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RESUMO 

 

Introdução: Os carcinomas de mama (CM) são classificados em tipos especiais e não especiais, 

segundo seu padrão morfológico; e em subtipos, segundo a expressão de receptores hormonais 

(RH), HER-2 e Ki67. Essa classificação permite uma melhor alocação em diversos regimes 

terapêuticos. Análises metabolômicas por Ressonância Magnética Nuclear (RMN) e 

Espectroscopia Massas (EM) no soro e tecidos de pacientes com CM especiais e não especiais, 

de diferentes subtipos, poderiam contribuir para a compreensão das vias metabólicas envolvidas 

no diagnóstico e na resistência à quimioterapia neoadjuvante (QTNeo). Objetivos: 1) Revisão 

integrativa da literatura para identificar os principais metabólitos envolvidos na carcinogênese 

e aquisição de resistência à quimioterapia em mulheres com carcinoma de mama, por RMN e 

EM citados na literatura até o ano de 2018. 2) Correlacionar o perfil lipídico do plasma obtido 

por EM e do tecido utilizando o DESI-MSI de mulheres com CM especial e não especial; 

comparar os biomarcadores determinados por EM em mulheres com CM e grupo controle. 3) 

Determinar a acurácia de um conjunto de metabólitos identificados por RMN no soro pré-

quimioterapia na predição da resposta à QTNeo de mulheres com CM. Sujeitos e Métodos: 

Após aprovação do projeto pelo Comitê de Ética em Pesquisa da UNICAMP foram 

selecionadas amostras de tecido e soro das pacientes com CM arquivadas no Biobanco do 

CAISM-UNICAMP. Para o objetivo 2 foram selecionadas 28 amostras de tecidos e 20 de 

plasma de 24 mulheres com CM ductal especial e não especial e 22 amostras de plasma de 

mulheres sem carcinoma. A regressão logística de LASSO foi utilizada para identificar o CM. 

Para a análise não supervisionada, foi utilizado o Principal Component Analysis (PCA). Para a 

análise supervisionada através de Support Vector Machine (SVM), os dados foram divididos em 

um conjunto de treinamento e um conjunto de validação. Para o objetivo 3 foram selecionadas 

as amostras de sangue pré-tratamento de 80 mulheres com CM, submetidas à QTNeo. Todas as 

análises estatísticas foram realizadas usando o software R (v3.6.2) com o epitools para odds 

ratio (OR), funções básicas para comparação, o pacote caret package para Recursive Feature 

Elimination (RFE) e regressão logística. Normalização de dados, transformação e 

escalonamento foram realizadas usando o MetaboAnalyst 5.0. Intervalo de confiança de 95% e 

p valor <0,05 foram considerados estatisticamente significativas. Resultados: Estudo 2) O 

perfil lipídico do plasma detectado por EM e do tecido detectado por DESI-MSI puderam ser 

utilizados como métodos diagnósticos. Cada matriz teve sua assinatura molecular própria, e não 

houve interposição dessas assinaturas do plasma e do tecido na mesma paciente. Estudo 3) A 

análise por RMN não direcionada identificou e quantificou a abundância relativa de 28 

compostos, incluindo 14 aminoácidos, carnitina e outros metabólitos. Ao estudar a abundância 

sérica do conjunto desses metabólitos, houve uma diferença significativa entre as concentrações 

de Leucina e Formato. Conclusão: Estudo 2) O perfil lipídico do plasma e do tecido puderam 

ser utilizados como métodos diagnósticos. Estudo 3) Quando o método de RFE e a regressão 

logística foram acoplados ao status do marcador clínico, um painel metabolômico simples pôde 

ser usado para auxiliar no prognóstico e na previsão clínica da resposta ao QTNeo de pacientes 

com CM. 

  

Palavras-chave: Neoplasias da Mama; Espectroscopia de Ressonância Magnética; Resistência 

a Medicamentos; Metabolismo; Metabolômica não direcionada; Aprendizado de Máquina.  



 

 

ABSTRACT 

 

Introduction: Breast carcinomas (BC) are classified into special and non-special types, 

according to their morphological pattern; and in subtypes, according to the expression of 

hormone receptors (HR), HER-2 and Ki67. This classification allows a better assignment to 

different therapeutic regimens. Metabolomic analyses by Nuclear Magnetic Resonance (NMR) 

and Mass Spectroscopy (MS) in the serum and tissues of patients with special and non-special 

BC of different subtypes, could contribute to understand metabolic pathways associated with 

diagnosis and resistance to neoadjuvant chemotherapy (NACT). Objectives: 1) Integrative 

literature review to identify the main metabolites associated with carcinogenesis and acquisition 

of chemotherapy resistance in women with BC, by NMR and MS, published until the year 2018. 

2) Correlate the plasma lipid profile, obtained by MS, with the tissue profile, obtained by DESI-

MSI, in women with special and non-special BC; and compare biomarkers found by MS in 

women with BC and control group. 3) Determine the accuracy, based on a set of metabolites 

identified by NMR in pre-chemotherapy serum, to predict the response to NACT in women 

with BC. Subjects and Methods: This project was approved by the UNICAMP Research 

Ethics Committee. Tissue and serum samples from BC patients were selected at the Biobank of 

the Centro de Atenção Integral à Saúde da Mulher da Universidade Estadual de Campinas 

(CAISM-UNICAMP). For the second study, 28 tissue samples and 20 plasma samples, from 

24 women with special and non-special ductal BC subtype, and 22 plasma samples from healthy 

women were selected. LASSO logistic regression was utilized to identify the BC. Principal 

Component Analysis (PCA) was applied to unsupervised analysis. For the supervised analysis 

using a Support Vector Machine (SVM), data were divided into training and validation set. For 

the third study, pre-treatment blood samples from 80 women with BC who underwent NACT 

were selected. All statistical analyzes were performed using R software (v3.6.2) with epitools 

for odds ratio (OR), basic functions for comparison, caret package for Recursive Feature 

Elimination (RFE) and logistic regression. Data normalization, transformation and scaling were 

performed using MetaboAnalyst 5.0. The confidence interval used was 95% and p-value <0.05 

were considered statistically significant. Results: Study 2) Both plasma lipid profile detected 

by MS and tissue lipid profile detected by DESI-MSI could be used as a diagnostic method. 

Each matrix had its own molecular signature, and there was no overlap of plasma and tissue 

signatures in the same patient. Study 3) Untargeted NMR analysis identified and quantified the 

relative abundance of 28 compounds, including 14 amino acids, carnitine and other metabolites. 

The serum abundance of the metabolites set presented significant difference between Leucine 

and Formate concentrations. Conclusion: Study 2) Both plasma and tissue lipid profile could 

be used as a diagnostic method. Study 3) When the RFE method and logistic regression were 

combined to clinical marker status, a simple metabolomic panel could aid in prognosis and 

clinical prediction of NACT response in BC patients. 

 

 

Key-words: Breast Neoplasms; Magnetic Resonance Spectroscopy; Drug Resistance; 

Metabolism; Untargeted Metabolomics; Machine Learning. 
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1. INTRODUÇÃO 

Câncer de Mama: Epidemiologia e Classificação 

 

O carcinoma de mama (CM) é um problema de saúde pública tanto em países 

desenvolvidos como em desenvolvimento. É o primeiro tipo de câncer mais comum em 

mulheres (excluindo o câncer de pele não melanoma), contabilizando 2.261.419 de novos casos 

em 2020, correspondendo a 24,5% dos cânceres em mulheres. Em 2020, foram registradas 

684.996 mortes, o que corresponde a 13,6% da mortalidade entre todos os cânceres sem 

distinção de gênero (Sung et al., 2021). No Brasil, o câncer de mama teve uma incidência de 

66.280 casos em 2020, com uma mortalidade de 17.572 em 2018 (INCA, 2020). A taxa de 

mortalidade por câncer de mama varia nas diversas regiões do mundo e se justifica pelo estádio 

ao diagnóstico, qualidade do tratamento, prevalência dos diversos subtipos e pela resposta à 

terapia (Partridge et al., 2016). O tratamento do câncer de mama inclui cirurgia, radioterapia, 

quimioterapia, hormonioterapia e terapia-alvo (Steding, 2016). 

Devido à grande heterogeneidade do carcinoma invasivo de mama, tanto do ponto 

de vista biológico e molecular quanto na morfologia e imunohistoquímica, surgiu a necessidade 

de classificação em diversos subtipos. Cada subtipo apresenta diferente prognóstico e diferente 

resposta ao tratamento sistêmico (Esserman et al., 2012). Tumores Luminais A, por exemplo, 

são caracterizados por apresentarem receptores hormonais (RH) positivos, incluindo receptores 

de estrógeno (RE) e alta expressão dos receptores de progesterona (RP). A expressão do 

receptor do fator de crescimento epidermal humano 2 (HER-2) é ausente e possui baixa taxa de 

proliferação (Ki67 < 20%). Além disso, respondem à terapia hormonal, apresentam uma 

sobrevida muito melhor do que mulheres com carcinoma de mama triplo negativo (RE e RP 

não expressos e HER-2 negativo). Por outro lado, tumores Luminais ou não Luminais que 

expressam HER-2 se beneficiarão com terapia alvo, Trastuzumab e Pertuzumab (Cancello et 

al., 2013). E por fim, a expressão do Ki67, embora não consensual, pode ser um marcador de 

melhor resposta à quimioterapia (Cheang et al., 2009; Goldhirsch et al., 2011). 

Os receptores hormonais estão presentes em cerca de 70% dos carcinomas de 

mama, representando os tumores luminais (Parker et al., 2009; Wang et al., 2011; Morrison et 

al., 2012). Apesar dos grandes esforços e novidades em relação ao tratamento do câncer de 

mama, um grande número de mulheres evoluiu com metástases após a terapia sistêmica. A 
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resistência a drogas é um desafio clínico permanente que mobiliza muitos pesquisadores na 

tentativa de encontrar novas drogas e novos marcadores associados a maior tempo livre de 

progressão e menor mortalidade. A resistência à quimioterapia pode ser inerente ao tumor ou 

adquirida por mutações consecutivas (Yardley, 2013). É interessante observar que mulheres 

que tiveram uma boa resposta à quimioterapia sistêmica de primeira linha, quando evoluem 

com metástases, mesmo modificando as drogas incluídas nos esquemas terapêuticos, progridem 

rapidamente (Jeselsohn et al., 2015). 

 

Perfil Metabólico e o Câncer  

 

Por outro lado, para o surgimento do câncer é necessário um acúmulo de fatores 

que, em conjunto, contribuem para uma evolução clonal. Esses fatores poderiam ser agrupados 

em duas grandes categorias: ativação de proto-oncogenes (MYC, RAS, e/ou via do PI3K-AKT-

mTOR, entre outros) que estimulam a proliferação celular e; mutação/inativação de genes 

supressores de tumor envolvidos na supressão de crescimento (RB, TP53), no controle do ciclo 

celular (CHEK2), reparo do DNA (BRCA1/2), ou sinalização de restrição de proliferação 

(PTEN). Quando essas alterações estão presentes nas células germinativas, o indivíduo afetado 

tem maior predisposição ao câncer. Entretanto, além dessas alterações genéticas, é necessária 

uma reprogramação metabólica das células cancerosas e do estroma adjacente. O modelo 

biológico atual da carcinogênese e resistência a drogas considera várias vias como proliferação 

celular, evasão dos mecanismos envolvidos na supressão de crescimento celular, resistência à 

morte celular, instabilidade genômica e mutações. Além disso, a replicação de células 

imortalizadas, a indução da angiogênese, ativação da invasão e de metástases, inflamação 

promovida pelo tumor e escape do sistema imunológico, são elementos que atribuem à 

reprogramação do metabolismo energético um papel preponderante (Hanahan et al., 2011; 

Hanahan, 2014). 

A avaliação das vias metabólicas permite uma maior compreensão dos modelos 

bioenergéticos das células tumorais. O perfil metabólico das células do câncer de mama é 

diferente do das células epiteliais mamárias normais, assim como o perfil metabólico das células 

do câncer de mama sensíveis a drogas é diferente do das resistentes (Shajahan-Haq et al., 2015). 

As células humanas normais utilizam a glicose como fonte de energia na presença de oxigênio. 

A glicose metabolizada no citosol resulta na produção de piruvato que, após entrar na 

mitocôndria, onde é oxidado pelo ciclo de Krebs, culmina na geração de adenosina tri-fosfato 
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(ATP), principal fonte de armazenamento da energia celular. Entretanto, nas células cancerosas, 

mesmo em condições aeróbicas, a maior parte do piruvato é desviada da mitocôndria e, sob a 

ação da desidrogenase lática (LDH/LDHA), gera lactato, processo tipicamente reservado para 

ambientes com pouco oxigênio. A produção de lactato na presença de oxigênio é denominada 

“efeito Warburg” ou glicólise aeróbica (Warburg et al., 1927; Penkert et al., 2016). De fato, 

observa-se que muitos cânceres humanos possuem um aumento da absorção e utilização da 

glicose (Penkert et al., 2016). Esse consumo aumentado de glicose está associado com ativação 

de oncogenes (RAS e MYC) interferindo assim na proliferação e, mutação de genes supressores 

(TP53), na inativação da supressão do crescimento e atenuação da apoptose. Durante o 

crescimento neoplásico ocorre uma progressiva hipóxia resultante da ineficiência da 

neovascularização, levando a expressão de múltiplas enzimas relacionadas com a via glicolítica 

(Hanahan et al., 2011). Além de fornecer energia e biomoléculas para as células cancerosas, o 

desvio glicolítico contribui para a comunicação célula a célula e assim, reforça a hipótese de 

uma simbiose entre as células cancerosas e o estroma adjacente (microambiente tumoral). No 

câncer, o lactato funciona como fonte de energia e de sinalização molecular, mimetizando 

mecanismos fisiológicos de alta performance anaeróbia. A complexidade do microambiente 

tumoral assim como as interconexões entre diferentes tipos de células dificultam a compreensão 

do circuito do lactato nos tumores (Marchiq et al., 2016).  

 

O Papel da Metabolômica no Câncer 

  

A metabolômica surgiu como um método baseado na espectroscopia de 

Ressonância Magnética Nuclear (RMN), com o objetivo de aumentar e complementar as 

informações obtidas pela genômica (medição semiquantitativa da expressão) e pela proteômica 

(medição semiquantitativa de proteínas celulares) no estudo da resposta de sistemas vivos a 

processos fisiopatológicos, com a vantagem de que a metabolômica trabalha com a detecção, 

identificação e quantificação de mudanças metabólicas em um sistema biológico integrado, 

através da análise do metaboloma, ou seja, o conjunto de todos os metabólitos (moléculas 

pequenas) presentes em uma amostra biológica (Nicholson et al., 1999). Este conceito surgiu a 

partir de estudos da composição metabólica de biofluidos, tecidos e células por RMN de 1H e 

técnicas de reconhecimento de padrão e conhecimento do processo de homeostase. As 

alterações na composição dos metabólitos endógenos envolvidos em rotas celulares importantes 

causadas por doenças, drogas ou toxinas possuem um impacto direto. Outrossim, uma vez que 
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esses metabólitos estão em equilíbrio dinâmico com as células e tecidos internos, o ajuste 

metabólico é necessário para manter o ambiente interno constante (Lindon et al., 2000; Lindon 

et al., 2003). 

 

Atuais Abordagens Metabolômicas  

 

A metabolômica utiliza essencialmente duas abordagens: uma direcionada 

(targeted) e outra não direcionada (untargeted). A metabolômica targeted objetiva identificar 

uma via ou um metabólito de interesse, baseado no conhecimento prévio do envolvimento de 

determinada via ou metabólito na composição do metaboloma da amostra investigada. Já a 

abordagem untargeted procura identificar e quantificar o maior número possível de metabólitos 

em uma amostra e esta foi a abordagem utilizada neste estudo. Dentre as principais técnicas 

empregadas em estudos metabolômicos, estão a Espectrometria de Massas (EM) que pode estar 

acoplada a técnicas de separação como a cromatografia líquida (CL-EM) ou gasosa (CG-EM), 

assim como a RMN já citada anteriormente (Peterson et al., 2016). A RMN apresenta como 

principais vantagens ser altamente reprodutível, quantitativa, custo relativamente baixo, e 

fornece informações estruturais que permitem a identificação acurada do metabólito. Trata-se 

de uma técnica não destrutiva e que não necessita de tratamentos físicos ou químicos 

antecedentes à análise, evitando perda de alguns metabólitos e permite a utilização da amostra 

para outros fins. Além disso, não utiliza radiação ionizante, conferindo grande vantagem para 

aplicações em amostras sensíveis ou em organismos vivos (Dettmer et al., 2007; Lindon et al., 

2007).  

