissues obtained by DESI-MSI to those obtained by
LC-MS [35-38]. Abbassi-Ghadi et al. compared DESI-MS lipid profiling of tissue to LC-MS lipid
profiling of the same excised and extracted tissue [39]. The authors demonstrated that the lipid profile
observed by DESI-MS is congruent to that obtained by LC-MS, which confirmed the role of DESI-MS
for lipid profiling as a stand-alone technique. To the best of our knowledge, a comparison between the
cancerous biomarkers recovered by LC-MS in circulating plasma and those detected through direct
tissue analysis by DESI-MS has not been made yet.

Therefore, in this pilot study, the lipid profile of plasma obtained by LC-MS was correlated to
that revealed by DESI-MSI of core biopsies and excised tumors of Brazilian women with breast cancer.
Both special and NST types of carcinoma were evaluated using the model described by our group [28]
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as a complementary validation set. To determine putative plasma biomarkers, LC-MS analysis of
plasma from cancer women was also compared to a control group.

2. Results

2.1. Molecular Imaging of Breast Tissues by DESI-MSI

Twenty-eight human breast tissue samples were analyzed using DESI-MSI. These samples included
11 special type samples and 17 NST samples obtained from core biopsy fragments or surgical specimens
(Supplementary Table S1). DESI-MSI enabled visualization of histological features within ductal carcinoma
(DC) samples (i.e., fibrosis, stroma, normal glands, IDC regions, in situ DC, vessels, etc.), as previously
reported [28-30]. The molecular images generated could then be correlated with optical images of
the hematoxylin & eosin (H&E) stained tissue sections (Figure 1). Indeed, molecular images of the
glycerophosphoinositol (PI) and fatty acid (FA) ions could serve as markers for the tumor areas over the
tissue. Tumor regions spatially correlated with the distribution of PI1(36:2) and FA(20:4). Other lipids such
as PI(38:4) showed no specificity around stroma, fibrosis, normal adjacent tissue, or tumor regions and
were found over the entire tissue section. Molecular images of both NST and special type samples correctly
correlated with the optical images. Figure 1 shows the good correspondence between the optical microscopy
images and the ion images of a biopsy fragment of a special type tumor, exemplifying that these molecules
are characteristic of cancer, independently of the type of breast cancer and the type of tumor sampling.

Tumor region

100 pm
—

Relative abundance scale: 0% 00 W 100%

Figure 1. Optical images of hematoxylin & eosin (H&E) stained slides and representative ion images
for a biopsied tissue sample diagnosed as invasive apocrine carcinoma of the breast with a signet ring.
The entire tissue section is shown in (A) and the optical magnification (40x) of a region is shown in (B),
with red-marked tumor areas. The representation of the relative abundance of a tumor discriminatory
ion of mass-to-charge ratio (11/z) 861.550 is shown in (C). Zoomed in and outlined in red, (D) shows a
comparative perspective with the H&E image above (B). The representation of the relative abundance
of a non-discriminatory ion of m/z 885.550 is shown in (E). Also, zoomed-in, (F) shows a comparative
perspective with images D and B above. Areas of red intensity within the ion images represent the
highest (100%) and black the lowest (0%) relative abundance. PI: glycerophosphoinositol. Lipid species
are described by the numbers of fatty acid chain carbons and double bonds.
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The set of samples comprising both NST and special type carcinomas, which were collected and
analyzed in Brazil, was later submitted to a blind classification test performed in the USA, using the
predictive models of NST-IDC built for lipid DESI-MSI data described by our group [28]. All the 28
breast samples, including special type tumors, were correctly classified according to their cancer status
(as being cancer or normal samples). The predictive model was also able to define their ER and PR
status, as being positive or negative (Figure 2).

The results of the classification test showed that all the 28 samples were correctly predicted as being
cancer samples. From these, 6 samples were correctly classified as ER-negative, while 22 samples were
classified (also correctly) as ER-positive. Similarly, 5 samples were correctly classified as PR negative,
whereas 23 samples were classified (also correctly) as PR positive. The results presented for cancer
status prediction, ER and PR status classification showed, therefore, a sensitivity of 100% and specificity
of 100%, in a per-patient analysis, regardless of the type of IDC samples (NST- or special type-IDC).

A Training set Validationset
S/stissue [  23/23tissue
samples correctly i samples correctly
P _ predictedas | |  predicted as
{ 28/28tissue | PR- i PR+
Described by Porcari et al. (2018) | sam'ples correctly :x V/ _} :\ \‘/ s
66 breast tissue samples liselsBeh e i e —— e
; Q/ ¥ 6/6 tissue ‘3 i/ 22/22 tissue |
| i samples correctly | ! samples correctly |
Rl i predicted as predictedas !
DESI-MS! of tissue samples ER- b ER+
~1 v P v
B Training set Validation set
[’ 6/6 plasma ) \ 7/7 plasma
14 plasma of 15 plasma of samples correctly samples correctly
breast cancer ‘ healthy ’ v,/ predicted as being | q/ predicted as being !
women women from cancer B from healthy
women - women
LC-MS/MS of plasma samples

Figure 2. Summary of the classification predictions of breast carcinoma tissue and plasma samples.
(A) Results obtained for tissue analysis using DESI-MSI (Desorption-Electrospray-lonization—Mass
Spectrometry Imaging). A previously validated model for classification of samples was described
by Porcari et al. [28], with 66 breast cancer samples compared to normal breast tissue, and it was
used here as a test set. In the validation set, all the NST (no special type) and special type tissue
samples were correctly classified as being cancer and as having +/- Progesterone Receptor (PR) and +/-
Estrogen Receptor (ER). (B) Describes the results obtained for plasma analysis using LC-MS/MS (Liquid
Chromatography—tandem Mass Spectrometry). The test set was composed of 29 plasma samples and
resulted in average accuracies of 99.8% (positive ion mode) and 99.2% (negative ion mode) based on
100 cross-validations. In the validation set, including 30% of the samples, all the plasma samples were
correctly classified as being cancer or not.

2.2. Analysis of Plasma by LC-MS/MS

The sum of 42 plasma samples obtained from 22 healthy volunteers (control) and 20 breast
cancer women (case) had their organic extracts analyzed by LC-MS/MS. A total of 1434 compounds
were detected in positive ion mode, whereas 1480 compounds were detected in negative ion mode.
From these, 892 compounds were automatically identified using Progenesis QI based on accurate
mass, isotope similarity, and MSE experiments. In this untargeted approach, the relative intensities
of the ions, normalized to the total ion current (TIC), were considered to detect changes among
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the groups. Examples of the chromatograms, raw spectra, and feature identification are shown in
the Supplementary Figures S1-53, for the positive and negative ion modes. Using all the detected
compounds, unsupervised multivariate analysis was performed for data from both the positive and
negative ion modes. Figure 3 shows the Principal Component Analysis (PCA) score plots for both
ionization modes. Although some overlap of the 95% confidence level ellipses occurs in both plots,
a clear tendency of segregation of cancerous and healthy individuals by PCA is observed.
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Figure 3. Principal component analysis (PCA) scores plot for plasma analysis in positive ion mode
(A) and in negative ion mode (B). Segregation was observed for both modes between cancer and healthy
individuals. Quality control (QC) samples (pool of all the samples) are also plotted. The explained
amount of the total variance of the full data set is shown for each principal component (PC1-2).

