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Resumo 

A caquexia é uma síndrome metabólica comumente encontrada em pacientes com cânceres de pâncreas 

ou pulmão. É caracterizada pela perda de massa muscular, com ou sem perda de tecido adiposo, a qual 

não pode ser revertida por suporte nutricional, e que induz pior resposta aos tratamentos radio e 

quimioterápicos e menor sobrevida. Os pacientes com caquexia apresentam alterações funcionais em 

processos fisiológicos, metabólicos e imunológicos, que resultam em desequilíbrio energético e 

proteico. Mediadores plasmáticos circulantes (fatores indutores de caquexia; FICs) desempenham um 

papel crucial no desenvolvimento de alterações sistêmicas que ocorrem na caquexia associada ao 

câncer. Embora muitos fatores derivados do tumor já tenham sido implicados com a patogênese da 

síndrome, as associações foram geralmente baseadas em seus níveis plasmáticos ou no perfil de 

expressão gênica na massa tumoral, mas ainda não é conhecido perfil de expressão dos FICs em células 

específicas que compõe o microambiente tumoral (MAT). Além das células tumorais, o MAT é 

composto por células residentes e recrutadas e pelas moléculas secretadas por essas células 

(secretoma). O presente projeto tem como objetivos caracterizar: 1) o perfil transcricional do 

secretoma de células do MAT de pacientes com câncer de pulmão (carcinoma pulmonar de células não 

pequenas; CPCNP), e 2) o perfil de expressão de FICs secretados em células individuais de pacientes 

com câncer de pâncreas (adenocarcinoma ductal pancreático; ADP). Para isso, foram utilizados dados 

de expressão gênica global, disponíveis publicamente, de pacientes potencialmente caquéticos com 

CPCNP (determinados por análises tomográficas) e ADP, separadamente.  Os dados transcriptômicos 

dos componentes do secretoma foram correlacionados com dados clínicos e de composição de células 

do sistema imune do MAT. Finalmente, avaliamos computacionalmente a potencial ação sinérgica de 

FICs, selecionados do secretoma, e sua interação com tecidos e órgãos afetados na caquexia através 

de predições de ligantes e receptores. Nossa estratégia permitiu identificar que pacientes caquéticos 

com CPCNP apresentam altos níveis de expressão de citocinas pró-inflamatórias derivadas 

principalmente de células T CD8. Além disso, esses pacientes apresentam um aumento de células 

exauridas em seu MAT. Para a análise dos pacientes com câncer de pâncreas, foi possível caracterizar 

o perfil celular de mediadores centrais da caquexia em resolução de células única, e predizer suas 

interações com receptores de tecidos-alvo na caquexia. Esses mediadores foram detectados como 

expressos em altos níveis pelas células neoplásicas pancreáticas. Dessa forma, nossos achados 

caracterizam o perfil de expressão de FICs secretados por células específicas do MAT em tumores de 

pulmão e pâncreas, bem como suas interações com o músculo esquelético, fígado e tecido adiposo. 

Em conjunto, nossos resultados servirão de base para o desenvolvimento de futuras estratégias 
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terapêuticas visando à minimização da perda de massa muscular, aumentando, assim, a sobrevida e a 

qualidade de vida dos pacientes com caquexia associada aos cânceres de pulmão e pâncreas.   
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Abstract 

Transcriptional Profile of Tumor Microenvironment Secretome for Identification of Potential 

Cachexia Mediators.  

Cachexia is a metabolic syndrome commonly found in pancreatic and lung cancer patients. It is 

characterized by loss of muscle mass, with or without loss of adipose tissue, which cannot be reversed 

by nutritional support, which induces worse response to radio and chemotherapy and lower survival. 

Cachectic patients have functional changes in physiological, metabolic, and immunological processes 

that result in energy and protein imbalance. Circulating plasma mediators (cachexia inducing factors; 

CIFs) play a crucial role in the development of systemic alterations that occur in cancer-associated 

cachexia. Although many tumor-derived factors have already been implicated in the pathogenesis of 

the syndrome, the associations were generally based on their plasma levels or gene expression profile 

in bulk tumor tissues, but the CIFs expression profile in single cells within the tumor 

microenvironment (TME) is not yet known. In addition to cancer cells, TME is composed of resident 

host cells and recruited cells, the products secreted by these cells (secretome). This project aims to 

characterize: 1) the secretome transcriptional profile of the TME cells from patients with lung cancer 