A abordagem metabolômica por RMN é o estudo quantitativo de processos 

metabólicos em sistemas biológicos baseado em dados e análise estatística multivariada. Os 

dados bioquímicos obtidos e interpretados utilizando essa abordagem fornecem uma 

perspectiva mais abrangente dos processos patológicos do que aquela obtida com base em 

marcadores biológicos isolados. A metabolômica vem contribuir no diagnóstico ou tratamento 

do câncer de mama como ensaio composto ou derivado de medidas moleculares e interpretadas 

por modelos computacionais específicos de maneira a produzir um resultado clinicamente 

relevante: um teste baseado em metabolômica deverá estar associado com fenótipo de interesse, 

tais como os diferentes subtipos de carcinoma de mama, evolução clínica ou avaliação pré-

clínica da terapêutica a ser utilizada (Marchiq et al., 2016).  
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A EM é uma técnica bastante apropriada para a análise metabolômica, por ser 

rápida, sensível e fornecer informações estruturais sobre as moléculas de interesse. É uma 

técnica analítica que utiliza campos elétricos e/ou magnéticos para controlar as trajetórias de 

íons em fase gasosa e assim obter sua razão massa/carga (m/z), no vácuo, para diferenciá-los 

(Badu-Tawiah et al., 2013). A hifenização a outras técnicas analíticas de separação como a 

cromatografia líquida (CL), cromatografia gasosa (CG) e eletroforese capilar também fornecem 

uma dimensão ortogonal à medida da razão m/z, podendo auxiliar na identificação e 

caracterização de metabólitos, sendo bastante empregada para este fim (Gowda et al., 2014). 

Um conjunto específico de técnicas de EM, chamada de espectrometria de massas ambiente 

(Germano et al., 2009), consiste em técnicas que se baseiam na análise direta de amostras, com 

pouco ou nenhum preparo das mesmas, em ambiente aberto, livre de vácuo. A principal 

representante deste grupo é a técnica de DESI-MS (Desorption Electrospray Ionization – Mass 

Spectrometry) (Shajahan-Haq et al., 2015), onde um jato de solvente carregado com potencial 

elétrico é direcionado à superfície da amostra intacta. Esse solvente carregado é capaz de 

dessorver as moléculas da superfície, bem como ionizá-las, permitindo sua detecção pelo 

espectrômetro de massas. DESI-MS vem sendo aplicado com sucesso na análise de um 

subconjunto metabolômico: o perfil lipídico. Estas análises são aplicadas em tecidos animais 

(Denkert et al., 2012; Mishra et al., 2015; Hart et al., 2017), colônias de bactérias (Scalbert et 

al., 2009), tecidos vegetais (Scalbert et al., 2009; Clendinen et al., 2017), entre outros 

(Gorrochategui et al., 2016). Ao monitorar o perfil químico de uma superfície em conjunto com 

sua informação espacial (coordenadas x e y), é possível gerar imagens químicas das amostras 

analisadas, observando as diferentes composições de íons nas diferentes regiões da amostra. 

Este tipo de análise, aliada à análise histopatológica, foi empregada com sucesso para 

determinação e classificação de gliomas, incluindo oligodendroglioma, astrocitoma, e 

oligoastrocitoma, de diferentes graus histológicos e contendo diferentes concentrações de 

células tumorais em ambiente intraoperatório (Badu-Tawiah et al., 2013). Outros tipos de 

tecidos foram investigados utilizando a abordagem de MSI (Mass Spectrometry Imaging) 

(Gowda et al., 2014), como é o caso da análise de tumores de próstata (Wei et al., 2013), placas 

arteroescleróticas (Jove et al., 2017), cristalino dos olhos (Porcari et al., 2018), tumores de rins 

(Porcari et al., 2018), e tumor de bexiga (Bemis et al., 2015). 
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Metabolômica e o Câncer de Mama 

Para identificar e compreender os vários estudos publicados para embasar esta tese, 

publicamos uma revisão da literatura incluindo experimentos in vitro e in vivo referentes a 

diagnóstico e quimiorresistência do câncer de mama (Cardoso et al., 2018). Essa revisão, que 

inclui artigos publicados sobre o tema e compõem o primeiro artigo desta tese avaliou como as 

abordagens metabolômicas recentes contribuíram para a compreensão da relação entre o câncer 

de mama, carcinogênese e a aquisição de resistência ao tratamento. Focamos nas vantagens e 

desafios do tratamento do câncer e no uso de novas estratégias no atendimento clínico, o que 

nos ajuda a compreender a resistência aos medicamentos e prever as respostas ao tratamento. 

Identificamos que poucos estudos incluíam a utilização da técnica direcionada de EM em 

complementaridade com as técnicas RMN não direcionada o que motivou a realização de dois 

estudos complementares com objetivos de diagnóstico de câncer de mama em plasma e soro e 

identificação de quimiorresistência em mulheres com câncer de mama. Acreditamos que a 

utilização dessas duas técnicas, em amostras de mulheres brasileiras com câncer de mama, irá 

trazer novos conhecimentos na detecção de biomarcadores por meio da abordagem 

metabolômica.   
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2. OBJETIVOS 

2.1. Objetivo Geral 

Avaliar a acurácia da metabolômica por Ressonância Magnética Nuclear e/ou da 

Espectrometria de Massas no diagnóstico de carcinoma de mama e dos seus diferentes subtipos, 

assim como na predição de quimiorresistência.  

 

2.2. Objetivos Específicos 

●  1: Identificar os principais metabólitos envolvidos na carcinogênese e aquisição de 

resistência à quimioterapia em mulheres com carcinoma de mama, por RMN e EM 

citados na literatura.   

●  2: Correlacionar o perfil lipídico do plasma obtido por CL-EM com aquele 

encontrado no tecido utilizando a abordagem de DESI-MSI (Desorption Electrospray 

Ionization-Mass Spectrometry Imaging) de mulheres com carcinoma de mama 

especial e não especial e comparar os marcadores plasmáticos determinados por CL-

EM em mulheres com e sem carcinoma mama. 

●  3: Quantificar por RMN os principais metabólitos encontrados no soro de mulheres 

com carcinoma de mama coletado antes da Quimioterapia Neoadjuvante (QTNeo) 

associados ou não à expressão dos receptores hormonais; identificar metabólitos 

associados a quimiorresistência e avaliar a acurácia de diversos modelos incluindo os 

metabólitos e os marcadores imunohistoquímicos (RH, HER-2 e Ki67) como modelo 

preditivo de quimiorresistência. 

Cada objetivo específico será apresentado na forma de um artigo.
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3. MATERIAIS, SUJEITOS E MÉTODOS 

A Metodologia será explicada conforme cada objetivo específico. 

3.1. Desenho do Estudo 

Trata-se de 1) Revisão da literatura, 2) Estudo de corte transversal de mulheres com 

carcinoma de mama submetidas a biópsia e cirurgia up-front e 3) Coorte prospectiva de 

mulheres com carcinoma de mama submetidas à QTNeo. 

3.2. Tamanho Amostral 

Para os estudos: 

 1) A seleção dos artigos para a revisão integrativa da literatura foi feita a partir do 

levantamento da bibliografia em língua inglesa considerando-se as palavras-chaves: 

“Metabolomic”, “Breast Cancer” e “Drug Resistance”. Foram integrados todos os artigos 

originais publicados entre os anos de 2011 e 2017.  

2) Estudo piloto que incluiu 28 amostras de tecidos e 20 amostras de plasma, de 24 

mulheres com carcinoma de mama ductal de subtipos especial e não especial, e 22 amostras de 

plasma de mulheres saudáveis.  

3) Estudo de coorte que incluiu 80 mulheres com diferentes subtipos de CM 

submetidas à QTNeo.  
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3.3. Seleção dos sujeitos e coleta de tecido 

Para os estudos 2 e 3: 

Foram realizadas as coletas de amostras de tecido e sangue seguindo o protocolo do 

Biobanco. Todas as mulheres com carcinoma de mama atendidas no Centro de Atenção Integral 

à Saúde da Mulher (CAISM), Hospital Prof. Dr. José Aristodemo Pinotti, da Universidade 

Estadual de Campinas (UNICAMP), foram submetidas à biópsia para retirada de amostra de 

tecido sob visão ultrassonográfica para fins de diagnóstico. Uma amostra foi armazenada no 

Biobanco. Para as que aceitaram o convite, o Termo de Consentimento Livre e Esclarecido 

(TCLE) foi lido, explicado e assinado. Após coleta, o material biológico foi arquivado no 

Biobanco do CAISM (CONEP B-056), como parte da rotina estabelecida no hospital. O 

Biobanco localiza-se no Laboratório de Patologia Especializada – LAPE – CAISM/UNICAMP, 

sob cuidados do patologista responsável (autorização para desenvolvimento do projeto: 

ANEXO I). 

As mulheres com carcinoma de mama incluídas nestes estudos foram mulheres que 

ainda não haviam recebido nenhum tratamento e mulheres submetidas à QTNeo e cirurgia 

seguindo o protocolo do serviço. Após o tratamento, as mulheres foram acompanhadas nos 

ambulatórios do CAISM. 

3.3.1. Critérios de inclusão 

Foram incluídas em uma amostra de conveniência tecidos e sangue de mulheres 

com diagnóstico de carcinoma de mama invasivo, e sangue de mulheres com carcinoma de 

mama submetidas à QTNeo com tecido adequado para estudos histopatológico e 

imunohistoquímico, atendidas no período de janeiro 2017 a janeiro 2019. 
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3.3.2. Critérios de exclusão  

Foram excluídas mulheres com antecedente pessoal de carcinoma de mama ou de 

quimioterapia por outra neoplasia e gestantes. Todas as mulheres que optaram por serem 

reconsentidas no momento da assinatura do TCLE. 

3.3.3. Critérios de descontinuação  

Para o estudo realizado em mulheres submetidas à QTNeo, foram excluídas durante 

o estudo as pacientes que iniciaram a quimioterapia e evoluíram para óbito antes da cirurgia ou 

não puderam ser operadas. 

3.4. Aspectos éticos 

Todas as mulheres incluídas nestes estudos aceitaram participar e coletar material 

para o Biobanco do CAISM (CONEP B-056), com o TCLE assinado. Adicionalmente, o 

material armazenado nesse Biobanco só pôde ser utilizado para esta pesquisa após análise e 

autorização pelo Comitê de Ética em Pesquisa (CEP) da Pró-Reitoria de Pesquisa da 

UNICAMP CAAE n° 69699717.0.0000.5404 sob Número do Parecer: 2.203.692 em 06 de 

Agosto de 2017, CEP-UNICAMP com emenda em 08 de Novembro de 2018 sob Número do 

Parecer: 3.008.079 (ANEXO 1 E 2). As mulheres do grupo controle também assinaram o TCLE 

antes de serem incluídas no estudo aprovado pelo CEP-Universidade São Francisco (CAAE # 

25222619.4.0000.5514, 13/12/2019, CEP-USF) (ANEXO 3). O estudo seguiu as 

recomendações do Guiding Medical Doctors in Biomedical Research Involving Human 

Subjects, da declaração de Helsinque (Declaração de Helsinque III, 1997) e da resolução 

441/2012 do Conselho Nacional de Saúde. 
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3.5. Variáveis clínicas e patológicas: 

Os dados clínicos e do tumor foram obtidos pelo prontuário das mulheres. Foram 

avaliados: idade, estado menopausal, utilização de terapia hormonal pregressa, raça 

autodeclarada, idade da menarca, uso de terapia de reposição hormonal, número de gestações, 

partos e abortos, lactação, tabagismo, alcoolismo, índice de massa corpórea, hipertensão, 

diabetes, hipotiroidismo, história familiar de câncer de mama e/ou ovário. Em relação à doença, 

foram avaliados: grau histológico de Nottingham, receptores hormonais, HER-2, Ki67, 

tamanho do tumor clínico, linfonodos axilares, metástases, tipo e subtipo histológico. 

A resposta patológica foi baseada na ferramenta online “Breast Cancer Residual 

Cancer Burden Calculator – MD Anderson Cancer Center”, para avaliação de doença residual 

pós QTNeo, classificado em quatro categorias: Resposta Patológica Completa (pCR); RCB-I 

(doença residual mínima); RCB-II (doença residual moderada) e RCB-III (doença residual 

extensa) (Symmans et al., 2007; Bossuyt et al., 2015). 

3.6. Técnicas para análises Metabolômicas 

3.6.1. Espectrometria de Massas direcionada (EM) 

Preparação de Amostra de Plasma e Tecido 

Antes de serem extraídas, as amostras de plasma foram divididas em alíquotas 

(5μL) para formar um pool de amostra e posteriormente redistribuídas em amostras de controle 

de qualidade (CQ). Um grupo de 10 amostras de CQ foi usado para estabilizar o método no 

momento da análise e uma amostra de CQ foi injetada a cada dez amostras para correção 

adicional de variações instrumentais durante a análise. Novas alíquotas (75µL) de cada amostra 

foram colocadas individualmente em um microtubo. Metanol gelado (150µL) contendo padrão 

interno (uma mistura de aminoácidos marcados isotopicamente e acilcarnitinas, NSK-A e NSK-

B, Cambridge Isotope Laboratories, diluído em metanol 1:200, v/v, de acordo com as 

instruções do fabricante) foi usado para precipitação de proteínas. As amostras foram agitadas 
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(10 segundos), submetidas à uma mesa agitadora (10 minutos) e centrifugadas (13.000 RPM, à 

4°C, 15 minutos). O sobrenadante (75µL) foi transferido para outro microtubo, seco sob N2 e 

mantido à −20ºC até o momento da análise. As amostras foram ressuspendidas em 150µL de 

solução de acetonitrila (ACN) (ACN: H2O, 1:1 v/v), colocadas em frasco de vidro e submetidas 

à análise por injeção em fluxo (FIA) com detecção por Espectrometria de Massas. 

Análise de Injeção de Fluxo-EM (FIA-MS) 

Para a análise FIA-MS, foi usado um sistema Xevo TQD (Waters) operando no 

modo de monitoramento de reação múltipla (MRM). Um HPLC Sil 20A (Shimadzu) foi usado 

para injeção de amostra. Foi usada a fase móvel isocrática (H2O: ACN: ácido fórmico, 80: 20: 

0,1 v/v/v). O gradiente de fluxo iniciou em 0,01mL min-1 até 0,5 min e foi mantido em 0,5mL 

min-1 de 0,51 a 3,5 min, e então voltou a 0,01mL min-1 até 4 min. Utilizou-se a fonte de 

ionização por eletrospray, operando com os seguintes parâmetros: voltagem capilar de 3,0 kV, 

voltagem do cone de extração de 3,00 V, temperatura da fonte de 150ºC, temperatura de 

dessolvatação de 500ºC e vazão de 850L h-1 do gás de dessolvatação. A energia de colisão e a 

voltagem do cone para os canais MRM foram otimizadas com base nos compostos para os quais 

os padrões estavam disponíveis, e de acordo com sua similaridade química para aqueles sem 

padrão disponível. O software TargetLynx (Waters) foi usado para processamento de dados e 

calibração. As áreas de pico obtidas após a integração foram exportadas para um arquivo de 

planilha Excel® (Microsoft, Redmond, EUA). Além disso, o conjunto de dados foi submetido 

a análise estatística. 

3.7. Ressonância Magnética Nuclear (RMN) 

Preparação de Amostra de Soro 

As amostras de soro foram descongeladas até atingirem temperatura ambiente antes 

da análise. Ao soro (400µL) foram adicionados 200µL de água deuterada D2O (0.03% de TSP) 



30 

 

sendo esta solução, gentilmente misturada, e transferida para o tubo de 5 mm RMN (Norell® 

Standard Series TM 5 mm, Sigma-Aldrich®) para aquisição espectral.  

3.7.1. Aquisição dos espectros de 1H-RMN 

A análise metabolômica foi realizada por meio da Espectroscopia de Ressonância 

Magnética Nuclear. Os espectros foram adquiridos no Laboratório Nacional de Biociências 

(LNBio), integrante do Centro Nacional de Pesquisa em Energia e Materiais (CNPEM), 

Campinas – Brasil, utilizando-se um espectrômetro INOVA® (Agilent Technologies® Inc., 

Santa Clara, EUA) equipado com sonda criogênica de tripla ressonância e operando a uma 

frequência de ressonância de 1H a 599.887 MHz. As aquisições foram conduzidas utilizando 

sequência de pulso 1D CPMG (Carr – Purcell – Meiboom – Gill) otimizada para supressão do 

sinal da água. Os espectros foram adquiridos com 128 repetições, número de pontos igual a 38k 

e largura de varredura espectral de 16 ppm; tempo de aquisição de 4 segundos; e tempo de 

espera de 4 segundos; a filtragem T2 teve tempo de eco de 300μs repetido 166 vezes, sendo que 

a duração total de tempo de eco efetivo foi de 50 ms.  