Based on the plasma composition of 70% of the samples (training set) from the two ionization
modes, two classification models were built using the Supporting Vector Machine (SVM) algorithm
and they were tested for their ability to classify unknown samples (30%) comprising the validation
set. SVM models were also used to point out which of the detected molecules would contribute
more significantly to such differentiation. To build the classification models, 8 predictive molecular
features were selected for positive ion mode, and 9 for negative ion mode. Table 1 shows the selected
molecular features together with their possible assignments. Features selection was based on their
area under the curve (AUC) value for their individual receiver operating-characteristic (ROC) curves,
a parameter that indicates their ability to distinguish between healthy and cancer plasma. The overall
prediction power of these two models was estimated based on the AUC of ROC plots obtained from
the combination of the AUC of all the selected features. Both models presented the maximum AUC
value (1.00), indicating how well the set parameters could distinguish between case and control groups.
As Figure 2 summarizes, the resulting SVM models were applied to classify the validation set. Both the
SVM models correctly classified 7 out of 7 healthy samples and 6 out of 6 cancer samples, resulting in
maximum positive and negative predictive values (PPV/NPV), specificities of 100%, and sensitivity of
100% in a per-patient analysis. The medium probability of correct classification found for the validation
set is a value that indicates the probability of each specific sample in the data set to be classified as
being part of a determined class. In the present study, this value was found as 93.6% for positive ion
mode SVM model and 92.7% for negative ion mode SVM model. If these medium probabilities were
close to 0.5 then the model would have insufficient discriminatory power and should not be used for
predictions [40].
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Table 1. Discriminant ions selected by Supporting Vector Machine (SVM) models (positive and negative ion mode) as significant contributors to the molecular
classification of plasma from healthy and cancer women.

Measured m/z Ion Mode Species Lipid Assignment Proposed Formula  Exactm/z  Mass Error (ppm)
Characteristic of healthy plasma samples
496.340 + M+ H]* LysoPC(16:0) Cp4H51NO,P 496.340 0.0
524.371 + M +H]* LysoPC(18:0) CysHssNO,P 524.372 1.9
782.569 + M+ H]* PC(40:4) CyHg1NOgP 782.570 1.3
810.600 + M+ H]* PC(38:4) Cy6HgsNOgP 810.601 1.2
540.330 [M + FA - H]™ LysoPC(16:0) Cy5H51NOgP 540.330 0.0
568.361 - [M +FA - H]” LysoPC(18:0) Cy7H55NOgP 568.361 0.0
588.330 - [M + FA - H]~ LysoPC (20:4) Cy9H51NOgP 588.330 0.0
566.346 - [M + FA - H] LysoPC(18:1) CoyHzsNOgP 566.346 0.0
Characteristic of cancer plasma samples
786.600 + M +H]* PC(36:2) Cy4HgsNOgP 786.601 1.3
796.738 + [M + NH,]* TG (46:0) Cy9HogNOg 796.739 1.3
758.570 + M+ H]* PC(34:2) CyoHg1NOgP 758.570 0.0
824.770 + [M + NH4]* TG(48:0) Cs51H100NOg 824.771 1.2
407.294 - [M -H,O -H]~ 13’-Hydroxy-gamma-tocotrienol CrgH300, 407.295 2.5
409.310 - [M-H]~ gamma-tocotrienol CogHy410, 409.311 24
802.559 - [M +FA - H]™ PC(34:2)/PE-Nme(36:2) Cy3Hg1NO¢oP 802.560 1.2
830.590 - [M + FA - H]~ PC(36:2) Cy5HgsNO1oP 830.591 1.2
776.544 - [M + FA - H]- PC(32:1) C41H79NO1oP 776.544 0.0

my/z: mass-to-charge ratio; ppm: parts per million; LysoPC: Lysophosphatidylcholine; PC: phosphatidylcholine; TG: triglyceride; PE-Nme: methylphosphatidylethanolamine. Lipid species
are described by the numbers of fatty acid chain carbons and double bonds.
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2.3. Correspondence of Biomarkers Between Tissue-DESI-MSI and Plasma-LC-MS

To verify the presence of tissue biomarkers among the metabolites detected in plasma, the set
of tissue biomarkers reported by Porcari et al. [28] and used to classify the tissue samples of this
study were sought among the 892 compounds which had automatically been identified in plasma
samples. From the list of 31 compounds previously reported as discriminators of breast cancer by
DESI-MSI, 17 were detected among the plasma metabolites. Table 2 summarizes the list of DESI-MSI
tissue biomarkers and their occurrence in plasma samples.

Table 2. Tissue biomarkers found by DESI-MSI (Desorption-Electrospray-lonization—Mass Spectrometry
Imaging) and their occurrence in plasma samples of breast cancer patients analyzed by LC-MS/MS
(Liquid Chromatography—tandem Mass Spectrometry).

Prevalence in Plasma Samples of Breast
Carcinoma (NST and Special Type)
Patients According to LC-MS/MS Results

Tissue Biomarkers for No Special Type (NST) Ductal
Carcinoma of the Breast [28]

PS(34:1); PE(38:4); PS(38:4); P1(34:1); PS(40:4); P1(36:2);
PI(38:3); PE(36:2); PE(O-38:6); PE(O-38:5); PS(36:2); PS(36:1); Yes
PC(34:2); PC(34:1); PS(38:1); P1(34:0); PI1(38:4)

PG(34:1); PG(36:2); PG(40:7); PS(O-41:0); Cer(t42:1); CL(72:8);
CL(72:7); PA(38:2); PS(O-33:0); PE(O-38:4); PG(36:4); No
PS(P-36:2); PE(39:5); TG(52:3)
PS: glycerophosphoserine, PE: glycerophosphoethanolamine; PI: glycerophosphoinositol; PC: glycerophosphocholine;
PG: glycerophosphoglycerol; Cer: ceramide; CL: cardiolipin; PA: phosphatidic acid; TG: triacylglycerol. Lipid species
are described by the numbers of fatty acid chain carbons and double bonds.

The set of 17 mutual molecules (Table 2) was used to build a PCA model aimed at distinguishing
between the case and control plasma samples (Figure 4). The abundances of these molecules in plasma
for negative ion mode were considered. No differentiation of the groups was achieved. An SVM model
was also built and showed a near to diagonal line for the ROC curve (Figure S4), confirming the poor
differentiation power of this set of molecules.
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Figure 4. Principal component analysis scores-plot of the differentiation of plasma samples analyzed
by LC-MS/MS (Liquid Chromatography—tandem mass spectrometry) using the molecules found
in both plasma and tissue by DESI-MSI (Desorption-Electrospray-lonization—Mass Spectrometry
Imaging) [28]. The set of selected features does not enable group differentiation. Principal component
(PC) 1 explains 33.3% of the total variance of the full data set, whereas PC2 explains 25.7%.
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3. Discussion

In our study, multiple MS techniques were used to establish a comprehensive diagnostic workflow
for the different sample types collected from breast patients (i.e., plasma, core biopsy, and surgical
specimen). DESI-MSI correctly assigned tumor regions both in pre-surgical and post-surgical tissue
slides, in excellent agreement with the pathologist’s evaluation. Plasma analysis through LC-MS/MS
revealed putative lipid biomarkers for both positive and negative ionization modes and our models
showed excellent sensitivities and accuracy in a per-patient analysis. The correlation of plasma and
tissue lipids showed that some of the tissue biomarkers were also detected in plasma samples, although
these molecules were not found as significant contributors for plasma differentiation among healthy
and breast cancer groups.

3.1. Molecular Imaging of Breast Tissues by DESI-MSI

In the present study, we analyzed biopsies and surgical specimens of breast cancer patients
including NST and special type tumors, to verify whether our model, previously built based solely on
NST samples, would also be able to correctly classify special type tumors.

Our study submitted DESI-MSI data of 28 tissue samples, including 12 samples from special
type tumors, to our pre-generated classification model, again with an inter-laboratory approach.
Remarkably, 100% of specificity, sensitivity, and accuracy were achieved for this new validation set in
a per-patient analysis, even when special tumors were considered. These results emphasize that a
single Lasso model built from DESI-MSI can classify inter-laboratory independent sample sets and
that the putative biomarkers pointed out by this model for IDC breast tumors are robust enough to
differentiate special tumor types.