(non-small cell lung carcinoma; NSCLC), and 2) the expression profile of secreted CIFs in single cells 

of patients with pancreatic cancer (ductal adenocarcinoma). pancreatic; PDAC). Publicly available 

global gene expression data from potentially cachectic patients with NSCLC (determined by CT scans) 

and PDAC were individually evaluated. Transcriptomics data of secretome factors were correlated 

with clinical data and tumor immune composition of TME. Finally, we computationally evaluated the 

potential synergistic action of CIFs, selected in the secretome, and their interactions with tissues and 

organs affected in cachexia using predictions of ligands and receptors. Our strategy allowed us to 

identify NSCLC cachectic patients with high expression of pro-inflammatory cytokines mainly derived 

from CD8 T cells. In addition, these patients showed an increase in exhausted cells in their TME. In 

pancreatic cancer, it was possible to identify a core of pro-cachectic mediators, in single-cell 

resolution, able to interact with receptors in cachexia target tissues. These mediators are expressed at 

high levels by pancreatic neoplastic cells. Thus, our findings point to cachexia mediators secreted by 

specific TME cells in lung and pancreatic tumors with the potential to interact with muscle, liver, and 

adipose tissue. Taken together, our results may contribute as a basis for the development of future 

therapeutic strategies aiming to decrease muscle mass loss, thus increasing the survival and quality of 

life of patients with cancer cachexia. 
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1. Introdução 

Caquexia associada ao câncer 

 A caquexia é definida como uma síndrome metabólica complexa caracterizada pela perda de 

massa muscular, com ou sem perda de tecido adiposo, a qual não pode ser revertida por suporte 

nutricional1. Os pacientes com essa síndrome apresentam alterações funcionais em processos 

fisiológicos, metabólicos e imunológicos que resultam em desequilíbrio energético e proteico2. A 

caquexia pode estar associada com resistência à insulina, anorexia e inflamação1.  

Existe uma variedade de condições agudas ou crônicas associadas à caquexia. A síndrome é 

observada em pacientes após extensa lesão traumática e sepse3. Doenças infecciosas, como AIDS, 

malária e tuberculose, assim como doenças crônicas como fibrose cística, cirrose hepática, doença de 

Crohn, artrite reumatoide, acidente vascular cerebral, doenças degenerativas neurológicas, doença 

renal crônica, doença pulmonar obstrutiva crônica, insuficiência cardíaca crônica e o câncer também 

estão frequentemente associadas a caquexia3–6.  

 A caquexia associada ao câncer é uma síndrome multifatorial que afeta até 80% dos pacientes 

em estágios avançados da doença, e representa a causa direta de morte de até 20% de todos os pacientes 

oncológicos7. A caquexia está altamente associada a tipos específicos de tumores, como o de pâncreas, 

esôfago, estômago, fígado e pulmão e, da mesma forma, os pacientes com essas neoplasias têm o mais 

alto grau de perda de peso8–13. Em contrapartida, os pacientes acometidos por câncer de tireoide, mama, 

melanoma ou próstata apresentam um menor risco em desenvolver a síndrome (20-30% dos 

pacientes)14. A etiologia da caquexia associada ao câncer nos diferentes tipos tumorais envolve 

interações complexas e específicas entre o tumor e o hospedeiro que ainda não estão completamente 

elucidadas. 

A característica clínica mais proeminente da caquexia associada ao câncer é a perda de peso 

nos adultos, a qual pode ser corrigida pela retenção fluídica15. A caquexia no câncer emerge a partir 
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de alterações metabólicas induzidas pela presença do tumor, a qual acarreta perda de apetite (anorexia), 

anemia, baixos níveis de testosterona e de outros hormônios anabólicos15. A diminuição na ingestão 

do alimento e a anorexia acentuam a perda de massa muscular e corpórea, resultando numa condição 

de astenia, fraqueza, imobilidade e insuficiência cardíaca ou respiratória16. O estado caquético no 

câncer representa prognóstico desfavorável, e diminuição da qualidade de vida e da resposta aos 

tratamentos radio e quimioterápicos17,18. A caquexia afeta uma proporção considerável de pacientes 

com câncer de pulmão19, com até 80% dos pacientes apresentando alto risco de desenvolver a síndrome 

dependendo do estágio tumoral14. 

Caquexia associada ao câncer de pulmão 

O câncer de pulmão é o mais comum no mundo - mais de 2 milhões de novos casos foram 

diagnosticados em 2020 - e é o que mais leva ao óbito, sendo responsável por mais de 1 milhão de 

mortes20. Segundo o INCA (Instituto Nacional de Câncer, 2020, http://www.inca.gov.br/), no Brasil, 

são estimados 17.760 novos casos de câncer de traqueia, brônquios e pulmão entre os homens, e 12.440 

novos casos entre as mulheres21. O câncer de pulmão é uma das principais causas de morte evitáveis, 

pois é geralmente diagnosticado em estágios mais avançados da doença22; a sobrevida média em um 

total de cinco anos varia entre 13 a 21%, em países desenvolvidos, e entre 7 e 10%, nos países em 

desenvolvimento21. O câncer de pulmão apresenta-se em duas formas principais, que são classificadas 

de acordo com sua característica histológica: câncer pulmonar de células pequenas (CPCP, da sigla, 

em inglês, SCLC, Small-Cell Lung Cancer), que representa cerca de 15% de todos os tipos de câncer 

de pulmão, e o câncer pulmonar de células não pequenas (CPCNP, da sigla, em inglês, NSCLC, Non-