Os metabólitos foram processados utilizando-se o software Chenomx® NMR Suite 

versão 8.1 (Chenomx Inc™, Edmonton, AB, Canada). O módulo “Processor” deste software 

foi usado para ajustar a fase, e a correção de linha base. Uma função de “line-broadening” de 

0,5 Hz foi aplicada aos espectros e a região de sinal da água foi retirada. Os espectros foram 

individualmente transferidos para o módulo “Profiling” para a identificação dos metabólitos de 

acordo com a base de dados do Chenomx e levando em consideração os deslocamentos 

químicos, multiplicidades e constantes de acoplamentos específicos para cada metabólito, os 

quais foram posteriormente exportados para o Excel® e normalizados. 

3.8. Coleta de dados  

A coleta do material biológico de mulheres com carcinoma de mama para o 

Biobanco do CAISM-UNICAMP (CONEP B-056) é uma rotina estabelecida no hospital. Deste 

modo, neste projeto de pesquisa, a pesquisadora utilizou apenas as amostras armazenadas no 

Biobanco após as mulheres terem aceitado ceder o material de origem biológica do componente 
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sólido do sangue, (soro e plasma) e assinarem o TCLE do Biobanco do CAISM-UNICAMP 

(CONEP B-056) durante a realização da pesquisa. Não foi realizada nenhuma coleta adicional.  

A coleta do material biológico das mulheres com carcinoma de mama foi realizada 

no momento da consulta como caso novo ou retorno. Foram coletados 2 tubos de amostra de 

sangue pelas enfermeiras do Ambulatório de Mama, no Ambulatório de Oncologia Clínica ou 

Unidade de Internação de Oncologia Clínica e Cirúrgica do CAISM-UNICAMP: um tubo de 

EDTA e um tubo seco. Para armazenamento e processamento do material biológico no 

Biobanco, a amostra foi encaminhada ao LAPE (CAISM-UNICAMP), aos cuidados do 

patologista responsável. A indicação do tratamento foi realizada de acordo com protocolo 

assistencial do serviço e esse projeto não interferiu na conduta clínica. A busca de reações 

adversas em mulheres submetidas a quimioterapia com Adriamicina e Taxol, foram 

investigadas durante a realização da quimioterapia e por prontuário médico. 

3.9. Processamento e análise dos dados 

Os dados coletados utilizando-se o prontuário online das mulheres selecionadas, 

associados aos dados dos resultados da revisão histopatológica dos diagnósticos e dos exames 

metabolômicos foram compilados numa planilha de dados de Excel®.  

Para a análise dos dados obtidos por EM, foram extraídos do tecido as áreas de 

interesse das imagens de íons usando o software MSiReader (Bokhart et al., 2018). O pré-

processamento dos dados foi realizado de acordo com Porcari et al., 2018. O modelo de 

regressão logística gerado anteriormente com regularização LASSO foi usado para prever 

amostras de tecido de acordo com a presença de carcinoma de mama, status do RE e status do 

RP. Para análise de plasma, a lista de cromatogramas de íons extraídos por tempo de retenção 

foi enviada para a plataforma web MetaboAnalyst (http://www.metaboanalyst.ca). Os dados 

foram normalizados por soma e escalonados automaticamente. Os íons detectados em pelo 

menos 10% das amostras foram retidos para análise. Comparações foram realizadas do caso 

contra os grupos de controle. Para a análise não supervisionada, foi utilizada a Principal 

Component Analysis (PCA). Para a análise supervisionada por meio de Support Vector Machine 

(SVM), os dados foram divididos em um conjunto de treinamento (70% das amostras) e um 

conjunto de validação (30% das amostras). O conjunto de treinamento foi composto por plasma 

de 14 mulheres com carcinoma de mama e pelo plasma de 15 mulheres saudáveis, enquanto o 
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conjunto de validação foi composto por plasma de 6 mulheres com carcinoma de mama e 7 

mulheres saudáveis. Foi utilizado o módulo de análise de biomarcador fornecido pela 

plataforma web MetaboAnalyst e os dados carregados na forma de uma tabela contendo a lista 

de cromatogramas de íons extraídos por tempo de retenção e o rótulo do grupo para 70% das 

amostras. Trinta por cento das amostras não tinham rótulo de grupo (amostras de teste). Os 

mesmos parâmetros usados para PCA foram escolhidos para filtragem, normalização e 

escalonamento dos dados. O método de classificação foi SVM linear, enquanto o método de 

classificação de recurso selecionado foi SVM integrado. Para avaliar o conjunto de teste, os 10 

principais recursos com maior área sob o valor da curva ROC (Receiver Operating 

Characteristic) foram selecionados para compor o modelo SVM final, que foi usado para 

classificar e fornecer a probabilidade média de classificação correta para cada amostra de teste. 

Para investigar se os biomarcadores validados como discriminatórios para análise de tecido 

também poderiam ser preditivos no plasma, os biomarcadores de tecido detectados no plasma 

foram usados para construir um modelo de PCA. Dessa forma, avaliou-se seu poder 

discriminatório em relação às amostras de plasma dos grupos caso e controle. 

Para análise dos dados obtidos por RMN, todos os cálculos estatísticos foram 

realizados usando o R Project for Statistical Computing (v3.6.2) usando o pacote de epitools 

para cálculo de odds ratio (OR) (Brown et al., 2001). As funções “básicas” de R foram usadas 

para comparação de média, usando o teste de Mann-Whitney-Wilcoxon ou o teste t em função 

de ser uma distribuição normal comprovada com o teste de Shapiro. O pacote caret foi usado 

para regressão logística e para aplicar a Recursive Feature Elimination (RFE) (Kuhn, 2021). A 

normalização, transformação e escalonamento dos dados foram realizados usando o 

Metabonalyst 5.0 (Pang et al., 2021). Um modelo de regressão logística foi construído com o 

objetivo de classificar mulheres sensíveis e resistentes com base em seu painel de metabólitos 

determinado por RMN e as informações clínicas relacionadas aos status de RH, Ki67 e HER-

2. O RFE foi aplicado para eliminação contínua de características (ou seja, metabólitos ou 

marcadores moleculares) com baixa contribuição para o modelo (Guyon et al., 2002; Guan et 

al., 2009; Sheng et al., 2020). A tabela de dados foi normalizada por soma, e as variáveis com 

valores quase constantes foram detectadas e removidas usando a filtragem de intervalo 

interquartil. Os modelos foram construídos com base em um conjunto de treinamento composto 

por 75% dos dados. Para avaliar o desempenho dos modelos, realizamos a Leave-One-Out 

Cross-Validation (LOOCV). A área sob a curva da curva ROC para as características 

selecionadas também foi usada para avaliar seu poder de predição. Um conjunto de validação 
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compreendendo 25% dos dados também foi usado para avaliação de desempenho de 

sensibilidade, especificidade e precisão (Murata et al.,2019). Por meio da plataforma web 

MetaboAnalyst™, utilizamos a Biblioteca KEGG para enriquecimento quantitativo de um pool 

de metabólitos e as vias com um valor de p <0,05 serão discutidas posteriormente. 
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4. RESULTADOS 

Os resultados serão apresentados em forma de artigo para cada objetivo específico 

proposto respectivamente: 

4.1. Artigo 1: Publicado  

Cardoso MR, Santos JC, Ribeiro ML, Talarico MCR, Viana LR, Derchain SFM. A 

Metabolomic Approach to Predict Breast Cancer Behavior and Chemotherapy Response. Int J 

Mol Sci. 2018 Feb 21;19(2):617. doi: 10.3390/ijms19020617. PMID: 29466297. 
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Abstract: Although the classification of breast carcinomas into molecular or immunohistochemical
subtypes has contributed to a better categorization of women into different therapeutic regimens,
breast cancer nevertheless still progresses or recurs in a remarkable number of patients. Identifying
women who would benefit from chemotherapy could potentially increase treatment effectiveness,
which has important implications for long-term survival. Metabolomic analyses of fluids and tissues
from cancer patients improve our knowledge of the reprogramming of metabolic pathways involved
in resistance to chemotherapy. This review evaluates how recent metabolomic approaches have
contributed to understanding the relationship between breast cancer and the acquisition of resistance.
We focus on the advantages and challenges of cancer treatment and the use of new strategies in
clinical care, which helps us comprehend drug resistance and predict responses to treatment.

Keywords: breast cancer; drug resistance; metabolomics

1. Introduction

Breast cancer is a worldwide public health problem in both developed and developing nations.
It is the second most common cancer in women, with an estimated 1.7 million invasive breast cancer
cases and 521,900 deaths in 2012 [1]. The death rate associated with breast cancer varies in different
regions, depending on the diagnosis stage, treatment quality, prevalence of various subtypes, and
therapy effectiveness [2,3]. Breast cancer treatments include surgery, radiation therapy, chemotherapy,
hormone therapy, and targeted therapy [4–6].

The main obstacle that arises from the treatment of any cancer with chemotherapeutic drugs is the
development of resistance. Chemoresistance enables cancer cells to survive drug attack and proliferate
uncontrollably, which may lead to strong metastatic potential and disease progression [7–12]. Cancer
cells can be intrinsically resistant to first-line chemotherapeutic agents or acquire resistance during
treatment after long-term drug exposure [4,13].

Long-term survival rates related to breast cancer are directly correlated to early detection of
disease. Thus, more sensitive biomarkers capable of detecting earlier stages of disease may contribute
to the identification of molecular targets necessary for successful treatment [14]. Metabolomics has
emerged as a new approach to identify and characterize biomarkers, which analyzes metabolites
associated with disease from biofluids and tissues [15].

The metabolomic approach can be applied using techniques such as nuclear magnetic resonance
(NMR) and mass spectrometry (MS), which offer information about a large number of metabolites
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through a multivariate statistical analysis. This approach allows the comparison of metabolite levels
between healthy individuals and patients with diseases such as cancer [16,17]. Metabolomic analysis is
used for early disease diagnosis, nutritional studies, toxicity analysis, and the evaluation of drug action,
as well as studying the acquisition of resistance to chemotherapy [18]. Metabolites are final byproducts
derived from the interaction between intracellular pathways and their microenvironment [19].
It has been proposed that the evaluation of a metabolite profile might allow the understanding of
biochemical processes that occurred, or were occurring, at the time of breast cancer diagnosis [13,20,21].
Additionally, in the field of chemoresistance, developing sensitive prognostic tools is important to
characterize the patient as an individual and to customize treatment with specific strategies aimed to
maximize the drug action [22,23]. This review discusses advances in metabolomics approaches that
help understand the relationship between disease and the acquisition of resistance to treatment, with a
particular focus on breast cancer.

2. Breast Cancer Treatment According to Histological Subtype

Breast cancer is a heterogeneous disease classified into several biological, molecular, and
histological subtypes that demonstrate variable prognoses and responses to chemotherapy [24].
Genetically, it can be classified into hierarchical clusters of intrinsic subtypes that have particular
tumor characteristics and clinical evolution: basal, luminal A, luminal B, human epidermal growth
factor receptor 2 overexpressed (HER2+), and normal [25,26]. Several commercially available tests,
including prediction analysis of microarray 50 (PAM50), classify breast carcinomas into the five
intrinsic subtypes [27,28]. However, other biological methods can be used for categorization, such as
the reverse phase protein array based on the expression of 171 cancer-related proteins, which defines
the subtypes of breast cancer as basal, HER2, luminal A, and luminal A/B. Additionally, the potentially
novel protein-defined subgroups reactive I and reactive II have been identified as associated with the
expression of proteins likely found in the microenvironment and/or active cancer fibroblasts around
the carcinoma [29].

In clinical practice, the method for breast carcinoma classification is based on the immunohistochemical
assessment of estrogen (ER), progesterone receptor (PR), and Ki67, as well as reflex fluorescence in situ
hybridization of HER2 expression [30]. The luminal A subtype demonstrates strong expression of ER
and PR, does not express HER2, and has low Ki67 expression, while the luminal B subtype expresses
ER, high levels of Ki67, and may express PR. Tumors expressing ER and positive for HER2 are also
classified into this subtype [31]. Typically, luminal subtypes have a better prognosis than non-luminal
subtypes, while the luminal A subtype has a better prognosis than luminal B largely because cases of
the latter have an imprecise prognosis and poor response to treatment [32]. The luminal A subtype is
more common in older women who show a better response to hormone therapy and an intermediate
response to chemotherapy [28,33,34]. Luminal B/HER2-positive cases have the worst prognosis and a
higher incidence among young women compared with luminal B/HER2-negative cases [31,35]. The most
common treatments for patients with the luminal B subtype are endocrine therapy and chemotherapy.
Luminal B carcinomas have a poor response to tamoxifen because of drug resistance [36].

Trastuzumab, also known as humanized monoclonal antibody, is used as a treatment for
luminal B/HER2-positive tumors in early and metastatic cases [37]. It interacts with HER2 and
inhibits HER2/HER3 signaling and subsequent HER2 release [38]. Compared with other proteins
of the HER family, there are no known mutations or alterations that result in oncogenic activity to
HER3. Additionally, no transformations have been observed when HER3 is overexpressed or under
continuous ligand stimulation. HER3 appears to function as a signaling substrate and specialized
allosteric activation mechanism of other HER proteins [38,39]. Studies in HER2-positive breast
cancer indicate that ligand-independent HER2–HER3 heterodimers behave as oncogenic inductors in
trastuzumab-sensitive substrates. However, it is possible that overexpression of HER3 itself, or any of
its ligands, may result in trastuzumab sensitivity [40,41]. HER2-positive patients in advanced stages
who underwent trastuzumab treatment were shown to have an improved survival rate, but occasionally
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to experience disease progression [42]. Recently, national and international guidelines established
that neoadjuvant chemotherapy should involve a combination of taxanes with a dual blockade of
trastuzumab and pertuzumab in HER2-positive cases [43]. Pertuzumab acts by inhibiting HER2
dimerization with another HER (HER1–4) receptor. Its treatment choice is based on higher rates
of pathological complete response (pCR) with the addition of HER2-specific agents coupled with
chemotherapy, including the effects of pCR on disease-free survival and overall survival [43,44].
Lapatinib is another drug that acts on HER2 as an epidermal growth factor receptor (EGFR) and
inhibits tyrosine kinase. Combined with capecitabine, lapatinib is administered in HER2-positive
patients with advanced breast cancer [45,46].

Non-luminal tumors are characterized by non-expressing hormonal receptors and may express
HER2 [28,47]. They are more common in young women and have a worse prognosis despite an
initial good response to chemotherapy. The triple-negative breast cancer (TNBC) subtype is an
undifferentiated carcinoma that is biologically aggressive and is usually detected in its advanced stages.
Although TNBC presents with high rates of pCR after neoadjuvant chemotherapy with anthracycline
and taxanes, a high rate of recurrence is observed among patients [47]. Preclinical and clinical studies
suggest that women harboring TNBC may benefit from platinum-based chemotherapy. Randomized
trials of patients with initial or advanced TNBC showed that platinum-based chemotherapy was
generally associated with long-term survival [48–50]. Lapatinib may also be indicated as a treatment
for TNBC because of its selective EGFR targeting. Additionally, it has clinical benefits regarding
metastatic progression [46].

HER2-positive/ER- and PR-negative tumors are aggressive high-grade cancers that are usually
self-detected and often observed in younger women [51]. Target therapies with anti-HER2 (trastuzumab),
anti-HER2/HER3 (pertuzumab), or anti-HER2 and EGFR (lapatinib) can be used in these patients [36].

Although the classification of breast carcinomas into molecular or histological subtypes has
contributed to a better stratification of patients into different therapeutic techniques, breast cancer
nevertheless progresses or recurs in many women despite systemic therapy. Therefore, drug resistance
remains a critical unsolved problem [51].

3. Drug Resistance in Breast Cancer

Drug resistance is the main factor responsible for cancer-associated deaths, and brings significant
impairment to therapeutic interventions. Indeed, chemotherapy, the most common systemic treatment
of breast cancer, benefits only 50% of users because of the development of resistance to multiple
drugs [52]. For example, more than 30% of women with metastatic breast cancer do not respond to
first-line chemotherapy based on anthracyclics and taxanes, and their disease typically progresses in
less than 1 year [9]. Moreover, up to 50% of women with luminal carcinomas treated with endocrine
therapy develop hormonal resistance. However, ER-regulatory pathways that could contribute to a
hormone-resistant phenotype are still poorly understood [53].