3.2. Analysis of Plasma by LC-MS/MS

Healthy and cancerous plasmas, as previously reported [8,41,42], have a distinct lipid profile.
These differences were able to discriminate these groups both by unsupervised and supervised
multivariate analysis. Using the support vector machine (SVM), a multivariate classification method
that applies a non-parametric machine learning technique, two sensitive and accurate models for
plasma sample differentiation were built [40,43]. These models (built for the positive and negative
ionization modes) are independent and complementary to one another. To deepen the understanding
of metabolic pathways involved in breast cancer, a set of features was selected to compose the statistical
models. Nonetheless, it was observed that a minimal number of features (two features per model,
data not shown) would be enough to provide sensitive and accurate classification models, exemplifying
the highly discriminant power of lipids for plasma breast cancer differentiation.

Among the molecular contributors for plasma sample differentiation, LysoPC, glycerophospholipids,
and triglycerides (TG) were found to be the most important. Indeed, dysregulation of lipid metabolism in
tumor cells is known as a hallmark related to the tumors’ opportunistic modes of nutrient acquisition [44].
Other studies reported alterations in the abundance of lysoPC among healthy and breast cancer samples
which proved to be consistent with both our models [45,46]. As reported by Taylor et al. [47], LysoPC(16:0)
and LysoPC(18:0) are the most abundant types of LysoPC in plasma and their decreased level in breast
cancer samples could be associated with an activated inflammatory status and a higher metabolism
rate in breast cancer cells. LysoPC are derived from the turnover of PC in circulation, as products
of lysophospholipase enzymes such as phospholipase A, (PLA;). Yamashita et al. [48] and Yarla et
al. [49] reported highly elevated PLA; levels in patients with various malignant tumors, especially
in breast cancer. Overexpression or enhanced activity of PLA; is expected to increase LysoPC levels,
and this observation could also explain the relative increase in some PC levels observed for healthy
plasma samples. Qiu et al. [41] also reported decreased levels of LysoPC in breast plasma samples
when compared to healthy samples. Concerning the TG, their higher abundance in cancer plasma may
be related to an increased de novo lipogenesis. TG are precursors for the synthesis of phospholipids
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and are also an independent source for fatty acid oxidation. These key processes supply energy and
membrane lipids for the accelerated cell proliferation required in tumorigenesis [50,51]. Interestingly,
some tocotrienol-related metabolites (analogs of vitamin E) were found in higher abundance in the
cancer patient’s plasma. This fact could be related to the usual supplementation of tocotrienols in breast
cancer treatment, as these compounds are claimed to suppress the growth of tumors cells [52].

3.3. Correspondence of Biomarkers Between Tissue and Plasma

Tissue-specific biomarkers previously reported for breast cancer detection were investigated
according to their occurrence in plasma. More than half of tissue biomarkers could be found in plasma.
This fact reflects how tissue injury may affect peripheral blood composition [53]. Interestingly, none of
the tissue-biomarkers had a significant value for plasma differentiation. We believe that this could be
related to two different factors: the dilution of specific tissue biomarkers in the peripheral blood and
the different extraction methods applied to plasma and tissue samples.

Tissue-specific lipids detected by DESI-MSI, even when observed in plasma samples, were not
predictive for plasma differentiation. This may reflect how specific tissue lipids reach the bloodstream
and how diluted they are among other non-specific molecules. Although tissue injury may release
specific biomarkers in the bloodstream, the most abundant circulating biomarkers could be secondary
products of the injured metabolism. For example, the increased levels of LysoPC found in plasma
samples corroborates an increased releasing of arachidonic acid, FA(20:4), also due to PLA; action.
The increased abundance of FA(20:4) was noticed as a marker for tumor region over the tissue. However,
FA(20:4) was not directly found as a highly discriminant ion for plasma samples, although this molecule
is among those detected and identified in plasma extracts.

Moreover, whereas plasma samples were analyzed after exhaustive solvent extraction (i.e.,
liquid-liquid extraction), tissue samples were not exhaustively extracted and had only their most
abundant superficial molecules desorbed/ionized by the charged droplets of the DESI-MSI spray plume.
Besides that, the matrix effect in DESI-MSI analysis must be considered. Molecules that would be
suppressed by other more abundant components in DESI-MS analysis may be separated in time over a
chromatographic column. This results in their proper ionization, detection, and further recognition as
significant components in statistical models.

In summary, our study has brought to the attention of the scientific community a comparison of
the molecular signatures of breast cancer found directly over tumor tissue by DESI-MSI with those
gathered from plasma extracts of the same breast cancer patients by LC-MS. As supported by the
literature [4-9,28-32], both plasma lipid profiles detected by LC-MS and tissue lipid signatures detected
by DESI-MSI could be used for diagnostic purposes. However, we have shown for the first time, that
each one of the studied matrices has its specific molecular signatures and the interposition of these
signatures was not observed across different sample types (i.e., blood or tissue). Although indicators
of tissue injury do not prevail as biomarkers in peripheral blood, some of them could be found in
plasma samples demonstrating relevant sensitivity and accuracy of the LC-MS method. Our study also
enabled the testing of the classification model described in our previous findings [28] for the analysis
of an independent sample set, comprising special type carcinomas, in an inter-laboratory experiment.
Special type carcinomas had not been previously used for the building of this classification model
and the achievement of 100% specificity/sensitivity rates showcases the discriminatory power of the
proposed methodology. These results reinforce DESI-MSI as a robust technique to be used for breast
cancer diagnosis including the correct classification of special type carcinomas according to their cancer
status, and ER/PR status with remarkable specificity, sensitivity, and accuracy.
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4. Materials and Methods

4.1. Subjects and Ethical Consent

The case group comprised 24 women with a confirmed diagnosis for breast cancer. The women had
their EDTA-blood samples and/or core-needle biopsies and/or surgical specimens collected. Detailed
information about the type of sample collected for each subject is described in Supplementary Table S1.
Since not every woman presented the three types of samples, this study comprised the collection of 20
EDTA-blood samples, 16 biopsies, and 12 surgical specimens, resulting in 28 tissue samples (Figure 5).
All the recruitment was done during their attendance at the Department of Gynecological and Breast
Oncology, Women'’s Hospital (CAISM), at the State University of Campinas (UNICAMP), Campinas,
Sao Paulo, Brazil. The procedures were carried out according to the Helsinki Declaration and written
informed consent was obtained from each study participant (CAAE # 69699717.0.0000.5404, 09/05/2017,
CEP-UNICAMP). The control group comprised 22 healthy women with no evidence of any personal
or family story of breast cancer, who donated their EDTA-blood samples under the same collection
protocol and served to provide a representative group of the general population that seeks medical
assistance in this region. Written informed consent was also obtained from the control women (CAAE
#25222619.4.0000.5514, 13/12/2019, CEP-USF). Table 3 summarizes the clinicopathologic characteristics
of women from the breast cancer group.

Estrogen receptor status, progesterone receptor status and HER2 (human-epidermal-growth-
factor-receptor-2) receptors status referred to tissue samples. Special Types: pleomorphic lobular
breast carcinoma (N = 1), mixed invasive ductal carcinoma/squamous/metaplastic breast carcinoma
(N = 1), mucinous colloid breast carcinoma (N = 4), papillary breast carcinoma (N = 1), apocrine breast
carcinoma with signet ring (N = 1).

Table 3. Clinicopathologic characteristics of women with breast cancer.

Characteristics Patients, N Median Age (Range)
Core needle biopsy 16 60 (37-80)
Surgical specimen 12 61 (36-81)
Core needle biopsy + surgical specimen 5 63 (37-80)
Plasma 20 58 (36-81)
Tumor type
Ductal NST (no special type) 16 56 (36-81)
Special Types 8 65 (37-80)
Tumor stage
I 10 57 (43-77)
I 8 59 (36-81)
I 3 64 (37-80)
v 3 61 (42-75)
Estrogen receptor status
Positive 20 58 (36-81)
Negative 4 65 (42-77)
Progesterone receptor status
Positive 16 56 (36-81)
Negative 8 65 (42-80)
HER? receptor status
Positive 6 47 (36-67)

Negative 18 63 (38-81)
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Case 2 Control 22
breast cancer women healthy women
Age?: 59 (36 — 81) Age®: 58 (35-80)

16 core-needle 12 surgical 20 plasma 20 plasma
biopsies specimens samples samples

Analyzed by imaging mass Analyzed by LC-MS/MS
spectrometry (DESI-MSI)

Figure 5. Distribution of samples over case and control groups and the technique of choice employed
in each subset: Desorption-Electrospray-lonization—Mass Spectrometry Imaging (DESI-MSI) for tissue
samples and Liquid Chromatography-Tandem Mass Spectrometry (LC-MS/MS) for plasma samples.
2 Age is expressed as medium age (range).

4.2. Tissue Samples Analyzed by DESI-MSI

Twenty-eight human breast tissue samples from fragments of core needle biopsy (N = 16) and
surgical specimens (N = 12) were collected from women undergoing mastectomy or quadrantectomy as
part of their cancer diagnosis and treatment in the Department of Gynecological and Breast Oncology,
Women'’s Hospital (CAISM) and were later submitted to DESI-MSI analysis. For that, immediately
after the removal of the surgical specimen, the tissue was macroscopically assessed, and the tumor
area was identified. The presence of tumor was later confirmed through histopathology by an expert
pathologist. Surgical specimens and biopsy fragments were snap-frozen using liquid nitrogen within a
maximum of 4 h after the surgical removal. The samples were then stored at —80 °C until they were
sectioned for DESI-MSI. Tissue samples were sectioned at 16 um thick sections using a CryoStarTM
NX50 cryostat (Thermo Scientific, San Jose, CA, USA) and stored in a —80 °C freezer.

4.3. DESI-MSI Experiments

A 2D Omni Spray DESI imaging platform (Prosolia Inc., Indianapolis, IN) coupled to a Q-Exactive
Orbitrap (Thermo Fisher Scientific, San Jose, CA) was used for tissue imaging. A lab-built
sprayer was adapted to the commercial Omni Spray DESI imaging stage and a solution of
dimethylformamide/acetonitrile (DMF/ACN) 1:1 (v/v) was sprayed at a flow rate of 1.5 uL.min~'.
The samples were screened in negative-ion mode over the m/z range of 100-1200. The resolving power
of 70,000 (at m/z 400) was used. The S-lens RF level was set to 100, the spatial resolution of 200 pm was
used and the nitrogen gas pressure of the DESI source was 150 psi.

4.4. Plasma Samples Analyzed by LC-MS

Plasma samples were obtained from collected EDTA-bloods which were centrifuged up to2 h
after the collection time and then frozen until the time of extraction at —80 °C. Before the extraction
protocol, quality control samples were prepared by pooling together an aliquot of each sample from
both groups. This pool was further spliced into different microtubes and submitted to sample extraction
concomitantly with the other samples. After the extraction, all the samples were submitted to LC-MS
analysis using electrospray ionization (ESI) in either positive or negative ion modes using an ACQUITY
H-class liquid chromatograph coupled to XEVO-G2XS QTOF (Waters) mass spectrometer.
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4.4.1. Lipid Extraction

Plasma samples (150 uL) were extracted with the addition of 600 uL of a CHCl3:MeOH solution
(2:1, v/v). Afterward, vortex (30 s) and centrifugation (12,000 RPM, 5 min, 4 °C) were carried out and
450 uL of the bottom organic layer were collected and dried under nitrogen flow. Dried samples were
stored at —20 °C until the analysis. For analysis, samples were reconstituted in 1 mL of a solution of
isopropanol (IPA)/ACN/water (2:1:1, v/v/v).

4.4.2. LC-MS Analysis

An ACQUITY UPLC connected to a XEVO-G2XS quadrupole time-of-flight (QTOF) mass
spectrometer (Waters, Manchester, UK) equipped with an electrospray ion source was used. Liquid
chromatography was performed using an Acquity UPLC CSH C18 column (2.1 x 100 mm, 1.7 um, Waters).
Mobile phase A was composed of a solution of 10 mM ammonium formate with 0.1% formic acid in
ACN/water (60:40, v/v), while mobile phase B was composed of a solution of 10 mM ammonium formate
with 0.1% formic acid in IPA/ACN (90:10, v/v). The flow rate was 0.4 mL min~!. The column was initially
eluted with 40% B, increasing to 43% B over 2 min and subsequently to 50% within 0.1 min. Over the
next 3.9 min, the gradient was further ramped to 54% B, and then to 70% of B in 0.1 min. In the final part
of the gradient, the amount of B was increased to 99% over 1.9 min. Solution B finally returned to 40% in
0.1 min, and the column was equilibrated for 1.9 min before the next injection. The total run time was
10 min. The injection volume was 1 pL. Positive and negative ion modes were recorded (separately) and
the instrument was operated in MSF mode in the m/z range of 50~2000, with an acquisition time of 1 s per
scan. Other parameters were as follows: source temperature = 120 °C, desolvation temperature = 600 °C,
desolvation gas flow = 800 L-h~!, capillary voltage = 2.0 kV(+)/1.5 kV(-), cone voltage = 30 V. Leucine
encephalin (molecular weight = 555.62; 200 pg-uL~! in 1:1 ACN:H,0) was used as a lock mass for accurate
mass measurements, and a 0.5 mM sodium formate solution was used for calibration. Samples were
randomly analyzed and quality control samples were injected every ten injections.

4.4.3. Data Extraction

LC-MS raw files were processed using Progenesis QI 2.0 software (Nonlinear Dynamics, Newcastle,
UK), which enabled raw data import, selection of possible adducts, peak alignment, deconvolution,
and compound identification based on MSF experiments. Progenesis QI generates a table of the ions
labeled according to their nominal masses and retention times as a function of their intensity for
each sample. Examples of the chromatograms, raw spectra, and feature identification are shown in
Figures S51-S3, for the positive and negative ion modes.

4.5. Statistical Analysis

For tissue analysis, MS data corresponding to the areas of interest were extracted from the ion images
using the MSiReader software [54]. Data preprocessing was performed following Porcari et al. [28].
The previously generated logistic regression model with Lasso (least absolute shrinkage and selection
operator) regularization was used to predict tissue samples according to the presence of breast cancer,
estrogen receptor (ER) status, and progesterone receptor (PR) status.

For plasma analysis, the list of extracted ions chromatograms per retention time was uploaded to
the MetaboAnalyst web platform (http://www.metaboanalyst.ca). Data were normalized by sum and
auto-scaled. Ions detected in at least 10% of the samples were held for analysis. Comparisons were
performed of the case against control groups. For the unsupervised analysis, principal component
analysis (PCA) was used. For the supervised analysis through support vector machine (SVM), data were
divided into a training set (70% of samples) and a validation set (30% of samples). The training set
was composed of plasma of 14 breast cancer women and plasma of 15 healthy women, whereas the
validation set was composed of plasma of 6 breast cancer women and 7 healthy women. The biomarker
analysis module provided by the Metaboanalyst web platform was used and data was loaded in
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the form of a table containing the list of extracted ions chromatograms per retention time and the
group label for 70% of the samples. Thirty percent of the samples had no group label (test samples).
The same parameters used for PCA were chosen for filtering, normalization, and scaling of the data.
The classification method was linear SVM, whereas the selected feature ranking method was built-in
SVM. To evaluate the test set, the top 10 features with the highest area under the ROC curve (AUC)
value were selected to compose the final SVM model, which was used to classify and provide the
medium probability of correct classification for each test sample.

To investigate whether the biomarkers validated as discriminatory for tissue analysis could also be
predictive in plasma, the tissue biomarkers detected in plasma were used to build a PCA model. In that
way, their discriminatory power regarding plasma samples of case and control groups was evaluated.