Drug resistance may be inherent in first-line chemotherapy or hormone therapy, or the patient may
develop resistance leading to disease progression some years after the initial treatment [9]. Resistance
observed prior to treatment is innate (also known as intrinsic or de novo) and depends on the cancer
subtype and a variety of factors influencing the tumor microenvironment [54]. Acquired resistance occurs
through the growth of resistant cell clones, the type of drug used, or an accumulation of mutations in
initial sensitive cells. Acquired resistance can be ascribed to pharmacological mechanisms, increased or
decreased activity or gene expression, or changes in target molecules and other mechanisms [4].

Chemoresistance can be acquired through different molecular changes including epigenetic
modifications [55], the inhibition of DNA repair proteins [56], the deregulation of proliferative and
apoptotic pathways, metabolic alterations [57], an increase in autophagy [58], or the overexpression of
adenosine triphosphate (ATP)-binding cassette (ABC) [59] efflux transporter or breast cancer resistance
protein, which decreases intracellular drug concentrations. Breast cancer resistance protein is encoded
by the ABCG2 gene [60] and was shown to interact with other proteins responsible for drug transport
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mechanisms and chemoresistance [61]. Moreover, the interactions between tumor cells and their
surrounding stroma may affect tumor behavior and contribute to therapeutic responses [62]. Therefore,
tumor microenvironment pathway changes are also critical to treatment success. The deregulation of
chemokines and cytokines in therapy, for instance, leads to the selection of tumor cell clones associated
with chemoresistance [63]. Macrophages recruited after anti-cancer drug administration can protect
tumor cells from death and induce chemoresistance [64]. Breast tumors have an accumulation of
cancer-associated fibroblasts (CAFs), which are thought to promote chemoresistance [65]. Increasing
evidence shows that CAFs interact with breast cancer cells, resulting in diverse responses to anti-cancer
drugs, mostly through metabolic regulation or signaling pathway activation [66–68].

The presence of the specific sub-population of cells, the cancer stem cells (CSCs), is another factor
relevant to chemoresistance. CSCs are characterized by a self-renewing capacity, cell-surface marker
CD44+/CD24−/low expression, an enhanced capacity for tumor generation, and resistance to treatment
because of their quiescent behavior [69]. Some studies have shown that TNBCs exhibit an enriched
CSC population, which may favor tumor recurrence [70,71]. Accordingly, several reports recently
demonstrated that breast cancer patients treated with neoadjuvant chemotherapy had an enrichment
of CSCs and aggressive properties, which affect patient curability [72,73]. These factors together
constitute important mechanisms to explain the high rate of breast cancer recurrence through acquired
chemoresistance (Figure 1).
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Figure 1. Chemotherapy agent could promote selective pressure of cancer stem cells (CSCs) and
resistant cell clones and might increases the probability of recurrence. It may occur through
pharmacological mechanisms, epigenetic modification, inhibition of DNA repair proteins, deregulation
of proliferation and apoptotic pathways, metabolic alterations, autophagy increase, adenosine
triphosphate (ATP)-binding cassette (ABC) efflux transporters overexpression that decreases the drug
intracellular concentration. Moreover, the interactions between tumor cells and its surrounding
microenvironment enriched by fibroblasts may also contribute to response to therapy.

4. Current Metabolomic Approaches

MS and NMR are the main analytical tools employed in metabolome analyses. Biochemical
data obtained and interpreted using these approaches provide a broader perspective of pathological
processes than can be obtained from isolated biological markers. Metabolomics contributes to the
diagnosis or treatment response of breast cancer by interpreting molecular measures using specific
computational models to produce a clinically relevant result [70,74,75].

Metabolomics essentially uses targeted and untargeted approaches. Targeted metabolomics
aims to identify a pathway or a metabolite of interest, based on a previously known relationship
with a particular pathway or metabolite in the metabolome composition of an investigated sample.
The untargeted approach seeks to identify and quantify the largest number of metabolites in a
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sample. Among the main techniques used in metabolomics studies, MS can be coupled to separation
techniques such as liquid chromatography (LC-MS) or gas chromatography (GC-MS), as well as to
NMR. Although NMR is a conservative technique and less sensitive than MS, its key advantages are
that it is highly reproducible, quantitative, has a relatively low cost, and provides structural information
for the accurate identification of metabolites [76]. Additionally, NMR does not use ionizing radiation,
or require physical or chemical treatments prior to analysis, thus avoiding metabolite loss. Therefore,
NMR is particularly useful in applications involving sensitive samples or living organisms [77].

5. Metabolic Profile of Breast Cancer

Cancer development occurs when different factors contribute to clonal evolution. These factors
can be grouped into two major categories: the activation of oncogenes (e.g., MYC proto-oncogene
(MYC), RAS type GTPase family (RAS), and/or phosphatidylinositol 3-kinase (PI3K-AKT-mTOR)
pathways) that stimulate cell proliferation, and the inactivation of tumor suppressor genes involved in
growth suppression (e.g., retinoblastoma-associated (RB) and tumor protein p53 (TP53)), DNA repair
(breast cancer type 1/2 (BRCA1/2)), or proliferation-restrictive signaling (phosphatase and tensin
homolog (PTEN)) [78,79]. When these changes are present in early stage cells, the affected individual
has a high chance of developing cancer. However, in addition to these genetic alterations, the metabolic
reprogramming of cells and adjacent stroma is required for cancer development. The current biological
model of carcinogenesis and drug resistance considers various pathways, such as cell proliferation,
evasion of the mechanisms involved in suppression of cell growth, resistance to cell death, genomic
instability and mutations, replication of immortalized cells, induction of angiogenesis invasion and
metastasis capability, tumor-induced inflammation, and evasion of the immune system [79,80].

Cancer and metabolism are deeply interconnected. Changes in metabolic networks, such as those
involved in biosynthetic pathways, can greatly affect the metabolism of cancer cells [81]. Processes
such as tumor development, tissue remodeling, cell survival changes, and metastasis are responsible
for triggering these metabolic changes. Studies indicate that metabolism determines cancer evolution,
and is allied with the action of a particular drug. In other words, metabolic adaptation is influenced
by tumor microorganization [82]. The production of metabolites changes when tumor cells show
altered metabolism, which results in a signature capable of characterizing the presence or even the
behavior of the cancer. The metabolomic profile can also be altered by the surrounding stroma and
immune response, providing complementary information about the tumor development and treatment
response [83].

The metabolic profile of breast cancer cells differs from that of normal breast epithelial cells, and
the metabolic profile of drug-sensitive breast cancer cells differs from resistant ones. Therefore, the
analysis of metabolic pathways enables a better understanding of changes in metabolism that could
promote carcinogenesis [22]. Normal human cells use glucose as a source of energy in the presence
of oxygen. The glucose metabolized in the cytosol results in the production of pyruvate that enters
mitochondria, is oxidized by the Krebs cycle, and culminates in the generation of ATP, the main source
of cellular energy storage. However, even in aerobic conditions, most of the pyruvate in cancer cells
is directed away from mitochondria and, under the action of lactic dehydrogenase, results in lactate.
This process is typically observed in low oxygen environments. Lactate production in the presence of
oxygen is known as aerobic glycolysis or the “Warburg effect” [78,84–86].

Breast cancer cells have an increased absorption of glucose [78], which is associated with
activated oncogenes (RAS and MYC) and mutant tumor suppressors (TP53). These both interfere
with proliferation, the inactivation of growth suppression, and the decrease of apoptosis. During
neoplastic growth, progressive hypoxia occurs because of inefficient neovascularization leading to
the expression of multiple enzymes involved in the glycolytic pathway [79]. As well as providing
energy and biomolecules to cancer cells, glycolytic deviation contributes to cell–cell communication,
thus reinforcing the hypothesis that a symbiosis known as the tumor microenvironment exists between
cancer cells and adjacent stroma. In cancer, lactate acts as a source of energy and molecular signaling,
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mimicking physiological mechanisms of high anaerobic performance. The complexity of a tumor
microenvironment and the interconnections between different cell types make it difficult to understand
the lactate circuit [87].

Recent research aimed to identify metabolic pathway changes associated with breast carcinogenesis.
Using a large-scale methodology, Jain et al. [88] recognized that the glycine biosynthetic pathway was
highly correlated with fast proliferating breast cancer cells. They suggested that glycine consumption is
required for cancer cell proliferation, and is associated with worse prognosis in breast cancer patients.
Their findings also suggested a potential cancer biomarker and therapeutic response tracking [88].

In an in vitro analysis, Xie et al. [89] reported that aspartate levels were higher in the MCF-7
cell line than in MCF-10A cells. The low levels of aspartate found in the blood of breast cancer
patients suggested that amino acids were being consumed as part of tumor development. These results
indicated that circulating aspartate is a key metabolite characteristic of human breast cancer [89].
Another in vitro analysis of MCF-7 and MDA-MB-231 cells used NMR to identify metabolites and
quantify inositol 1,4,5-trisphosphate receptors (IP3R). This revealed the functional relevance of IP3R
in causing metabolic disorders, resulting in reduced glucose uptake in both cell lines. Metabolomic
analysis was also used to study changes in breast cancer metabolism with an emphasis on glutamine
and its transporters. Glutamine is considered one of the main amino acids involved in tumor
development. The authors used in vivo analysis to identify serum metabolites in breast cancer patient,
which showed that IP3R expression was up-regulated in many cases. An increase in lipoprotein
content and levels of metabolites such as lactate, lysine, and alanine, and a decrease in serum pyruvate
and glucose levels, were also observed in patients who presented with high IP3R levels compared with
healthy individuals [90].

In an analysis of serum from breast cancer patients and healthy controls, GC-MS was used
to obtain metabolic profiles, followed by chemometric analysis to differentiate which metabolites
showed substantial changes. Pathway analysis revealed metabolic alterations in breast cancer patients
evidencing increased glycolysis, lipogenesis, and the production of volatile organic metabolites
compared with healthy women [91]. Also comparing the metabolic profile of serum samples from
healthy women with subtype-independent breast cancer patients, Jové et al. [92] identified 1269
metabolites with different serum concentrations in both groups and 354 metabolites belonging to
aminoacyl-tRNA biosynthesis, arginine and proline metabolism, and primary bile acid biosynthesis
pathways. Caproic acid and stearamide were identified as metabolites significantly associated with
disease. Patients with early stage cancer had increased serum levels of choline, tyrosine, valine,
lactate, isoleucine, and decreased glutamate levels. However, in women with metastatic cancer,
serum glucose and glutamine levels were shown to decrease. The authors argued that differences in
oncogene expression are correlated with the metabolic profile, which may lead to disease relapse [92].
In another study, serum lipid concentrations were evaluated in women with newly diagnosed invasive
breast cancer at stages I and II. NMR was used for the metabolomic analysis of serum lipoprotein
subfractions, which revealed an association between lipoproteins and ER expression. However, an
inverse association between subfractions of high density lipoprotein and Ki67 was noted, and low
density lipoproteins were positively associated with nodal metastasis. Therefore, it was possible to
associate subfractions of lipoproteins with a characteristic of breast cancer acting on the aggressiveness
and prognosis of the tumor. These results suggested an association between different lipoprotein
subfractions and the expression of PR and Ki67 in breast tumors [93].

Through the metabolomic analysis of serum and plasma samples from two groups of patients with
primary breast cancer, Xie et al. showed that breast cancer was associated with low plasm levels
of aspartate due to higher levels of aspartate in breast cancer tissues in consequence of increased
tumor aspartate utilization [89]. Evaluating the plasma metabolism of patients with early or metastatic
breast cancer by NMR, they also observed variations in glucose, lactate, pyruvate, alanine, leucine,
isoleucine, glutamate, glutamine, lysine, glycine, threonine, tyrosine, phenylalanine, acetate, acetoacetate,
β-hydroxybutyrate, urea, creatine, and creatinine. In particular, lactate levels were inversely correlated
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with tumor size in the cohort of patients with early breast cancer. It has been suggested that tumor cells
are capable of inducing modulation of the patient’s metabolism even in early stages of the disease [94].

Fuss et al. [95] emphasized the importance of evaluating a complete metabolomic profile rather
than correlating isolated metabolites because of its greater ability to predict prognosis. They analyzed
the role of cancer metabolism using ex vivo high-resolution magic angle spinning (HR-MAS) to study
the metabolic profiles of intact breast tissue. Compared with benign tissue, levels of compounds
containing taurine and choline were elevated in breast tissue. Patients reported to be healthy up to
five years after surgery were found to have increased levels of taurine, glycerophosphocholine, and
creatine, with decreased levels of glycine and phosphocholine in their malignant tissues [95]. In an
analysis of primary tumor samples from un-treated breast cancer patients, the authors used HR-MAS
magnetic resonance spectroscopy (MRS) to identify three significant metabolic clusters: one had the
highest levels of glycerophosphocholine and phosphocholine, the second had the highest levels of
glucose, and the third had the highest levels of lactate and alanine. Interestingly, the genetic subtypes
were uniformly found among the three metabolic clusters. The metabolic clusters could contribute to
explaining the heterogeneity of breast cancer [96].

Ansari et al. [97] concluded that understanding the metabolic pathways of different breast cancer
subtypes may lead to the discovery of potential biomarkers to help in the orientation of personalized
treatments. Discrepancies among molecular classes of breast cancer are apparent for some metabolic
pathways, such as the glutamine pathway in TNBC, which has an aggressive metabolic pattern.
Although previous studies have undoubtedly shown the usefulness of the metabolomics approach,
the establishment of future validation using independent cohorts is essential to understanding the
relevance of specific metabolic biomarkers [97].

6. Metabolomic-Based Breast Cancer Chemoresistance

Recently, several in vitro, ex vivo, and in vivo studies have been performed to understand the
metabolic pathways involved in breast cancer drug resistance (Table 1). Among the major in vitro
studies, Ryu et al. [98] observed that glycolysis, as well as the production of lactates and ATP,
is associated with resistance to adriamycin in MCF-7 cells. Their results suggest that the regulation
of sulfur amino acid metabolism may be a therapeutic target for chemoresistant cells [98]. Using the
same cell line, Cao et al. [99] observed that adriamycin deaccelerated several metabolic pathways,
including purine, pyrimidine, glutathione, and glycolysis routes, as well as aggravating oxidative stress.
These findings suggest that cellular metabolomics and the quantitative measurement of metabolic
markers can be used to evaluate antitumor effects and investigate antitumor candidate agents [99].
In MCF-7 cells exposed to ascididemine, Morvan [100] observed an increase in citrate, gluconate, and
polyunsaturated fatty acids, and a decrease in glycerophosphocholine and ethanolamine associated
with severe oxidative stress in vitro. He concluded that central metabolic changes in breast cancer
cells are responses to high oxidative stress [100]. Similarly, Bayet-Robert and Morvan [101] reported
changes in glutathione and lipid metabolism as well as glucose use in MCF-7 and MDA-MB-231 cells
exposed to curcumin and docetaxel [100,101].

Comparing metabolic pathways in luminal A breast cancer cells (BT474 and MCF-7) and
triple-negative cells (MDA-MB-231 and MDA-MB-468), Stewart et al. [102] observed different metabolic
responses to paclitaxel treatment. For example, in both luminal A and triple-negative cells, choline and
its metabolites increased in the presence of paclitaxel. Moreover, choline, acetylcholine, phosphocholine,
and sn-glycero-3-phosphocholine increased under treatment in MDA-MB-468 but not MDA-MB-231 cells,
except for sn-glycero-3-phosphocholine. The myo-inositol level also increased during treatment and was
higher in luminal A cells compared with triple-negative cells. Based on these studies, it was notable that
glycolysis and glutathione pathways were deregulated when cells were treated with adriamycin and
docetaxel. This suggested that new studies should focus on these biochemical pathways to expand our
understanding of chemotherapeutic effects as well as possible mechanisms of resistance [102].
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Table 1. Studies involving metabolic pathway changes based on different treatments.

Biological Materials Approach Specific Treatment Metabolic Pathways Identified Reference

MCF-7 Immunoblot analyses Adriamycin Sulfur amino acid metabolism [98]

MCF-7 GC-MS Adriamycin Increase in glycerol metabolism and decrease in
glutathione biosynthesis. [99]

MCF-7 NMR Ascididemin
Increase in citrate, gluconate and

polyunsaturated fatty acids and decrease in
glycerophospho-choline and ethanolamine.

[100]

MCF-7
MDA-MB-231 NMR curcumin +/− docetaxel (dose- and

time-response)

Changes in glutathione metabolism, lipid
metabolism, and glucose utilization—some
biphasic changes depending on exposure.

[101]

BT474 MCF-7
MDA-MB-231
MDA-MB-468

NMR Paclitaxel

In luminal A cell lines: lactate and creatine
decreased while certain choline metabolites and
myo-inositol increased with paclitaxel. In TNBC
cell lines: glutamine, glutamate, and glutathione

increased, whereas lysine, proline, and valine
decreased in the presence of drug.