Supplementary Materials: Supplementary Materials can be found at http://www.mdpi.com/1422-0067/21/10/
3611/s1.
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Supplementary Table S1: Summary of the type of samples collected for each breast cancer woman

Subject Type of sample Type
# plasma biopsy surgical specimen NST! / ST?
1 yes yes yes ST
2 yes yes yes ST
3 yes yes yes NST
4 yes yes yes NST
5 yes yes yes ST
6 yes yes no ST
7 yes yes no NST
8 yes yes no NST
9 yes yes no NST
10 yes yes no NST
11 yes yes no NST
12 yes yes no ST
13 yes yes no NST
14 yes yes no ST
15 yes no yes NST
16 yes no yes NST
17 yes no yes ST
18 yes no yes NST
19 yes no yes ST
20 yes no no NST
21 no yes no NST
22 no yes no NST
23 no no yes NST
24 no no yes NST

1ST: special type ductal carcinoma of the breast. 2NST: no special type.

Note: We included 24 women with breast cancer. From them, 20 women had blood samples collected
and 23 had cancer breast tissue collected. Among women who had their tissue collected, 11 of them had
only biopsy, 7 had only surgical specimens and 5 had biopsy and surgical specimens.
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Figure S1: Base peak ion (BPl) chromatograms for a representative quality control (QC) sample acquired
in (A) the positive ion mode and (B) the negative ion mode.
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Figure S2: Data for one characteristic ion of healthy plasma samples observed in the positive ion mode.
The LysoPC (16:0), observed as the [M + H]* adduct at m/z 496.3399. The extracted ion chromatogram
(EIC) is shown in (A). The low-energy mass spectrum is shown in (B). The deconvoluted fragmentation
spectrum obtained by Progenesis Ql (Waters), showing the identifying fragments is shown in (C), where
red signalizes the matched fragments, according to theoretical fragmentation.
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Figure S3: Data for one characteristic ion of cancer plasma samples observed in the negative ion mode.
The PC(34:2)/PE-Nme(36:2), observed as the [M + FA - H]" adduct at m/z 802.5593. The extracted ion
chromatogram (EIC) is shown in (A). The low-energy mass spectrum is shown in (B). The deconvoluted
fragmentation spectrum obtained by Progenesis Ql (Waters), showing the identifying fragments is shown
in (C), where red signalizes the matched fragments, according to theoretical fragmentation.
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Figure S4: Receiver operator characteristics (ROC) curve for the support vector machine (SVM) model for
differentiation among cancer and health status based on plasma lipids listed as molecular signatures for
tissue differentiation using imaging mass spectrometry. A near to diagonal ROC curve represents an
insufficient discriminatory power for the model. AUC is the area under the ROC curve and Cl is the
confidence interval.



4. CONCLUSAO E PERSPECTIVAS

O estudo trouxe uma comparacdo das assinaturas moleculares do cancer de mama
encontradas sobre o tecido tumoral com aquelas encontradas no plasma das mesmas pacientes. Neste
contexto, tanto o perfil lipidico obtido para os tecidos tumorais quanto aquele obtido para o plasma
se confirmaram com potencial de utilizagdo para fins de diagndstico de cancer de mama, como ja
apontado previament4e pela literatura (CALA et al., 2018; CALLIGARIS et al. 2014; GUENTHER
et al., 2020; HUANG et al., 2019; JASBI et al., 2019; LECUYER et al., 2019; PORCARI et al.,
2018; TATA et al., 2016; WOOLMAN et al., 2017; ZHANG, Q. et al., 2019; ZHANG, Q. et al.,
2020).

A comparagdo da composi¢ao lipidica de plasma e tecido tumoral de pacientes com cancer
de mama, revelou que ha metabdlitos comuns entre as duas matrizes. No entanto, as moléculas em
comum nao sdo capazes de promover a diferenciagdo em ambas as matrizes concomitantemente,
sendo que plasma e tecido apresentaram marcadores diferentes em modelos classificatorios e
preditivos. Este fato evidencia o papel de complementariedade entre as matrizes, dado que um
conjunto especifico de marcadores lipidicos para cada matriz mostrou-se necessario na avaliacao
deste conjunto de amostras. Embora os indicadores de lesdo tecidual ndo predominem como
biomarcadores no sangue periférico, alguns desses marcadores foram encontrados em amostras de
plasma, demonstrando sensibilidade e precisdo relevantes do método LC-MS. Aspectos como a
diluicdo de marcadores de tecido no sangue periférico e as diferencas metodologicas entre as
técnicas de DESI-MSI e LC-MS podem ter causado a divergéncia entre os conjuntos de marcadores
propostos para as duas matrizes. Outra possibilidade, que se mostra como perspectiva de
continuidade do estudo, ¢ a segmentagao do grupo amostral de acordo com estadiamento da doenga
e outras caracteristicas clinicas relevantes. Tumores em estagios mais avangados ¢ que ja tenham
atingido a metdstase poderiam liberar maior quantidade de marcadores teciduais, o que possibilitaria
sua detecgdo em plasma. Ainda, admite-se que este estudo foi realizado em escala piloto ¢ que a

avaliagdo de um maior nimero de sujeitos poderia reforgar os achados aqui reportados.

Nosso estudo também possibilitou o teste do modelo de classificacdo descrito em nossos
achados anteriores para diagndstico de tecido tumoral por DESI-MSI para a analise de um conjunto
de amostras independente, compreendendo carcinomas de tipo especial, em um experimento

interlaboratorial (PORCARI et al., 2018). Os carcinomas de tipo especial ndo haviam sido
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utilizados anteriormente para a constru¢do desse modelo de classificacdo e a obtengdo de 100% de
especificidade / sensibilidade demonstra o poder discriminatorio da metodologia proposta. Esses
resultados reforcam o DESI-MSI como uma técnica robusta a ser usada para o diagnostico de cancer de
mama, incluindo a classificacdo correta de carcinomas de tipo especial de acordo com seu status de

cancer e o status de ER / PR com notavel especificidade, sensibilidade e precisao.
Neste trabalho foram apresentadas duas plataformas de MS, com abordagens de analise

lipidomica diferentes, utilizadas para matrizes que mostraram possuir composigoes diferentes, porém
complementares. Assim, estudos multiplataforma envolvendo diferentes matrizes biologicas no estudo
de neoplasias, podem ser a chave para compreender as alteracdes fisiologicas proveniente da presenca

de neoplasias.

51



5. REFERENCIAS BIBLIOGRAFICAS

ABBASSI-GHADI, N.; JONES, E. A.; GOMEZ-ROMERO, M.; GOLF, O; KUMAR, S;
HUANG, J; KUDO, H; GOLDIN, R. D.; HANNA, G. B.; TAKATS, Z. A Comparison of DESI-
MS and LC-MS for the Lipidomic Profiling of Human Cancer Tissue. J. Am. Soc. Mass.
Spectrom., v. 27, n. 2, p. 255-264, 2016.

AGBARYA, A.; RUIMI, N.; EPELBAUM, R.; BEN-ARYE, E.; MAHAJNA, J. Natural
products as potential cancer therapy enhancers: A preclinical update. SAGE Open Medicine, v.

2,2014.

ASLAM, B.; BASIT, M.; NISAR, M. A.; KHURSHID, M.; RASOOL, M. H. Proteomics:
Technologies and Their Applications. J. Chromat. Sci., v. 55, n. 2, p. 182-196, 2016.

BADU-TAWIAH, A. K.; EBERLIN, L. S.; OUYANG Z.; COOKS, R. G. Chemical Aspects of
the Extractive Methods of Ambient lonization Mass Spectrometry. Annu. Rev. Phys. Chem., v.
64, n. 1, p. 481-505, 2013.

BRAY, F.; FERLAY, J.; SOERJOMATARAM, I.; SIEGEL, R. L.; TORRE, L. A.; JEMAL, A.
Global cancer statistics 2018: GLOBOCAN estimates of incidence and mortality worldwide for
36 cancers in 185 countries. CA: Cancer J. Clin., v. 68, n. 6, p. 394424, 2018.

BUJAK, R.; STRUCK-LEWICKA, W.; KARKUSZEWSKI, M. J.; KALISZAN, R.
Metabolomics for laboratory diagnostics. J. Pharml. Bioml. Anal., v. 113, p. 108-120, 2015.

CALA, M.P.; ALDANA, J.; MEDINA, J.; SANCHEZ, J.; GUIO, J.; WIST, J. Multiplatform
plasma metabolic and lipid fingerprinting of breast cancer: A pilot control-case study in

Colombian Hispanic women. PLoS ONE, v.13,n.2, 2018.

CALLIGARIS, D.; CARAGACIANU, D.; LIU, X.; NORTON, 1.; THOMPSON, C.J;
RICHARDSON, A.L.; Application of desorption electrospray ionization mass spectrometry
imaging in breast cancer margin analysis. PNAS, v. 42, n. 111, p. 15184-15189, 2014.

CARDOSO, M. R.; SANTOS, J. C.; RIBEIRO, M. L.; TALARICO, M.; VIANA, L. R;
DERCHAIN, S. A metabolomic approach to predict breast cancer behavior and chemotherapy

52



response. Int. J. Mol. Sci., v. 19, n. 2, p. 617, 2018.

CHERNUSHEVICH, 1.V.; LOBODA, A.V.; THOMSON B. A. An introduction to quadrupole-
time-of-flight mass spectrometry. J. Mass Spectrom., v. 8, n. 36, p. 849-865, 2001.

CLENDINEN, C. S.; MONGE, M. E.; FERNANDEZ, F. M. Ambient mass spectrometry in
metabolomics. Analyst, v. 142, n. 17, p. 3101-3117, 2017.

CIRQUEIRA, M. B.; MOREIRA, M. A. R.; SOARES, L. R.; FREITAS-JUNIOR, R. Subtipos
moleculares do cancer de mama. FEMINA, v. 39, n. 10, p. 499-503, 2011.

COATES, A. S.; WINER, E. P.; GOLDHIRSCH, A.; GELBER, R. D.; GNANT, M.; PICCART-
GEBHART, M.; THURLIMANN, B.; SENN, H. J. Tailoring therapies--improving the
management of early breast cancer: St Gallen International Expert Consensus on the Primary

Therapy of Early Breast Cancer 2015. Ann. Oncology., v. 26, n.8, p. 15331546, 2015.

DENKERT, C.;BUCHER, E.; HILVO, M.; SALEK, R.; ORESIC, M.; GRIFFIN, J.;
BROCKMOLLER, S.; F. KLAUSCHEN, F.; LOIBL, S.; BARUPAL, D. K.;BUDCZIES, J.;
ILJIN, K.; NEKLJUDOVA, V.; FIEHN, O. Metabolomics of human breast cancer: new
approaches for tumor typing and biomarker discovery. Genome Med., v. 4, n. 4, p. 37-49, 2015.

EROLES, P.; BOSCH, A,; ALEJANDRO PEREZ-FIDALGO, J. LLUCH A. Molecular biology
in breast cancer: Intrinsic subtypes and signaling pathways. Cancer Treat. Rev., v. 6, n. 38, p.

698-707, 2012.

ESSERMAN, L. J.; BERRY, D. A.; DEMICHELE, A.; CAREY, L.; DAVIS, S. E.; BUXTON,
M.; HUDIS, C.; GRAY, J. W.; PEROU, C.; YAU, C.; LIVASY, C.; KRONTIRAS, H.;
MONTGOMERY, L.; TRIPATHY, D.; LEHMAN, C.; LIU, M. C.; OLOPADE, O. I.; RUGO,
H. S.; CARPENTER, J. T.; DRESSLER, L. Pathologic complete response predicts recurrence-
free survival more effectively by cancer subset: Results from the I-SPY 1 TRIAL - CALGB
150007/150012, ACRIN 6657. J. Clin. Oncol., v. 30, n. 26, p. 3242-3249, 2012.

FAHY, E.; SUD, M.; COTTER D.; SUBRAMANIAM S. LIPID MAPS online tools for lipid
research. Nucleic Acids Res., v. 35, p. 606-612, 2007.

53



FENN, J. B.; MANN, M.; MENG, C. K.; WONG, S. F.; WHITEHOUSE, C. M. Electrospray

ionization for mass spectrometry of large biomolecules. Science, v. 4926, n. 246, p. 64-71, 1989.

GERMANO, S.; O'DRISCOLL, L. Breast Cancer: Understanding Sensitivity and Resistance to
Chemotherapy and Targeted Therapies to Aid in Personalised Medicine. Current Cancer Drug
Targets, v. 9, n. 3, 2009.

GLOBOCAN. CANCER HOJE, <encurtador.com.br/gC789> . Acesso em: 25 de maio de 2020.

GOBARDHAN, P. D.; ELIAS, S. G.; MADSEN, E. V.; VAN WELY, B.; VAN DEN
WILDENBERG, F.; THEUNISSEN, E. B.; ERNST, M. F.; KOKKE, M. C.; VAN DER POL,
C.; BOREL RINKES, 1. H.; WIJSMAN, J. H.; BONGERS, V.; VAN GORP, J.; VAN DALEN,
T. Prognostic value of lymph node micrometastases in breast cancer: A multicenter cohort study.

Ann. Surg. Oncol., v. 18, n. 6, p. 1657-1664, 2011.

GOODACRE, R.; VAIDYANATHAN, S.; DUNN, W. B,;HARRIGAN, G. G.; KELL, D. B.
Metabolomics by numbers: Acquiring and understanding global metabolite data. Trends in

Biotechnol., v. 22, n. 5, p. 245-252, 2004.

GORROCHATEGUI, E.; JAUMOT, J.; LACORTE, S.; TAULER, R. Data analysis strategies
for targeted and untargeted LC-MS metabolomic studies: Overview and workflow. Tr. A. C., v.

82, p. 425442, 2016.

GOUDSMIT, S. A. A Time-of-Flight Mass Spectrometer. Phys. Rev., v. 5, n. 74, p. 622-623,
1948.

GOWDA, G. N.; DJUKOVIC, D. Overview of Mass Spectrometry-Based Metabolomics:
Opportunities and Challenges. Methods Mol. Biol., v. 1198, n. 1, p. 3-12, 2014.

GRAHAM, T. A.; SOTTORIVA, A. Measuring cancer evolution from the genome. J. Pathol., v.
241, n. 2, p. 183-191, 2017.

GROMSKI, P. S.; MUHAMADALIL H.; ELLIS, D. I.; XU, Y.; CORREA, E.; TURNER, M. L.;
GOODACRE, R. A tutorial review: Metabolomics and partial least squares-discriminant analysis

- a marriage of convenience or a shotgun wedding. Anal. Chim. Acta, v. 879, p. 10-23, 2015.

54



GUENTHER, S.; MUIRHEAD, L. J.; SPELLER, A. V.; GOLF, O.; STRITTMATTER, N.;
RAMAKRISHNAN, R.; GOLDIN, R. D.; JONES, E.; VESELKOV, K.; NICHOLSON, J.;
DARZI, A.; TAKATS, Z. Spatially resolved metabolic phenotyping of breast cancer by
desorption electrospray ionization mass spectrometry. Cancer Res., v. 9, n, 75, p. 1828-1837,

2015.

HAMMOND, M. E.; HAYES, D. F.; DOWSETT, M.; ALLRED, D. C.; HAGERTY, K. L.;
BADVE, S.; FITZGIBBONS, P. L.; FRANCIS, G.; GOLDSTEIN, N. S.; HAYES, M.; HICKS,
D. G.; LESTER, S.; LOVE, R.; MANGU, P. B.; MCSHANE, L.; MILLER, K.; OSBORNE, C.
K.; PAIK, S.; PERLMUTTER, J.; RHODES, A. American Society of Clinical Oncology/College
of American Pathologists guideline recommendations for immunohistochemical testing of

estrogen and progesterone receptors in breast cancer (unabridged version). Arch. Pathol. Lab.