[102]

Human serum samples LC-MS Trastuzumab-placlitaxel Changes in spermidine and tryptophan. [103]

MDA-MB-231 HR-MAS NMR Tamoxifen, cisplatin and doxorubicin Changes in acetate, lactate and phosphocholine. [104]

MCF-7 UHPLC-MS Polybrominated diphenyl ethers (PBDEs) Change in the pentose phosphate pathway. [105]

Tissue samples mouse model HR-MAS Docetaxel

In docetaxel-sensitive tumors: increase in choline
metabolites. In tumors resistant to docetaxel:

metabolites derived from choline did not
increase during treatment.

[106]

Human breast tumor tissue HR-MAS
5-Fluorouracil, epirubicin,

cyclophosphamide followed by taxane
randomized to bevacizumab

Lower glucose and higher lactate was observed
in patients exhibiting a good response compared

to those with no response
[107]

Human serum samples LC-MS
NMR

Epirubucin and cyclophosphamide
followed of doxorubicin in association to

trastuzumab in HER2-positive cases

Concentrations significantly different threonine,
isoleucine, glutamine and linolenic acid. [108]
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Using human serum samples, Miolo et al. [103] investigated biomarkers potentially associated
with pCR in the treatment of neoadjuvant trastuzumab-paclitaxel in HER2-positive breast cancer
patients through a pharmacometabolomics approach. Serum levels of spermidine and tryptophan
identified patients who achieved pCR with a high sensitivity. These results were useful for elucidating
individual metabolic responses to treatment, and may help select the most suitable patients for
treatment with trastuzumab-paclitaxel [103].

Using HR-MAS NMR spectroscopy technology, Maria et al. [104] studied the in vitro metabolic
profile of human breast cancer cells treated with tamoxifen, cisplatin, and doxorubicin. The study
findings emphasized that different breast tumor lines respond in remarkably different ways to
chemotherapy. It was also observed that changes in acetate, lactate, and phosphocholine helped
identify tumor response to a given treatment based only on molecular properties [104].

Wei et al. [105] investigated the toxicity mechanism of 2,2′,4,4′-tetra-bromodiphenyl ether (BDE-47)
in MCF-7 breast cancer cells. Metabolomic analysis using ultra-high performance LC-MS showed that
toxicity to MCF-7 cells increased gradually when the concentration of BDE-47 exceeded 1 mM. BDE-47
was found to induce oxidative stress by inhibiting pathways involving pyrimidine and purine, and the
pentose phosphate pathway (PPP), and disrupting the entire cell metabolism. Thus, pyrimidine and
purine metabolism could be reduced by downregulating mRNA transcripts, and oxidative stress could
be induced by inhibiting nicotinamide adenine dinucleotide phosphate hydrogen (NADPH) in the
PPP observed in MCF-7 cells exposed to BDE-47 [105].

Based on an ex vivo model, van Asten et al. [106] observed that breast cancer tissues of syngeneic
mice (K14cre; Brca1F/Fp53F/F) resistant and sensitive to docetaxel showed different modifications
of metabolic pathways during treatment. Evaluating the tumors sensitive to docetaxel, the authors
observed that the metabolic profile 48 h after drug treatment was characterized by a high level of
phosphocholine compared with untreated tumors. Within the first 48 h of treating sensitive tumors,
the observed proportion of total choline, glycerophosphocholine, phosphocholine, and creatinine was
significantly increased. They concluded that docetaxel-sensitive tumors have an increase of metabolites
containing choline, as observed 1–2 days after beginning therapy, which corresponded with the time
of higher apoptotic activity. In docetaxel-resistant tumors, the metabolites derived from choline did
not increase during treatment. However, relative concentrations of choline components were higher in
the pre-treatment of docetaxel-resistant tumors than in sensitive tumors [106].

Euceda et al. [107] used HR-MAS MRS to analyze human breast tumor samples. The tumors
were biopsied before, during, and after neoadjuvant chemotherapy. Metabolites of all observed
constituents of total choline significantly decreased post-treatment, and were significantly lower in
sensitive patients compared with a resistant patient. A significantly lower level of succinate was also
observed in sensitive patients. Unexpectedly, the authors found a significant increase in lactate with
treatment progression in sensitive patients. Both an increase in lactate production and rapid glucose
consumption are characteristic of the Warburg effect. They also observed changes in glutathione
metabolism identified as a possible effect of bevacizumab [107].

Few studies have evaluated serum metabolomic changes in women with breast cancer.
Wei et al. [108] compared the serum metabolic profile of HER2-positive women with a pCR, a partial
response, and with stationary disease following neoadjuvant chemotherapy with epirubicin and
cyclophosphamide followed by doxorubicin associated with trastuzumab. They identified a
progressive increase in threonine, glutamine, and linoleic acid in patients with a pCR, followed
by those with a partial response and stationary disease with the progressive reduction of isoleucine.
The underlying mechanism of this distinction in resistant and sensitive patients is not fully understood.
In vivo analyses showed that the linoleic acid pathway was the most affected after doxorubicin
treatment [108].
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7. Future Perspectives

Metabolomic analytical techniques are distinguished by the level of sensitivity, volume of material
to be analyzed, and sample preparation methods. Analytical platform improvements have allowed the
high-throughput collection of different molecular levels with large amounts of data. These multi-layer
data omics enable a clearer view of biological systems to be obtained because they do not only focus
on single-layer omics. Given the complementary nature of different molecular levels, multi-layer
data omics facilitate understanding and applicability in clinical routine. Metabolomics is therefore an
attractive approach for providing information about cancer biology because it is obtained through a
metabolic profile and is associated with complementary methods [96].

Recent studies have focused on in vitro and in vivo approaches. However, few have correlated
both approaches to validate the methodology. Additionally, few have evaluated the different subtypes
of breast cancer with respect to functions of time, stage, drugs, and duration of treatment. Studies in
clinical cohorts should therefore be performed to recognize the potential of data to predict results and
follow up on breast cancer treatment. It is also important that specialized oncologists work with other
health professionals to improve the analysis of results obtained from methodological tools and present
them in a format that is helpful for managing routine patients. Use of the metabolomic approach
in clinical routine helps decipher the main regulatory pathways in different breast cancer subtypes.
The clarification of individual behavioral changes in both disease development and treatment response
is essential for developing more effective treatments and customizing cancer treatments [109].

Breast cancer is a heterogeneous disease, and chemotherapy failures are caused by drug resistance,
which is a leading cause of breast cancer mortality. The metabolic analysis of fluids and tissues of
cancer patients contributes to an understanding of the metabolic pathway reprogramming involved in
neoplastic transformation, prognosis, and drug resistance [78,79]. Several studies have been proposed
to evaluate metabolic pathway reprogramming in chemoresistance, and identify patients who are
resistant to chemotherapy. However, studies that verify whether metabolic pathways are associated
with the response to chemotherapy are lacking. Such studies could provide evidence for use in clinical
practice, while the identification of different metabolic profiles may suggest new molecular targets and
metabolic biomarkers that will contribute to patient stratification of different breast cancer subtypes.
Finally, the knowledge of specific metabolic pathways could impact on the evaluation of new drugs
with possible repercussions on the survival of breast cancer patients. The prompt identification of
chemotherapy-resistant tumors would aid with earlier and more accurate stratification of patients,
and the choice of adjusted therapeutic regimens [74,105].
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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

Int. J. Mol. Sci. 2020, 21, 3611; doi:10.3390/ijms21103611 www.mdpi.com/journal/ijms

http://www.mdpi.com/journal/ijms
http://www.mdpi.com
https://orcid.org/0000-0002-9924-478X
https://orcid.org/0000-0001-5888-3107
https://orcid.org/0000-0002-5537-972X
https://orcid.org/0000-0002-3885-3215
https://orcid.org/0000-0003-4244-8594
http://dx.doi.org/10.3390/ijms21103611
http://www.mdpi.com/journal/ijms
https://www.mdpi.com/1422-0067/21/10/3611?type=check_update&version=2


Int. J. Mol. Sci. 2020, 21, 3611 2 of 17

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-MSI) 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 PI(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.
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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 (40×) 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 (m/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).
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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-Ionization—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–S3, 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.

Int. J. Mol. Sci. 2020, 21, x FOR PEER REVIEW  5 of 17 

 

the  ions, normalized  to  the  total  ion current  (TIC), were considered  to detect changes among  the 

groups. Examples of  the chromatograms, raw spectra, and  feature  identification are shown  in  the 

Supplementary  Figures  S1–S3,  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. 

 

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]. 

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 Exact m/z Mass Error (ppm)

Characteristic of healthy plasma samples

496.340 + [M + H]+ LysoPC(16:0) C24H51NO7P 496.340 0.0
524.371 + [M + H]+ LysoPC(18:0) C26H55NO7P 524.372 1.9
782.569 + [M + H]+ PC(40:4) C44H81NO8P 782.570 1.3
810.600 + [M + H]+ PC(38:4) C46H85NO8P 810.601 1.2
540.330 − [M + FA − H]− LysoPC(16:0) C25H51NO9P 540.330 0.0
568.361 − [M + FA − H]− LysoPC(18:0) C27H55NO9P 568.361 0.0
588.330 − [M + FA − H]− LysoPC (20:4) C29H51NO9P 588.330 0.0
566.346 − [M + FA − H]− LysoPC(18:1) C27H53NO9P 566.346 0.0

Characteristic of cancer plasma samples

786.600 + [M + H]+ PC(36:2) C44H85NO8P 786.601 1.3
796.738 + [M + NH4]+ TG (46:0) C49H98NO6 796.739 1.3
758.570 + [M + H]+ PC(34:2) C42H81NO8P 758.570 0.0
824.770 + [M + NH4]+ TG(48:0) C51H102NO6 824.771 1.2
407.294 − [M −H2O −H]− 13′-Hydroxy-gamma-tocotrienol C28H39O2 407.295 2.5
409.310 − [M − H]− gamma-tocotrienol C28H41O2 409.311 2.4
802.559 − [M + FA − H]− PC(34:2)/PE-Nme(36:2) C43H81NO10P 802.560 1.2
830.590 − [M + FA − H]− PC(36:2) C45H85NO10P 830.591 1.2
776.544 − [M + FA − H]− PC(32:1) C41H79NO10P 776.544 0.0

m/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-Ionization—Mass Spectrometry
Imaging) and their occurrence in plasma samples of breast cancer patients analyzed by LC-MS/MS
(Liquid Chromatography—tandem Mass Spectrometry).

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

Prevalence in Plasma Samples of Breast
Carcinoma (NST and Special Type)

Patients According to LC-MS/MS Results

PS(34:1); PE(38:4); PS(38:4); PI(34:1); PS(40:4); PI(36:2);
PI(38:3); PE(36:2); PE(O-38:6); PE(O-38:5); PS(36:2); PS(36:1);

PC(34:2); PC(34:1); PS(38:1); PI(34:0); PI(38:4)
Yes

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);

PS(P-36:2); PE(39:5); TG(52:3)
No

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.

Int. J. Mol. Sci. 2020, 21, x FOR PEER REVIEW  8 of 17 

 

 

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‐Ionization  – 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%. 

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. 

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-Ionization—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 A2 (PLA2). Yamashita et al. [48] and Yarla et
al. [49] reported highly elevated PLA2 levels in patients with various malignant tumors, especially
in breast cancer. Overexpression or enhanced activity of PLA2 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 PLA2 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,
São 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)
II 8 59 (36–81)
III 3 64 (37–80)
IV 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)

HER2 receptor status
Positive 6 47 (36–67)

Negative 18 63 (38–81)
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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 µm 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 µL.min−1.
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 µm 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 to 2 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 µL) were extracted with the addition of 600 µL 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 µL 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× 100 mm, 1.7 µm, 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−1. 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 µL. Positive and negative ion modes were recorded (separately) and
the instrument was operated in MSE 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−1, capillary voltage = 2.0 kV(+)/1.5 kV(–), cone voltage = 30 V. Leucine
encephalin (molecular weight = 555.62; 200 pg·µL−1 in 1:1 ACN:H2O) 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 MSE 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 S1–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

http://www.metaboanalyst.ca
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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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AUC Area under the (ROC) curve
CAAE Brazilian certificate of ethical appreciation approval
CAISM-UNICAMP Center of integrated assistance to women’s health of the University of Campinas
Cer Ceramide
CL Cardiolipin
CN:DB Numbers of fatty acid chain carbons and double bonds in lipid species
DC Ductal carcinoma
DCIS In situ ductal carcinoma
DESI-MSI Desorption-Electrospray-Ionization—Mass Spectrometry
ER Estrogen receptor
FA Fatty acid
H&E Hematoxylin and eosin staining
HER2 Human-epidermal-growth-factor-receptor-2
HR Hormone receptor status
IDC Invasive ductal carcinoma of the breast
Lasso Least absolute shrinkage and selection operator
LC-MS/MS Liquid chromatography coupled to tandem mass spectrometry
LC-MS Liquid chromatography coupled to mass spectrometry
LysoPC Lysophosphatidylcholine
m/z Mass-to-charge ratio
MS Mass Spectrometry
MSE MS data-independent acquisition
MSI Mass Spectrometry Imaging
NST no special type carcinoma of the breast
NPV Negative predictive value
PA Phosphatidic acid
PC Glycerophosphocholine
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PC1 Principal component 1
PC2 Principal component 2
PCA Principal Component Analysis
PE Glycerophosphoethanolamine
PE Phosphatidylethanolamine
PE-Nme Methylphosphatidylethanolamine
PG Glycerophosphoglycerol
PI Glycerophosphoinositol
ppm parts per million
PPV Positive predictive value
PR Progesterone receptor
PS Glycerophosphoserine
QC Quality control sample
ROC Receiver operating-characteristic (curves)
SVM Support Vector Machine
TG Triacylglycerol or Triglyceride
TIC Total Ion Current
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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 NST1 / ST2 

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.  
 
 

 

 

 

 

 

 



Supplementary Figures 

 

Figure S1: Base peak ion (BPI) chromatograms for a representative quality control (QC) sample acquired 
in (A) the positive ion mode and (B) the negative ion mode. 



 

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 QI (Waters), showing the identifying fragments is shown in (C), where 
red signalizes the matched fragments, according to theoretical fragmentation.  



 

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 QI (Waters), showing the identifying fragments is shown 
in (C), where red signalizes the matched fragments, according to theoretical fragmentation.  