Med., v. 7, n. 134, p. 48-72, 2010.

HART C. D.; TENORI L.; LUCHINAT C.; DILEO A. Novel Biomarkers in the Continuum
of Breast Cancer, Springer International Publishing: Cham, 2016, 279 p..

HART, C. D.; VIGNOLI, A.; TENORI, L.; UY, G. L.; VAN TO, T.; ADEBAMOWO, C.;
HOSSAIN, S. M.; BIGANZOLL, L.; RISL, E.; LOVE, R. R.; LUCHINAT, C.; DI LEO, A.
Serum Metabolomic Profiles Identify ER-Positive Early Breast Cancer Patients at Increased Risk

of Disease Recurrence in a Multicenter Population. Clin. Cancer. Res., v. 6, n. 23, p. 1422-

1431, 2017.

HELMUT, S.; WOLFGANG, P. Apparatus for separating charged particles of different specific
charges, 1960, US Patent, 2939952,

HIPPLE, J. A.; SOMMER, H.; THOMAS H. A. A Precise Method of Determining the Faraday
by Magnetic Resonance. Phys. Rev., v. 12, n. 76, p. 1877-1878, 1949.

HOON TAN, P.; ELLIS, I.; ALLISON, K.; BROGI, E.; FOX, S. B.; LAKHANIL S.; LAZAR, A.
J.; MORRIS, E. A.; SAHIN, A.; SALGADO, R.; SAPINO, A.; SASANO, H.; SCHNITT, S.;
SOTIRIOU, C.; VAN DIEST, P.; WHITE, V. A.; LOKUHETTY, D.; CREE, 1. A.; WHO. The
2019 WHO classification of tumours of the breast. Histopathology, 2020.

55



HUANG, M.; LI, H.-Y.; LIAO, H.-W.; LIN, C.-H.; WANG, C.-Y.; KUO,W.-H.; KUO, C.-H.
Using post-column infused internal standard assisted quantitative metabolomics for establishing

prediction models for breast cancer detection. Rapid Commun. Mass Spectrom., v.34, 2019.

HORNING, E. C.; HORNING, M. G.; CARROLL, D.I.; DZIDIC, I.; STILLWELL R.N. New
picogram detection system based on a mass spectrometer with an external ionization source at

atmospheric pressure. Anal. Chem., v. 6, n. 45, p. 936-943, 1973.

HU, Q.; NOLL, R. J.; LI, H.; MAKAROV, A.; HARDMAN, M.; COOKS, R. G. The Orbitrap: a
new mass spectrometer. J. Mass Spectrom., v. 4, n. 40, p. 430-443, 2005.

INCA. Cancer. Disponivel em <https://www.inca.gov.br/o-que-e-cancer> . Acesso em: 22 de

maio de 2020.

IVANISEVIC, J.; WANT E.J. From Samples to Insights into Metabolism: Uncovering
Biologically Relevant Information in LC-HRMS Metabolomics Data. Metabolites, v. 12, n. 9, p.
308, 2019.

JASBI, P.; WANG, D.; CHENG, S.L.; FEI, Q.; CUIL J.Y.; LIU, L. Breast cancer detection using
targeted plasma metabolomics. J. Chromatogr. B. Analyt. Technol. Biomed. Life Sci., v.1105,
p. 26-37,2019.

KATONA, M.; DENES, J.; SKOUMAL, R.; TOTH, M.; TAKATS, Z. Intact skin analysis by
desorption electrospray ionization mass spectrometry. Analyst, v. 136, n. 4, p. 835-840, 2011.

KLASSEN, A.; FACCIO, A. T.; CANUTO, G. A. B.; CRUZ, P. L. R;; RIBEIRO, H. C.;
TAVARES, M. F. M.; SUSSULINI, A. Metabolomics: Definitions and Significance in Systems
Biology. In: SUSSULINI, A. (Ed.). Metabolomics: From Fundamentals to Clinical
Applications. Cham: Springer International Publishing, 2017. p. 3-17.

LECUYER, L.; DALLE, C.; LYAN, B.; DEMIDEM, A.; ROSSARY, A.; VASSON, M.P.;
PETERA, M.; LAGREE, M.; FERREIRA, T.; CENTENO, D. Plasma Metabolomic Signatures
Associated with Long-term Breast Cancer Risk in the SU.VL.LMAX Prospective Cohort. Cancer
Epidemiol. Biomarkers Prev., v. 28, n. 8, p. 1300-1307, 2019

56



MARMET, P., Quadrupole Mass Analyzers. J. Vac. Sci. Tech., v. 1, n. 8, p. 262, 1971.

MISHRA, P.; AMBS, S. Metabolic signatures of human breast cancer. Mol. Cell. Oncol., v. 2,
n. 3, p. 1-10, 2015.

MURRAY, K. K.; BOYD, R. K.; EBERLIN, M. N.; LANGLEY, G.; LL, L.; NAITO, Y.
Definitions of terms relating to mass spectrometry (IUPAC Recommendations 2013), Pure

Appl. Chem., v. 85, 1.7, p.1515-1609, 2013.

OGATA H.; GOTO S.; SATO K.; FUJIBUCHI W.; BONO H, KANEHISA M. KEGG: Kyoto
Encyclopedia of Genes and Genomes. Nucleic Acids Res., v. 27, n. 1, p. 29-34, 1999.

PEROU, C. M.; SORLIE, T.; EISEN, M. B.; VAN DE RIJN, M.; JEFFREY, S. S.; REES, C. A,;
POLLACK, J. R.; ROSS, D. T.; JOHNSEN, H.; AKSLEN, L. A.; FLUGE, O.;
PERGAMENSCHIKOV, A.; WILLIAMS, C.; ZHU, S. X.; LONNING, P. E.; BORRESEN-
DALE, A. L.; BROWN, P. O.; BOTSTEIN, D. Molecular Portraits of Breast Cancer. Nature, v.
6797, n. 406, p. 747-752, 2000.

PORCARI, A. M. Novas estratégias de tipificacao e diagndstico de materiais biolégicos por
espectrometria de massas. 2018. 80 f. Dissertacdo (Doutorado em Ciéncias na area de Quimica

Analitica) — Universidade Estadual de Campinas, Campinas, 2018.

PORCARI, A. M.; ZHANG, J.; GARZA, K. Y.; RODRIGUES-PERES, R. M.; LIN, J. Q.;
YOUNG, J. H.; TIBSHIRANI, R.; NAGI, C.; PAIVA, G. R.; CARTER, S. A.; SARIAN, L. O.;
EBERLIN, M. N.; EBERLIN, L. S. Multicenter Study Using Desorption-Electrospray-
Ionization-Mass-Spectrometry Imaging for Breast-Cancer Diagnosis. Anal Chem., v. 19, n. 90,

p. 11324-11332, 2018.

PRAT, A.; PINEDA, E.; ADAMO, B.; GALVAN, P.; FERNANDEZ, A.; GABA, L.; DIEZ, M.;
VILADOT, M.; ARANCE, A.; MUNOZ, M. Clinical implications of the intrinsic molecular
subtypes of breast cancer. The Breast, v. 24, n. 6, p. 687-774, 2015.

ROBB, D.B.; COVEY, T.R.; BRUINS, A. P. Atmospheric Pressure Photoionization: An
Ionization Method for Liquid Chromatography—Mass Spectrometry. Anal. Chem., v. 15, n. 72,

57



p. 3653-3659, 2000.

SCALBERT, A.; BRENNAN, L.; FIEHN, O.; HANKEMEIER, T.; KRISTAL, B. S.; VAN
OMMEN, B.; PUJOS-GUILLOT, E.; VERHEIJ, E.; WISHART, D.; WOPEREIS, S. Mass-
spectrometry-based metabolomics: Limitations and recommendations for future progress with

particular focus on nutrition research. Metabolomics, v. 5, n. 4, p. 435458, 20009.