 



 

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 CI is the 
confidence interval. 
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Abstract: Neoadjuvant chemotherapy (NACT) is offered to most operable breast cancer (BC) 39 

patients to downstage the disease and provide more conservative surgeries. These benefits are not 40 

enjoyed by NACT-resistant BC patients, who suffer the side effects and delay the start of the 41 

effective treatment. Early prediction of the response to NACT is urgently needed. Herein, nuclear 42 

magnetic resonance (NMR) was used to investigate the metabolic profiles of pre-treatment sera of 43 

80 BC patients and correlate them with the response to NACT. The NMR metabolic panel was 44 

combined with the clinical information related to the hormonal receptors (HR), the human 45 

epidermal growth factor receptor 2 (HER2), and the nuclear protein Ki67, and modeled by machine 46 

learning. The resulting classification models achieved sensitivities of 83/100%, specificities of 47 

83/75%, and accuracies of 83/90% for the training/validation sets, respectively, for predicting the 48 

response to NACT. Leucine, formate, valine, and proline, along with hormone receptor status, were 49 

discriminants of the response to NACT. The metabolism of glyoxylate and dicarboxylate was found 50 

to be the most involved in the acquisition of resistance. Our results suggest NMR as a powerful 51 

approach for rapid prediction of the response to NACT based on altered metabolic signatures of the 52 

serum.  53 

Keywords: Amino Acids; Breast Cancer; Metabolomics; Nuclear Magnetic Resonance; Response to 54 

Treatment, Resistance. 55 

 56 

1. Introduction 57 

Breast cancer (BC) is the most common cancer worldwide [1]. Invasive carcinoma is 58 

responsible for almost 100% of BC cases, but the disease has several phenotypic and 59 

genotypic subtypes [2]. Molecular and immunohistochemical markers are used in 60 

research and clinical scenarios to classify BC into its currently known subtypes. Briefly, 61 

classification is based on the expression of hormonal receptors (HR) such as estrogen 62 

receptor (ER) and progesterone receptor (PR), human epidermal growth factor receptor 2 63 

(HER2), and the nuclear protein Ki67, which is a marker of cell proliferation. These 64 

markers bear a strict relationship with prognosis and therapeutic decisions that are often 65 

taken based on their expression [3,4].  66 

Neoadjuvant chemotherapy (NACT) has gained momentum in recent years due to its 67 

ability to upfront reduce tumor size and cancer burden, thus avoiding mutilating surgical 68 

procedures [5]. NACT is also a bench test for the tumor's sensitivity to chemotherapy. BC 69 

patients who achieved a pathological complete response (pCR) after NACT showed 70 

higher rates of disease-free survival (DFS) and overall survival (OS) than women with 71 

residual disease in their surgical specimens obtained after NACT [6].  72 

Unfortunately, patients with HR-positive tumors have a lower probability of achieving 73 

pCR after NACT compared to patients with HER2 positive and triple-negative tumors [7]. 74 

The well-known HR, HER2, and Ki67 marker triad seem to explain a substantial portion 75 

of the NACT response variability. Nevertheless, a better understanding of the 76 

mechanisms that define the response to NACT is still needed to determine which patients 77 

will gain clinical benefits from NACT. Unfortunately, many patients, undergoing NACT, 78 

only face the adverse effects of therapy without enjoying pCR, and oncologists are largely 79 

incapable to predict unsuccessful outcomes.      80 

In order to further improve the knowledge of the molecular events leading to pCR after 81 

NACT, we designed and carried out the present metabolomic study, aiming at 82 

constructing a biomolecular and metabolic portrait of the biochemical processes in fluids 83 

and tissues of BC patients undergoing NACT [8-10]. So far a few studies have evaluated 84 

metabolites associated with better response to NACT using metabolomics [11-13]. In the 85 

present study, using nuclear magnetic resonance (NMR), we analyzed serum metabolites 86 

from patients of different molecular subtypes of BC who had undergone NACT. We 87 

created machine learning classifiers by correlating the observed metabolites with the 88 
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expression of BC markers. These models were able to predict the response to NACT using 89 

pre-treatment serum samples.  90 

2. Results 91 

2.1 Subjects and clinical features 92 

Eighty BC women, undergoing NACT, were included in this study. Table 1 shows the 93 

distribution of women according to disease characteristics and response to NACT. All 94 

patients had invasive ductal carcinoma (100%), most of which were histological grade 3 95 

(51%), ER-positive (71%), and PR-positive (65%). The evaluation of response to NACT 96 

according to the Residual Cancer Burden (RCB) guidelines resulted in the following 97 

classes: complete pathological response (pCR); RCB-I (minimum residual disease); RCB-II 98 

(moderate residual disease), and RCB-III (extensive residual disease) [14,15]. For statistical 99 

analyses, all cases were clustered into two major groups based on the response to NACT: 100 

(a) cases with a pCR and RCB-I, considered as sensitive and (b) cases with residual breast 101 

carcinoma (RCB-II to RCB-III), considered as resistant to NACT [16]. Patients with tumors 102 

of histological grade 3 had a higher probability of pCR/RCB-I (OR = 5.57 (1.439 − 21.470); 103 

p = 0.0161) than their counterparts whose tumors were grade 1/2. In contrast, women with 104 

HR-positive tumors were less likely to enjoy pCR/RCB-I (OR = 0.18 (0.04 – 0.670); p = 0.005) 105 

than their women with non-luminal tumors. Other clinical and demographic 106 

characteristics can be accessed in Supplementary Table S1 (Supplementary material).  107 

 108 
Table 1. Women’s distribution according to the characteristics of the disease. 109 

 110 
Hormonal receptor: positive if ER and /or PR positive; negative if both RE and RP negative.   111 
*Five patients had negative HER2 at core biopsy and positive HER2 in the surgical specimen.  112 
**One patient had an occult breast tumor with axillary disease; Ki67, Ki67 protein; HER2, human epidermal growth factor receptor; 113 
T1, tumor ≤ 20 mm; T2, tumor > 20 mm and ≤ 50 mm; T3, tumor > 50 mm; T4, tumor of any size with direct extension to the chest 114 
wall and/or skin; Regional lymph node negative: no regional lymph node metastasis; positive: included N1 (mobile ipsilateral lymph 115 
node metastases, axillary levels I, II), N2 (clinically fixed or entangled lymph node metastases I, II, or ipsilateral internal mammary 116 
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lymph node metastasis) or N3 (axillary level III ipsilateral lymph node metastasis with or without axillary involvement at levels I 117 
and II, or metastasis in internal mammary lymph node with level I and II axillary involvement, or supraclavicular lymph node 118 
metastasis with or without axillary or internal mammary involvement); M0, without clinical or radiographic evidence of distant 119 
metastasis; M1, distant metastasis determined clinically and radiographically and/or histologically. 120 
 121 

2.2 NMR-based metabolomic analysis 122 

Untargeted NMR analysis identified and quantified the relative abundances of 28 123 

compounds including 14 amino acids, one carnitine, and other metabolites. Table S2 124 

(Supplementary material) lists the compounds detected by NMR. The data were 125 

interrogated by univariate analysis to assess the relative quantification of metabolites 126 

across the different NACT outcomes (Figure 1 and Table S3, Supplementary material). 127 

Leucine and formate were found to be significantly altered when comparing resistant and 128 

sensitive women (p-value < 0.05), but their predictive power, evaluated using a logistic 129 

regression model, showed to be unsatisfactory (AUC =0.67) (data not shown). 130 

Figure 1: Volcano plot showing the metabolites variation by NACT outcomes (log2(Resistant/Sensitive)) in function of 131 

their statistical significance (log2(p-value)). Non-significant metabolites are plotted below the horizontal dashed line, 132 

the metabolites above this line presented significant variation (p-value < 0.05). Also, we show a boxplot for metabolites 133 

with significant variation (blue represent resistant patients and pink the sensitive ones). p-values were calculated using 134 

the Mann-Whitney-Wilcoxon test or t-test as a function of whether the data came from a normal distribution proved 135 

with the Shapiro test. 136 

 137 

2.2.1 Classification models for predicting response to NACT 138 

Further analyses counted on a logistic regression (LR) model aimed at classifying 139 

sensitive and resistant women based on their panel of metabolites determined by NMR 140 

and the clinical information related to the HR, Ki67, and HER2 statuses. Recursive 141 

feature elimination (RFE) was applied for continuous elimination of features (i.e. 142 

metabolites or clinical markers) with low contribution to the model [17-19]. The 143 
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combination of the clinical information and the metabolite panel resulted in eight 144 

statistical models, presented in Table 2. 145 

Table 2.  Models used for prediction of the response to treatment (RT) based on metabolites determined by NMR, the status of the 146 

hormonal receptor (HR), Ki67, and amplification of the human epidermal growth receptor type 2 (HER2) of BC patients. 147 

 148 

 149 

Logistic regression models have supported the assessment of biomarkers in cancer 150 

[20-23], and can also be coupled with RFE [24]. By using this approach, we found formate, 151 

proline, valine, and leucine as potential markers of NACT response (Figure 2), and 152 

observed an increase in the predictive power, when compared to the results of the 153 

univariate approach, for the model using only the abundance of the metabolites 154 

(AUC=0.83 – model I, figure 2A). By combining the abundances of these metabolites with 155 

the information of HR status (Model II), HR + HER2 (Model VI), and Ki67+HER+HR 156 

(Model VIII), we obtained AUC values higher than those obtained for the model using 157 

solely metabolites. 158 

The contributions of the metabolites were found to be more significant for the models 159 

than the contribution of the molecular markers, as presented by the observed coefficient 160 

values (Figure 2B). For the full description of the models see the Table S4 (Supplementary 161 

material).The coefficient values display the patient’s chance of being resistant to NACT. 162 

A positive value means a positive correlation with NACT resistance, whereas a negative 163 

value means a positive correlation with NACT sensitivity. For example, formate, proline, 164 

valine, HR+, and HER− display positive coefficient values, thus being directly related to 165 

the NACT resistance. It means that, once any of these predictors show an increase, the 166 

patient’s chance of being resistant to NACT increases as well. Oppositely, leucine, HR− 167 

and HER+ have negative coefficient values and are inversely related to NACT resistance, 168 

or directly related to NACT sensitivity. It means that an increase in leucine concentration, 169 

keeping the remaining predictors constant, decreases the patient's chances of being 170 

resistant to the treatment or, in other words, increases the patient’s chance of being 171 

sensitive to the treatment, in accordance with what was previously pointed by the 172 

univariate analysis of the metabolites set. Ki67, both positive or negative, was found to 173 

have a low influence on the models that contain it. 174 

When exploring the performances of the models based on their predictive power and 175 

agreement with the pathologic results, equivalent specificity rates were found for the eight 176 

models when considering the training set (full performances of the models are described 177 

in Table S5, Supplementary material). For the validation sets, the specificity reached 75% 178 

only for models II and V (Figure 2C) that were considered the ones with the highest 179 

efficiency in the classification. The sensitivity of the models, for both training and 180 

validation sets, was found to be higher than 70% for all the models. The results suggest 181 

that the interconnection of clinical variables (HR/Ki67/HER2) and serum metabolites can 182 

improve the prediction of the response to NACT. 183 
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 184 

 185 
Figure 2: Classification models obtained with the combination of metabolites and clinical information. (A) The plot of the ROC curves 186 
for each model, containing the area under the curve (AUC). (B) The coefficients of the predictors and (C) performance of models II 187 
and IV for training (cross-validation) and validation sets. 188 

To gain insights on metabolome changes associated with resistance and sensitivity 189 

to NACT, the pathway enrichment analysis was carried out with the metabolites found as 190 

discriminants for models I-VIII. Metabolism of Glyoxylate and dicarboxylate was found 191 

to be the most enrolled pathway for the acquisition of resistance (Figure S1, 192 

Supplementary material). 193 

3. Discussion 194 

The potential of the combination of HR, Ki67, and HER2 statuses and serum 195 

metabolites in predicting the response to NACT was evaluated in this study. The 196 

untargeted NMR analysis identified and quantified the relative abundances of 28 197 

compounds, including 14 amino acids, carnitine, and other metabolites. When studying 198 

the serum abundance of this set of metabolites, we noticed the significant differences 199 

between the concentrations of leucine and formate. Leucine, which has been extensively 200 
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studied for its role in breast cancer, showed a lower concentration in the serum of resistant 201 

women [25-27]. Saito et al., 2019 proposed that resistance is based on the increased 202 

expression of transporters that incorporate leucine, to fuel the accelerated proliferation of 203 

cells resistant to therapy, which supports our observation of a lower concentration of this 204 

amino acid in resistant patients to NACT [28]. Formate was also found to be increased in 205 

resistant women and can be considered as a potential predictive biomarker, in agreement 206 

with several publications on cancer [11,29,30]. 207 

Subsequently, we used the recursive feature elimination (RFE) method to assist in 208 

the selection of putative biomarkers. RFE continually removed the resources with low 209 

contribution scores based on the iterative method and, then, classifies each resource in 210 

each cycle to exclude the resources with low scores [19]. Studies have proposed that RFE 211 

allows the extraction of subsets of potential biomarkers among different types of cancer 212 

[31-33]. Specifically, for breast cancer, RFE was applied to the classification of the complete 213 

pathological response and distinguished triple-negative breast cancer from other 214 

subtypes of breast cancer based on the selection of miRNA biomarkers [34,35]. Logistic 215 

regression (LR) models, following the RFE approach, are also widely used in classification 216 

problems applied to breast cancer [36-39]. 217 

In our study, RFE + LR was applied as a supervised learning machine by combining 218 

the abundance of metabolites with the clinical information on HR, Ki67, and HER2 status. 219 

The resulting classification models presented sensitivity and specificity values greater 220 

than 70% and 80%, respectively, for the training set. Remarkable performance was 221 

achieved for models II, with 75% sensitivity and 83% specificity for the training set, and 222 

81% sensitivity and 75% specificity for the validation set. This indicates that the 223 

combination of the HR status with the metabolite panel (Leucine/Valine/Formate/Proline) 224 

can generate good classifiers of the response to NACT. 225 

A few studies reported similar results for predicting the response to NACT in BC 226 

patients based on metabolite panels [11-13]. Lin et al. (2019) assessed the metabolic 227 

biomarker signature of serum samples of BC patients by liquid chromatography-mass 228 

spectrometry (LC-MS). The authors applied partial least squares-discriminant analysis 229 

(PLS-DA) to build the statistical model of classification, which identified nine informative 230 

metabolites and achieved performances with specificity of 100%, and sensitivity of 81.2% 231 

[12]. Some authors recently examined serum metabolite levels during chemotherapy 232 

treatment. Debik et al. (2019) observed unfavorable changes in lipid levels during NACT. 233 

By using NMR, they observed no metabolic difference in serum samples from survivors 234 

and non-survivors, although a PLS-DA model based on their analysis of tissue achieved 235 

72% of accuracy in predicting a 5-years survival rate. Among other metabolites, lactate, 236 

glycine, choline, and alanine were reported as the important variables useful for the model 237 

set-up [11]. Vignoli et al. (2020) also studied metabolic profiles capable to codify a 238 

complete response to NACT within the ER-positive group. After an investigation of the 239 

plasma by NMR, they built a classifier with low performance. Among other findings, 240 

branched-chain amino acids, such as valine, and isoleucine were reported as the key 241 

differentiators of their groups of study [13]. Unlike the previous studies mentioned above, 242 

the application of the RFE + LR method allowed to obtain models with successful results 243 

in terms of predicting the response to NACT that link the selected biomarkers with 244 

theclinical information of patients. 245 

Glyoxylate and dicarboxylate metabolism was the pathway most impacted by the 246 

acquisition of resistance. This pathway has been associated with breast cancer cell 247 

metastasis by gas chromatography-mass spectrometry (GC-MS) and direct infusion mass 248 

spectrometry [40]. This association was later confirmed by gene expression studies [41]. 249 

In addition, other pathways represented by our panel of metabolites are associated with 250 
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breast cancer such as the metabolism of branched-chain amino acids (BCAAs, i.e., valine, 251 

leucine, and isoleucine), the Aminoacyl-tRNA, Arginine and proline, Pantothenate and 252 

CoA [24, 42]. Together, this set of relationships highlights the metabolic alterations 253 

involved in the cellular reprogramming that provoked the BC resistance to chemotherapy. 254 

In conclusion, NMR of serum offered rapid access to metabolic alterations in BC 255 

associated with resistance and sensitivity to NACT. The reported proof-of-principle study 256 

has attested to the power of these techniques in accelerating the definition of BC prognosis 257 

with excellent accuracy. Screening methods for predicting the response and effects of 258 

chemotherapies are much desired and would be of paramount importance for cancer 259 

patients. Despite BC being one of the most treatable cancers, a huge amount of women do 260 

not benefit from NACT pre-treatment because of BC resistance. Capitalizing on the close 261 

relationship between cancer formation and changes in serum, the analysis of the 262 

metabolites by NMR allowed gaining insights on the metabolic alterations associated with 263 

marker status and resistance to NACT. When coupled by LR + RFE to the clinical marker 264 

status, a simple metabolomic panel can be applied with success as an add-in prognosis 265 

and clinical forecasting for the response to NACT of BC patients. Although rigorous 266 

multisite validation of this untargeted approach with a larger patient pool is needed, this 267 

is the first milestone for the development of an efficient strategy for the early discovery of 268 

NACT-resistant BC patients.  269 

4. Materials and Methods 270 

4.1 Subjects 271 

This is a prospective cohort study on 80 women aged between 29 and 77 years with 272 

invasive breast carcinoma who underwent NACT followed by surgery. Participants were 273 

diagnosed and treated at the Women's Hospital (Hospital da Mulher Professor José 274 

Aristodemo Pinotti, Centro de Atenção Integral à Saúde da Mulher - CAISM) of the University 275 

of Campinas (UNICAMP), Brazil between January 2017 and January 2019. The study was 276 

approved by the Research Ethics Committee of UNICAMP [CAAE: 69699717.0.0000.5404]. 277 

Biological samples were stored in CAISM´s biobank (CONEP 56, Brazil). All study 278 

subjects signed the informed consent before having their biological samples removed and 279 

included in the institutional biobank. Demographic and clinical data were collected from 280 

patient’s records and summarized in in Table S1 (Supplementary Material).  281 

The diagnosis of breast carcinoma was performed with an ultrasound-guided 282 

percutaneous needle (core) biopsy. NACT was prescribed according to the standard 283 

protocols, and immunohistochemistry-based molecular subtyping of BC was used to 284 

guide treatment selection. NACT protocols included doxorubicin and cyclophosphamide, 285 

followed by paclitaxel (with carboplatin in triple-negative cases). HER2 positive patients 286 

received trastuzumab. After NACT all women underwent surgical treatment 287 

(mastectomy or quadrantectomy with sentinel lymph node biopsy or axillary lymph node 288 

dissection). Aliquots of peripheral blood, collected in dry tubes, were obtained from 289 

women before they initiated the NACT [43-47]. The samples were stored at −80oC until 290 

analysis. See the supplementary file for the complete description of the clinical, 291 

histopathologic, and immunohistochemical diagnosis for the subjects. 292 

Response to NACT was evaluated on surgical specimens removed after NACT 293 

according to the Residual Cancer Burden (RCB) guidelines [14,15]. The RCB is an online 294 

tool for the assessment of residual disease which categorizes the response to 295 

chemotherapy into four classes: complete pathological response (pCR/RCB-0); RCB-I 296 

(minimum residual disease); RCB-II (moderate residual disease), and RCB-III (extensive 297 

residual disease). This type of evaluation provides detailed quantification of residual 298 

disease, warrants reproducibility, and is fully validated with long-term follow-up data. 299 

Pathological reports provide the final residual tumor dimensions (in mm), the percentage 300 

of the area of cancer cells in the residual tumor bed, and the proportion of in situ 301 
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component within the specimen, the number of positive lymph nodes, and the diameter 302 

(mm) of the largest nodal metastasis. For statistical analyses, all cases were clustered into 303 

two major groups based on the response to NACT: (a) cases with a pCR and RCB-I, and 304 

(b) cases with residual breast carcinoma (RCB-II to RCB-III) [16]. 305 

4.2 Untargeted Nuclear Magnetic Resonance (NMR) metabolomic analysis of serum 306 

samples 307 

Serum samples were thawed at room temperature before the analysis. Then, 400 μL of 308 

serum were slowly mixed with 200 μL of D2O (99.9% deuterium oxide with 0.03% of TSP) 309 

and transferred to 5 mm NMR tubes. The NMR experiments were performed at 298 K on 310 

Varian Inova® NMR spectrometer (Agilent Technologies® Inc., Santa Clara, CA USA) at 311 

the Brazilian Biosciences National Laboratory (Brazilian Center for Research in Energy 312 

and Materials, CNPEM, Campinas, SP, Brazil). The instrument was operated in a Larmor 313 

frequency of 599.887 MHz equipped with a triple resonance cryoprobe. The parameters 314 

used for 1D CPMG (Carr–Purcell–Meiboom–Gill) pulse sequence were as follows: a total 315 

of 128 free induction decays were collected with 38 K data points at a spectral sweep width 316 

of 16 ppm; total relaxation delay of 4 s; water presaturation applied during 2 s delay; T2 317 

filtering was obtained with an echo time of 300 μs repeated 166 times, resulting in a total 318 

duration of effective echo time of 50 ms. This sequence removes the broad resonances 319 

associated with high molecular mass molecules and motionally constrained compounds, 320 

facilitating the observation of only free low molecular mass metabolites. Chenomx NMR® 321 

Suite 8.1 software (Chenomx® Inc., Edmonton, AB, Canada) was used for preprocessing, 322 

spectral phase and baseline corrections, metabolite identification, and quantification of 323 

relative concentrations (mmol L-1). 324 

4.3 Statistical Analysis 325 

All statistical calculations were performed using the R Project for Statistical 326 

Computing (v3.6.2). The epitools package was used for odds ratio (OR) calculation of 327 

clinical characteristics of the women according to their response to NACT. Confidence 328 

levels of 95% and p-values < 0.05 were assumed as statistically significant [48]. The “base” 329 

functions of R were used for average comparison, using the Mann-Whitney-Wilcoxon test 330 

or the t-test as a function of being a normal distribution proved with the Shapiro test. The 331 

caret package was used for recursive feature elimination (RFE) and logistic regression 332 

implementation [49]. Data normalization, transformation, and scaling were performed 333 

using the web platform MetaboAnalyst 5.0 [50]. 334 

For the logistic regression (LR) modeling followed by RFE, data tables were 335 

normalized by sum, and variables with near-constant values were detected and removed 336 

by using interquartile range (IQR) filtering. The data table was then log-transformed, and 337 

scaled by Pareto. We generated eight classification models (Table 2, models I to VIII) for 338 

the response to NACT based on the alternative combinations of HR, Ki67, HER2 statuses, 339 

and the metabolites panel determined by NMR. Models were built based on a training set 340 

composed of 75% of the data. To evaluate the performance of the models, we performed 341 

Leave-One-Out Cross-Validation (LOOCV). The area under the curve (AUC) of the 342 

receiver operator characteristics (ROC) curve of the selected features was also used to 343 

evaluate their prediction power. A validation set comprising 25% of data was also used 344 

for performance evaluation in terms of sensitivity, specificity, and accuracy [51]. By using 345 

the MetaboAnalyst™ web platform, we further interrogated KEGG Library for 346 

quantitative Metabolite Pool enrichment and the pathways with a p-value < 0.05 were 347 

further discussed. 348 
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1. Supplementary methods 

1.1 Clinical, histopathologic, and immunohistochemical diagnosis of breast cancer 
 

All histological diagnoses were determined according to the World Health Organization (WHO) 

criteria [43]. Tissue samples were formalin-fixed and paraffin-embedded, collected either at biopsy (pre-

treatment specimens) or during surgical resection after NACT (post-treatment specimens). Hematoxylin-eosin 

stained sections were reviewed to confirm the histologic diagnosis. For BC subtype classification, a 

conventional manual immunohistochemical technique was used.  Primary antibodies used for the evaluation 

of molecular subtypes of BC were: anti-estrogen receptor (ER, clone 1D5, diluted at 1:1000 v/v), anti-

progesterone receptor (PR, clone PR636, diluted at 1:800 v/v), anti-HER2 (Clone PN2A, diluted at 1:1100 v/v), 

and proliferation marker Ki67 (clone MIB1, diluted at 1:500 v/v). All antibodies and the detection system 

Envision Flex were provided by Dako (Agilent, Santa Clara, CA, USA). Evaluation of ER and PR was 

performed according to, on the diagnostic (pre-treatment) specimens [44]. Cases were considered positive if 

1% or more tumor cells were positive. For Ki67, we scored the percentage of positive tumor cells in a minimum 

of 500 cells in randomly selected representative fields [45]. The mean Ki67 percentage of stained cells was 

calculated. When the mean percentage of stained cells was higher than the median (40%), cases were assigned 

as Ki67 high. Human epidermal growth factor receptor 2 (HER2) staining was scored as 0 +/1+ (negative), 2+ 

(equivocal), or 3+ (positive). Equivocal (2+) cases were further confirmed by in situ hybridization, according to 

the recommendations of the American Society of Clinical Oncology/College of American Pathologists 

(ASCO/CAP) [46]. Due to tumor heterogeneity, hormone receptor-negative cases, and/or HER2 had the 

immunohistochemistry repeated in the surgical specimen of women with a residual disease for subtype 

confirmation [47]. 

The following BC features were evaluated: histological type; grade as per Nottingham classification; 

ER, PR, Ki67 and HER2  expressions; tumor size classified into T1 (≤ 20 mm), T2 (> 20 mm and ≤ 50 mm), T3 (> 

50 mm) and T4 (any size with direct extension to the chest wall and/or skin); lymph node involvement 

classified as: N0 (no regional lymph node metastasis), N1 (mobile ipsilateral lymph node metastases, axillary 

levels I, II), N2 (clinically fixed or entangled lymph node metastases I, II, or ipsilateral internal mammary 

lymph node metastasis) or N3 (axillary level III ipsilateral lymph node metastasis with or without axillary 

involvement at levels I and II, or metastasis in internal mammary lymph node with level I and II axillary 

involvement, or supraclavicular lymph node metastasis with or without axillary or internal mammary 

involvement); distant metastasis by clinical description during outpatient follow-up, taking into consideration 

the period of diagnosis, being classified as: M0 (without clinical or radiographic evidence of distant metastasis) 

or M1 (distant metastasis determined clinically and radiographically and/or histologically proven greater than 

0.2 mm); clinical stage according to tumor size, axillary involvement and presence of distant metastasis; 

treatment: drug used; surgery performed on the breast (mastectomy or quadrantectomy) and armpit (axillary 

dissection or sentinel lymph node biopsy); response to NACT, based on the RCB (Residual Cancer Burden) 



calculation, in which women with pCR or RCB-I were considered responsive to chemotherapy and women 

with RCB-II and -III were considered resistant. 

 
 
  
  



2. Supplementary tables:  

Table S1: Women distribution according to sociodemographic and clinical characteristics. 

Characteristic  N° (%) 
Resistant  
N=64 (%)  

Sensitive  
N=16 (%)  

OR  
(95% CI)  p value  

Ethnicity  White 69(86) 54(84) 15(94)    
  Brown 9 (11) 9(14) 0 (0) (0-0) 0.2684 
  Black 2(3) 1(2) 1(6) 3.60 (0.212 – 61.017) 0.9326 

Age of menarche  
< 12  17 (21)  15 (23)  2 (12)      
≥ 12   63 (79)  49 (77)  14 (88)  2.14(0.437-10.513) 0.5386 

Menopause  
Yes  44 (55)  37 (58)  7 (44)     
No  36 (45)  27 (42)  9 (56)  1.76 (0.583 – 5.321) 0.4652 

Hormone 
therapy  

Yes  12 (15)  11 (17)  1 (6)      
No  68 (85)  53 (83)  15 (94)  3.11 (0.372 – 26.089) 0.4811 

Pregnancy  
Yes  73 (91)  58 (91)  15 (94)     
No  7 (9)  6 (9)  1 (6)  0.64 (0.071- 5.769) 1.0000 

Births  
Yes  69 (86)  55 (86)  14 (88)      
No  11 (14)  9 (14)  2 (12)  0.873 (0.169 – 4.504) 1.0000 

Abortions  
Yes  21 (26)  19 (30)  2 (12)     
No  59 (74)  45 (70)  14 (88)  2.96 (0.611 – 14.283) 0.2802 

Lactation*  
Yes  63 (86)  50 (78)  13 (87)      
No  10 (14)  8 (12)  2 (13)  0.962 (0.182 – 5.084) 1.0000 

Smoking  
Yes  17 (21)  13 (20)  4 (25)     
No  63 (79)  51 (80)  12 (75)  0.765 (0.212 – 2.764) 0.9455 

Chronic 
alcoholism  

Yes  1 (1)  1 (2)  0 (0)      
No  79 (99)  63 (98)  16 (100)  Inf (NA- NA) 1.0000 

BMI  

Normal 
weight  25 (31)  18 (28)  7 (44)     
Overweight  21 (26)  19 (30)  2 (12)  0.271 ( 0.050 – 1.480) 0.2300 
Obese  34 (43)  27 (42)  7 (44)  0.667 (0.200 – 2.226) 0.7251 

Hypertension  
Yes  33 (41)  29 (45)  4 (25)      
No  47 (59)  35 (55)  12 (75)  2.49 (0.724- 8.538) 0.2331 

Diabetes  
Yes  9 (11)  8 (12)  1 (6)     
No  71 (89)  56 (88)  15 (94)  2.14 (0.248 – 18.498) 0.7907 

Hypothyroidism  
Yes  9 (11)  8 (12)  1 (6)      
No  71 (89)  56 (88)  15 (94)  2.14 (0.248 – 18.498) 0.7907 

Family history of 
breast   or ovarian 

cancer  

Yes  20 (25)  13 (20)  7 (44)     

No  60 (75)  51 (80)  9 (56)  0.33 (0.103- 1.045) 0.1066 

Legend: BMI,body mass index; *, women who had no pregnancies. The following demographic 
and clinical data were obtained: self-declared ethnicity; age at diagnosis; age of menarche; 
menopausal status (premenopausal and postmenopausal); hormone therapy history; number of 
pregnancies, births, and miscarriages; lactation regardless of the number of pregnancies or 
duration; smoking; chronic alcoholism; body mass index before the beginning of neoadjuvant 
chemotherapy (NACT); hypertension, diabetes mellitus and hypothyroidism; family history of 
breast and/or ovarian cancer. 

 



Table S2: Panel of metabolites detected by untargeted Nuclear Magnetic Resonance (1H-NMR). 

Arginine Lysine                     Ascorbate                  Ethanol
Asparagine Phenylalanine Betaine Formate
Aspartate Proline Carnitine (C0)              Glycerol                   
Glutamate Serine                     Choline Pantothenate
Histidine Threonine Citrate Taurine
Isoleucine Tyrosine Creatine Myo Inositol
Leucine Valine                     Creatinine                 sn.Glycero.3.phosphocholine (Glycero-3PC)

Detected Metabolites
Aminoacids Others

 
 
 

Table S3: Average relative abundances of the serum metabolites detected by 1H-NMR according to 

response to NACT.  

 Resistant  Sensitive
Mean(Sd) Mean(Sd)

Arginine 38.57 (9.47) 34.03 (8.63) 0.0774 1.13 Up
Aspartate 24.37 (7.07) 21.49 (4.7) 0.0581 1.13 Up
Betaine 18.95 (6.01) 18.03 (7.54) 0.6546 1.05 Up
Carnitine 19.42 (5.45) 19.28 (3.91) 0.9055 1.01 Up
Choline 11.93 (3.12) 11.92 (2.92) 0.9959 1 Down
Citrate 31.28 (8.99) 30.96 (9.27) 0.9003 1.01 Up
Formate 25.4 (7.68) 20.98 (6.38) 0.0252 1.21 Up
Glutamate 47.72 (10.82) 43.93 (9.63) 0.1819 1.09 Up
Histidine 28.98 (7.34) 26.71 (7.53) 0.2904 1.08 Up
Isoleucine 31.02 (8.1) 33.28 (9.86) 0.4052 0.93 Down
Pantothenate 8.85 (2.24) 9.65 (3.57) 0.4037 0.92 Down
Phenylalanine 8.44 (3.55) 8.6 (3.98) 0.8903 0.98 Down
Serine 52.78 (12.91) 53.24 (12.29) 0.8947 0.99 Down
Taurine 50.9 (16.49) 48.77 (12.75) 0.578 1.04 Up
Valine 113.59 (22.75) 113.43 (26.24) 0.9825 1 Down
Ascorbate 17.07 (8.5) 15.91 (7.8) 0.6694 (W) 1.07 Up
Asparagine 17.2 (5.03) 16.08 (6.45) 0.576 (W) 1.07 Up
Creatine 19.21 (8.84) 16.55 (7.86) 0.2981 (W) 1.16 Up
Creatinine 18.94 (5.83) 19.92 (6.98) 0.6347 (W) 0.95 Down
Ethanol 52.96 (49.35) 76.4 (108.14) 0.6959 (W) 0.69 Down
Glycerol 60.39 (21.17) 63.43 (25.03) 0.9568 (W) 0.95 Down
Leucine 32.19 (8.16) 37.01 (8.2) 0.004 (W) 0.87 Down
Lysine 35.81 (6.89) 35.18 (8.25) 0.9281 (W) 1.02 Up
Proline 126.16 (36.54) 119.63 (35.4) 0.5356 (W) 1.05 Up
Threonine 44.87 (10.81) 41.73 (11.96) 0.2607 (W) 1.08 Up
Tyrosine 22.71 (6.63) 21.25 (6.02) 0.6959 (W) 1.07 Up
Myo Inositol 17.62 (5.4) 18.69 (4.54) 0.339 (W) 0.94 Down
Glycero 3-PC 22.68 (4.57) 23.92 (4.92) 0.2409 (W) 0.95 Down

Metabolites p-value Fold-Change Variation

 
 
 
 



Table S4: Contribution of the HR, Ki67, HER2, and serum metabolites as predictors of the response 

to NACT in different models obtained with RFE+LR. 

Models Intercept Leucine Formate Proline Valine HR- HR+ Ki67- Ki67+ HER2- HER2+

L
og

it
 (

R
T-

R
es

/S
en

s-
) I Metabolites 2.32 -2.6 1.56 0.65 2.62 - - - - - -

II Metabolites + HR 2.42 -2.75 1.55 0.8 2.39 -0.5 0.49 - - - -
III Metabolites + Ki67 2.4 -2.74 1.64 0.64 2.76 - - 0.13 -0.12 - -
IV Metabolites + HER2 2.48 -2.61 1.42 0.69 2.59 - - - - 0.34 -0.33
V Metabolites + HR + Ki67 2.42 -2.75 1.55 0.81 2.39 -0.5 0.49 -0.02 0.01 - -
VI Metabolites + HR + HER2 2.6 -2.74 1.51 0.84 2.39 -0.5 0.48 - - 0.33 -0.33
VII Metabolites + Ki67 + HER2 2.54 -2.73 1.48 0.7 2.73 - - 0.06 -0.06 0.33 -0.32
VIII Metabolites + Ki67 + HER2 + HR 2.62 -2.77 1.53 0.85 2.4 -0.51 0.5 -0.06 0.06 0.34 -0.34

RFE recursive elimi-tion features
LR logistic regression  

 
 

Table S5: Detailed performance of the models I to VIII in predicting the response to NACT.  