SHAJAHAN-HAQ, A. N.; CHEEMA M. S.; CLARKE, R. Application of Metabolomics in Drug
Resistant Breast Cancer Research. Metabolites, v. 5, n. 1, p. 100-118, 2015.

SHEA E. K. H.; KOH V. C. Y.; TAN P. H. Invasive breast cancer: Current perspectives and
emerging views. Pathol. Int., v. 5, n. 70, p. 242-252, 2020.

SILVA, C.; PERESTRELO, R.; SILVA, P.; TOMAS, H.; C MARA J. S. Breast Cancer
Metabolomics: From Analytical Platforms to Multivariate Data Analysis. A Review.

Metabolites, v. 9, n. 102, 2019.

SINGLETARY, S. E.; ALLRED, C.; ASHLEY, P.; BASSETT, L. W.; BERRY, D.; BLAND, K.
[.; BORGEN, P. I.; CLARK, G.; EDGE, S. B.; HAYES, D. F.; HUGHES, L. L.; HUTTER, R.
V.; MORROW, M.; PAGE, D. L.; RECHT, A.; THERIAULT, R. L.; THOR, A.; WEAVER, D.
L.; WIEAND, H. S.; GREENE, F. L. Revision of the American Joint Committee on Cancer
staging system for breast cancer. J. Clin. Oncol. Off J. Am. Soc. Clin. Oncol., v. 17, n. 20, p.
3628-3636.

SMITH, C. A.; OMAILLE, G.; WANT, E. J.; QIN, C.; TRAUGER, S. A.; BRANDON, T.R.;
CUSTODIO, D. E.; ABAGYAN, R.;SIUZDAK, G. METLIN: a metabolite mass spectral
database. Ther Drug Monit., v. 6, n. 27, p. 747-751, 2005.

SORLIE, T.; PEROU, C. M.; TIBSHIRANI, R.; AAS, T.; GEISLER, S.; JOHNSEN, H.;
HASTIE, T.; EISEN, M. B.; VAN DE RIJN, M.; JEFFREY, S. S.; THORSEN, T.; QUIST, H.;
MATESE, J. C.; BROWN, P. O.; BOTSTEIN, D.; LONNING, P. E.; BORRESEN-DALE, A. L.
Gene expression patterns of breast carcinomas distinguish tumor subclasses with clinical

implications. Proc. Natl. Acad. Sci. U. S. A., v. 98, n. 19, p. 10869—-10874, 2001.

58



SILVA, A. A.R.; CARDOSO, R. C.; REZENDE, L. M.; LIN, J. Q.; GUIMARAES, F.; SILVA,
G. R. P.; MURGU, M.; PRIOLLI, D. G.; EBERLIN, M. M.; TATA, A.; EBERLIN, L. S;
DERCHAIN, S. F. M.; PORCARI, A. M. Multiplatform Investigation of Plasma and Tissue
Lipid Signatures of Breast Cancer Using Mass Spectrometry Tools. Int. J. Mol. Sci., v. 10, n.
21, p. 3611-3628, 2020.

SUN, Y. S.: ZHAO, Z.; YANG, Z. N.; XU, F.; LU, H. J.; ZHU, Z. Y.; SHI, W.; JIANG, ] ;
YAO, P. P.; ZHU, H. P. Risk Factors and Preventions of Breast Cancer. Int. J. Biol. Sci., v. 11,
n. 13, p. 1387-1397, 2017.

SZYMANSKA, E.; SACCENT, E.; SMILDE, A. K.; WESTERHUIS, J.A. Double-check:
validation of diagnostic statistics for PLS-DA models in metabolomics studies. Metabolomics,

v. 8, p. 3-16,2012.

TATA, A.; GRIBBLE, A.; VENTURA, M.; GANGULY, M.; BLUEMKE, E.; GINSBERG,
H.J.; JAFFRAY, D.A.; IFA, D.R.; VITKIN, A.; ZARRINE-AFSAR, A. Wide-field tissue
polarimetry allows e _cient localized mass spectrometry imaging of biological tissues. Chem.

Sci., v. 7, p.2162-2169, 2016.

WANG, Y.; LIU, S.; HU, Y.; LI, P.; WAN, J. Current state of the art of mass spectrometry-
based metabolomics studies - a review focusing on wide coverage, high throughput and easy

identification. RSC Advances, v. 5, n. 96, p. 78728-78737, 2015.

WEIL S.; LIU, L.; ZHANG, J.; BOWERS, J.; GOWDA, G.A.; SEEGER, H.; FEHM, T.;
NEUBAUER, H. J.; VOGEL, U.; CLARE, S. E.; RAFTERY, D. Metabolomics Approach for

Predicting Response to Neoadjuvant Chemotherapy for Breast Cancer. Mol. Oncol., v. 7, n. 3, p.

297-307, 2013.

WEITZEL, K. Bond-Dissociation Energies of Cations — Pushing the Limits to Quantum State
Resolution. Mass Spectrom. Rev., v. 2, n. 30, p. 221-235, 2011.

WISHART, D. S.; TZUR, D.; KNOX, C.; EISNER, R.; GUO, A. C.; YOUNG, N.; CHENG, D.;
JEWELL, K.; ARNDT, D.; SAWHNEY, S.; FUNG, C.; NIKOLAI L.; LEWIS, M.;
COUTOULY, M. A.; FORSYTHE, L.; TANG, P.; SHRIVASTAVA, S.; JERONCIC, K.;

59



STOTHARD, P.; AMEGBEY, G. HMDB: the Human Metabolome Database. Nucleic Acids
Res., v. 35, p. 521-526, 2007.

WOODWARD, W. A.; STROM, E. A.; TUCKER, S. L.; MCNEESE, M. D.; PERKINS, G. H;
SCHECHTER, N. R.; SINGLETARY, S. E.; THERIAULT, R. L.; HORTOBAGYI, G. N.;
HUNT, K. K.; BUCHHOLZ, T. A. Changes in the 2003 American Joint Committee on Cancer
staging for breast cancer dramatically affect stage-specific survival. J. Clin. Oncol., v. 17, n. 21,

p. 3244-3248, 2003.

WOOLMAN, M.; TATA, A.; BLUEMKE, E.; DARA, D.; GINSBERG, H.J.; ZARRINE-
AFSAR, A. An Assessment of the Utility of Tissue Smears in Rapid Cancer Profiling with
Desorption Electrospray lonization Mass Spectrometry (DESI-MS). J. Am. Soc. Mass
Spectrom., v. 28, n.1, p.145-153, 2017.

WU, C.; DILL, A. D.; EBERLIN, L. S.; COOKS, R. G.; IFA, D. R. Mass Spectrometry Imaging
under Ambient Conditions. Mass Spectrom. Rev., v. 3, n. 32, p. 218-243, 2013.

ZHANG, J.; FEIDER, C. L.; NAGIL C.; YU, W.; CARTER, S. A.; SULIBURK, J.; CAO, H;
EBERLIN, L. S. Detection of Metastatic Breast and Thyroid Cancer in Lymph Nodes by
Desorption Electrospray lonization Mass Spectrometry Imaging. J. Am. Soc. Mass Spectrom.,
v. 6,n. 28, p.1166-1174, 2017.

ZHANG, Q.; XU, H.; LIU, R.; GAO, P.; YANG, X.; JIN, W. A Novel Strategy for Targeted
Lipidomics Based on LC-Tandem-MS Parameters Prediction, Quantification, and Multiple
Statistical Data Mining: Evaluation of Lysophosphatidylcholines as Potential Cancer
Biomarkers. Anal. Chem., v. 91, n. 5, p. 3389-3396, 2019.

ZHANG, Q.; LIU, R.; XU, H.; YANG, X.; ZHANG, Y.; WANG, Q.; GAO, P.; B, K.; HAN, T ;
LI, Q. Multifunctional isotopic standards based steroidomics strategy: Exploration of cancer

screening model. J. Chromatogr. A, v.1614, n. 19, 2020.

60