Model Performance in Train Set  (48 resistant/12 sensitive)
Resistant Sensitive Sensitivity (%) Specificity (%) PPV (%) NPV (%) Acc (%) CI.95

Resistant 35 2
I Metabolites Sensitive 13 10 73 83 95 43 75 0.62-0.85

Resistant 36 2
II Metabolites + HR Sensitive 12 10 75 83 95 45 77 0.64-0.87

Resistant 38 2
III Metabolites + Ki67 Sensitive 10 10 79 83 95 50 80 0.68-0.89

Resistant 40 2
IV Metabolites + HER2 Sensitive 8 10 83 83 95 56 83 0.71-0.92

Resistant 34 2
V Metabolites + HR + Ki67 Sensitive 14 10 71 83 94 42 73 0.6-0.84

Resistant 40 2
VI Metabolites + HR + HER2 Sensitive 8 10 83 83 95 56 83 0.71-0.92

Resistant 40 2
VII Metabolites + Ki67 + HER2 Sensitive 8 10 83 83 95 56 83 0.71-0.92

Resistant 37 2
VIII Metabolites + Ki67 + HER2 + HR Sensitive 11 10 77 83 95 48 78 0.66-0.88

Model Performance in Validation Set  (16 resistant/4 sensitive)
Resistant Sensitive Sensitivity (%) Specificity (%) PPV (%) NPV (%) Acc (%) CI.95

Resistant 14 3
I Metabolites Sensitive 2 1 88 25 82 33 75 0.51-0.91

Resistant 13 1
II Metabolites + HR Sensitive 3 3 81 75 93 50 80 0.56-0.94

Resistant 15 4
III Metabolites + Ki67 Sensitive 1 0 94 0 79 0 75 0.51-0.91

Resistant 15 3
IV Metabolites + HER2 Sensitive 1 1 94 25 83 50 80 0.56-0.94

Resistant 12 1
V Metabolites + HR + Ki67 Sensitive 4 3 75 75 92 43 75 0.51-0.91

Resistant 16 2
VI Metabolites + HR + HER2 Sensitive 0 2 100 50 89 100 90 0.68-0.99

Resistant 15 3
VII Metabolites + Ki67 + HER2 Sensitive 1 1 94 25 83 50 80 0.56-0.94

Resistant 15 2
VIII Metabolites + Ki67 + HER2 + HR Sensitive 1 2 94 50 88 67 85 0.62-0.97

PPV:  positive predict value/NPV: negative predict value/Acc:accuracy
RFE recursive elimi-tion features
LR logistic regression  
  



3. Supplementary figures 

 

 

 

 

 

Figure S1. Pathway Enrichment Analysis for the metabolites found as discriminatory, assuming as relevant 

those pathways with a p-value < 0.05. 
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5. DISCUSSÃO 

Como já bem explorado na introdução dessa tese, após o câncer de pele não 

melanoma que apresenta baixa letalidade, o câncer de mama é a neoplasia maligna mais 

prevalente no mundo. A mortalidade por câncer de mama depende do acesso ao tratamento, 

mas também do estádio ao diagnóstico, expressão dos marcadores imunohistoquímicos e 

resposta ao tratamento. Assim, marcadores diagnósticos bem como marcadores preditivos da 

resposta à quimioterapia, são hoje alvos de muitas pesquisas, pois tem uma grande implicação 

na prática clínica. Por isso, nesta tese, optamos por inicialmente realizar uma revisão da 

literatura onde observamos que os autores utilizaram as técnicas de RMN e EM em modelos 

animal e humano, além dos experimentos in vitro com linhagens celulares de diferentes subtipos 

de CM. Concluímos nesta revisão que estes estudos podem fornecer evidências para uso em 

práticas clínicas, enquanto a identificação de diferentes perfis metabólicos pode sugerir novos 

alvos moleculares e biomarcadores metabólicos que contribuirão para a estratificação de 

pacientes com diferentes subtipos de câncer de mama. Além disso, o conhecimento de vias 

metabólicas específicas pode impactar na avaliação de novos fármacos com possíveis 

repercussões na sobrevida de pacientes com câncer de mama. A pronta identificação de tumores 

resistentes à quimioterapia ajudaria na estratificação mais precoce e precisa dos pacientes, e na 

escolha de regimes terapêuticos específicos. Nossa revisão, publicada em 2018, recebeu até a 

presente data, 15 citações no Web of Science o que mostra a importância do tema.  

Recentemente, Vignoli et al. (2021) em uma revisão relacionada a metabólitos e 

lipoproteínas detectados por RMN em soro e plasma de pacientes concluíram que a 

metabolômica reflete o metabolismo do tumor, e pode fornecer uma imagem sistêmica do 

equilíbrio preciso entre o tumor e o metabolismo do hospedeiro, considerando as condições 

fisiológicas e imunológicas globais de cada paciente com CM. Além disso, demonstraram ter 

potencial de distinguir pacientes com CM em relação a controles saudáveis com alta precisão 

de discriminação e ainda, discerniram entre os pacientes com câncer de mama precoce com alto 

risco de recorrência e aqueles que podem ser curados apenas pela terapia loco-regional. Na era 

atual da medicina de precisão, isso representaria uma ferramenta inestimável para os médicos, 

que podem, por sua vez, oferecer terapias adjuvantes mais agressivas ao primeiro grupo e 

poupar o último de tratamentos cuja relação risco-benefício é baixa. Mostraram também que a 

aplicação da metabolômica para o estudo dos efeitos e da resposta a drogas (os chamados 

farmacometabolômicos) pode contribuir para a terapia medicamentosa personalizada, com 
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exemplos relevantes de suas aplicações no cenário do CM. Por fim, relataram que a lipidômica 

representa um complemento relativamente novo e promissor para a metabolômica de RMN 

mais clássica. Nesse cenário específico, a EM tem sido por muito tempo a tecnologia preferida, 

no entanto, avanços recentes na análise de RMN de plasma sanguíneo e soro permitiram seu 

uso mais amplo. A análise das lipoproteínas via RMN foi capaz de fornecer mais informações 

sobre as alterações metabólicas do hospedeiro induzidas por diferentes fatores clínico-

patológicos. 

Para os artigos 2 e 3 nós utilizamos as amostras estocadas no Biobanco do CAISM. 

O Biobanco 056 foi aprovado pela CONEP em 2016, sendo que até então não fazia parte da 

rotina do serviço do hospital. Desde então, todas as pacientes com CM quando atendidas no 

CAISM são convidadas a conceder material para o biobanco, após serem informadas, aceitarem 

e assinarem o TCLE, na primeira consulta ou no momento da biópsia. Para todas as mulheres 

submetidas à biópsia, um fragmento suplementar de tecido é coletado em um criotubo para 

armazenamento no biobanco.  

Neste estudo os prontuários foram preenchidos detalhadamente de uma forma 

prospectiva tanto das pacientes que entraram no segundo como no terceiro artigo. Dessa forma, 

planilhas e bancos de dados foram organizadas para que toda a coleta, extração e 

armazenamento possibilitasse esta pesquisa. Assim, esta pesquisa contribuiu de forma 

significativa para que o material de mulheres com câncer de mama começasse a ser coletado e 

armazenado de uma maneira rotineira e organizada.  

Inicialmente, estabelecemos uma parceria com o laboratório de Espectrometria de 

Massas da Universidade São Francisco comandado pela Prof.a Dr.a Andréia Porcari, a 

coorientadora nacional desta tese. Em seu laboratório foi realizada toda a parte experimental do 

artigo dois com EM.  

Foi estabelecida também, uma parceria com o Laboratório Nacional de Biociências 

que foi imprescindível para o processamento e aquisição destas amostras no aparelho de RMN. 

O LNBio se dedica à pesquisa e inovação de ponta com foco em biotecnologia e 

desenvolvimento de medicamentos. Seu laboratório é equipado com o aparelho de RMN e está 

estrategicamente organizado para encorajar o compartilhamento de infraestrutura e habilidades 

com os setores acadêmico e industrial. Assim, o LNBio otimiza e direciona seus recursos para 

as atividades de ciência, tecnologia e inovação.  

E por fim, estabelecemos uma parceria fundamental com o laboratório “Cheng Lab” 

focado em metabolômica por RMN, durante o período de cotutela, compondo a segunda metade 

do programa de doutorado. O laboratório do Dr. Cheng pertence ao Departamento de Patologia 
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do Massachusetts General Hospital − Harvard Medical School, e a expertise do coorientador 

internacional, permitiu amadurecer os resultados obtidos no artigo 3. A permanência em seu 

laboratório ocorreu de maneira presencial durante aproximadamente 2 anos e este período 

internacional foi fundamental para intercâmbio de informações, enriquecimento das análises 

dos dados por meio do aprendizado de técnicas experimentais de última geração e 

desenvolvimento de novas habilidades, sobretudo em experimentos in silico. 

Assim, no artigo 2, publicado em 2020, comparamos plasma e tecido de mulheres 

com carcinoma de mama, assim como plasma de mulheres com carcinoma e sem carcinoma. O 

principal achado foi a capacidade de metabólitos plasmáticos de identificação de mulheres com 

CM comparados a mulheres sem CM, mesmo incluindo tipos especiais e não especiais. Por 

outro lado, houve uma grande diferença entre os metabólitos detectados no tecido e no plasma. 

Trata-se de um estudo translacional, onde observamos que a metabolômica não direcionada 

acoplada a algoritmos de biologia de sistemas, além da abordagem convencional, pode 

potencializar a captura do metaboloma alterado em câncer de mama. Long et al. 2021, 

avaliando tumor e tecido adjacente por EM, observaram que a meta-análise realizada capturou 

com precisão as alterações nos componentes do metaboloma do câncer de mama. Os 

metabolismos do carbono central, da glutamina oxidativa, da purina, dos aminoácidos não 

essenciais e da glutationa se mostraram alterados. Houve também alterações substanciais de 

espécies de acilcarnitina e processos de oxidação de ácidos graxos. Segundo os autores, estas 

diversas vias contribuem para o início, progressão, metástase e resistência aos medicamentos 

do câncer de mama, sendo que a técnica de análise dos dados é extremamente importante para 

esta identificação. A utilização de um método computacional confiável para auxiliar na 

interpretação funcional de dados gerados a partir de estudos metabolômicos não direcionados 

exploratórios foi mais precisa. Ao realizar a análise de via metabólica usando apenas 

metabólitos previamente identificados, algumas vias metabólicas associadas com câncer em 

geral e ou câncer de mama foram identificadas. No entanto, o número de vias estatisticamente 

significativas foi reduzido substancialmente. Concluímos que além da detecção de metabólitos 

ser diferente em cada estudo, a maneira de analisar os resultados é fundamental. Essa 

divergência de resultados nos faz pensar na dificuldade de aplicação prática da metabolômica 

no diagnóstico do câncer de mama. 

No artigo 3, avaliamos marcadores de quimiorresistência, utilizando uma amostra 

de mulheres submetidas à QTNeo. O estudo desta tese contribuiu para identificar por RMN 

metabólitos obtidos antes do tratamento, presentes no soro de pacientes com CM que foram 

associados com a expressão de receptores hormonais e com a resposta patológica, grandes 
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preditores de sobrevida dessas mulheres. Em nosso estudo, descrevemos o uso potencial de 

metabolômica baseada em RMN na identificação de metabólitos séricos para predizer a resposta 

à quimioterapia neoadjuvante, especialmente quando alinhada a outras informações clínicas 

relevantes, como RH, Ki67 e HER-2. Nosso estudo também contribui na compreensão do 

comportamento dos metabólitos em relação à resposta à QTNeo. Observamos que as técnicas 

analíticas metabolômicas são diferenciadas pelo nível de sensibilidade, volume do material a 

ser analisado e métodos de preparação da amostra. As melhorias da plataforma analítica 

permitiram a coleta de alto rendimento de diferentes níveis moleculares com grandes 

quantidades de dados. A metabolômica é, portanto, uma abordagem atraente para fornecer 

informações sobre a biologia do câncer, pois é obtida por meio de um perfil metabólico e está 

associada a métodos complementares (Haukaas et al., 2017). Como claramente explicitado na 

discussão do Artigo 3, vários metabólitos aumentam e diminuem segundo a quimiorresistência. 

Diferentes vias metabólicas justificam essas mudanças. Estudos recentes têm se concentrado 

em abordagens in vitro e in vivo. No entanto, poucos correlacionaram as duas abordagens para 

validar a metodologia. Além disso, poucos avaliaram os diferentes subtipos de câncer de mama 

com relação às funções de tempo, estádio, drogas e duração do tratamento. É importante 

destacar que dados ômicos permitem uma visão mais clara dos sistemas biológicos a serem 

obtidos. Dada a natureza complementar dos diferentes níveis moleculares, os dados ômicos 

podem preencher lacunas entre genótipo e fenótipo, proporcionando assim uma compreensão 

abrangente das vias celulares, como as envolvidas no câncer de mama. Conforme muito bem 

explicitado na revisão de Menyhart et al. (2021) existe uma enorme diversidade na forma de 

abordar dados ômicos integrados e multidimensionais. Essas técnicas integram métodos de 

fusão multi-ômicas ideais para amostras combinadas, comparando abordagens integrativas 

supervisionadas, semi-supervisionadas e não supervisionadas, examinando o desenvolvimento 

de vias analíticas padronizadas ou destacando questões críticas relacionadas ao uso de 

estratégias simples versus multi-ômicas. Assim, acreditamos que nosso estudo com 

metabolômica, possa gerar dados importantes a serem integrados com outras metodologias 

ômicas. Apesar de suas grandes vantagens, os dados metabolômicos demoram a entrar na 

prática clínica. Um grande obstáculo é a diferença das abordagens metabolômicas e lacuna entre 

a geração de grandes volumes de dados em comparação com a capacidade de processamento. 

Iniciativas progressivas para impor a padronização do processamento de amostras e treinamento 

multidisciplinar de especialistas para análise e interpretação de dados são vitais para facilitar a 

tradução dos achados teóricos (Menyhart et al. 2021).  
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6. CONCLUSÃO 

• Artigo 1: A análise metabólica de fluidos e tecidos de pacientes com câncer de 

mama contribuiu para a compreensão da reprogramação da via metabólica envolvida na 

transformação neoplásica, prognóstico e resistência aos medicamentos. Vários estudos têm sido 

propostos para avaliar a reprogramação da via metabólica na quimiorresistência e identificar 

pacientes resistentes à quimioterapia. No entanto, existe a necessidade latente de pesquisas que 

analisem as vias metabólicas e sua conexão à resposta à quimioterapia. Isto poderia nortear a 

identificação de diferentes perfis metabólicos e a sugestão de novos alvos moleculares e 

biomarcadores metabólicos, permitindo uma estratificação de pacientes de diferentes subtipos 

de câncer de mama. Dessa forma, a elaboração e avaliação de novos fármacos de acordo com 

o conhecimento de vias metabólicas específicas poderiam repercutir positivamente na 

sobrevida de pacientes com câncer de mama. A pronta identificação de tumores resistentes à 

quimioterapia ajudaria em uma estratificação mais precoce e precisa dos pacientes e na escolha 

de regimes terapêuticos ajustados. 

• Artigo 2: Tanto o perfil lipídico do plasma detectado por CL-EM quanto o perfil 

lipídico do tecido detectado por DESI-MSI, puderam ser utilizados como métodos diagnósticos. 

Alguns indicadores de lesão tecidual não foram representados no plasma nas diferentes 

metodologias. Assim, este estudo mostrou, nas amostras de tecido e plasma concedidos por 

mulheres com carcinoma de mama que não foram submetidas anteriormente a nenhum tipo de 

tratamento, que cada matriz tem sua assinatura molecular própria, e que não há interposição 

dessas assinaturas do plasma e do tecido na mesma paciente. 

• Artigo 3: A análise metabolômica do soro das pacientes ofereceu acesso rápido às 

alterações metabólicas associadas à resistência e sensibilidade ao tratamento. Quando 

associamos ao status do marcador as técnicas de RFE e de regressão logística, foi obtido um 

painel metabolômico simples, que pôde ser usado para auxiliar no prognóstico e na previsão 

clínica da resposta à QTNeo de pacientes com CM. O estudo de prova de princípio relatado 

atestou o poder dessas técnicas em acelerar a definição do prognóstico do CM com excelente 

precisão. Embora a validação mais rigorosa dessa abordagem não direcionada com um grupo 

maior de pacientes seja necessária, este é o primeiro passo para o desenvolvimento de uma 

estratégia eficiente para a descoberta precoce de pacientes com CM resistentes à QTNeo. 
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8. ANEXOS 

8.1. ANEXO I 
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8.4. ANEXO IV 
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