Small-Cell Lung Cancer), que prevalece em cerca de 85% dos casos22,23. Os CPCNP mais frequentes 

são de três subtipos: adenocarcinoma, carcinoma de células escamosas (Squamous-cell carcinoma, em 

inglês) e carcinoma de grandes células (em inglês, Large-cell Lung Cancer)23, sendo o adenocarcinoma 

e o carcinoma de células escamosas os mais comumente encontrados na população23,24. O fumo ou 

http://www.inca.gov.br/
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exposição passiva ao tabaco estão associados à 90% dos casos de câncer de pulmão25. Fumar pode 

causar todos os tipos de câncer, porém, está fortemente relacionado com CPCP e carcinoma de células 

escamosas; e o adenocarcinoma é o tipo mais comum em pacientes não fumantes23. Além dos 

diferentes fatores de riscos envolvidos com a etiologia de cada subtipo, sabe-se que o subtipo pode 

determinar o melhor tratamento26. Os subtipos de CPCNP possuem distinções moleculares 

importantes: mutações em EGFR e translocações em ALK são aberrações gênicas frequentemente 

encontradas em pacientes com adenocarcinoma pulmonar27. As terapias personalizadas para essas 

alterações em adenocarcinomas mostraram-se eficazes para o tratamento da doença quando comparado 

à quimioterapia padrão28. Esses achados, além de modificar a forma de tratar esses pacientes, mudou 

também a classificação histopatológica do câncer de pulmão, pois a terminologia CPCNP não abrange 

essas especificidades. Em 2015, o termo CPCNP foi revisto e excluído, determinando-se os 

adenocarcinomas e carcinomas de células escamosas como os mais prevalentes tipos histológicos de 

tumores pulmonares epiteliais26. Entretanto, a prevalência de caquexia é geralmente reportada para 

CPCNP e CPCP, sem distinção dos subtipos26. Estima-se que 83% dos pacientes com CPCNP 

apresentam a síndrome, enquanto 61% dos pacientes com CPCP possuem caquexia-anorexia29. 

Pacientes com os subtipos mais prevalentes de CPCNP (adenocarcinomas e carcinomas de célula 

escamosas) apresentam caquexia em frequências similares30. Considerando-se que a caquexia tem 

maior prevalência em CPCNP do que em CPCP, e ainda, que o risco de desenvolvimento de caquexia 

é similar para os subtipos de CPCNP, este presente estudo busca ampliar a compreensão da caquexia 

considerando os pacientes com CPCNP, com enfoque em dados de adenocarcinoma e carcinomas de 

células escamosas combinados. 

Embora existam avanços no diagnóstico precoce e tratamento padrão, o câncer de pulmão é 

frequentemente diagnosticado em um estágio avançado e tem prognóstico desfavorável23. Dentre as 

causas desse prognóstico desfavorável do câncer de pulmão, destaca-se o desenvolvimento de caquexia 

em muitos pacientes, o que contribui para maior mortalidade da doença; estima-se que apenas 20% 
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dos pacientes em risco de desenvolvimento da caquexia sobrevivem até 5 anos após o diagnóstico14,31–

33. A perda de massa muscular esquelética na caquexia associada ao câncer de pulmão pode levar a 

uma substancial perda de peso e diminuição do índice de massa corporal (IMC), os quais estão 

associados a pior evolução em pacientes com CPCNP31,34,35.  

Estudos utilizando imagens de tomografia computadorizada (TC) revelaram perda de massa 

muscular oculta em pacientes com CPCNP com peso corporal estável19,36. Além disso, em pacientes 

com CPCNP, tanto a perda de massa muscular bem como a detecção, por imagens de TC, de uma 

menor área muscular (muscularidade) têm sido associadas a um menor tempo de progressão do tumor, 

maior risco de toxicidade por quimioterapia e menor sobrevida19,36–41. A perda de massa muscular, 

detectada por imagens de TC, também afeta negativamente o estado funcional e a qualidade de vida 

desses pacientes42,43. A detecção de uma área muscular através de imagens de TC tem sido associada 

à alterações nas concentrações de marcadores de inflamação (albumina sérica e proteína C-reativa) 

[revisado por Collins et al., 44]. Estudo recente desenvolvido por nosso grupo de pesquisa demonstrou 

que a área dos músculos peitorais é um importante preditor de caquexia associada ao CPCNP, pois 

pacientes com baixa muscularidade apresentam aumento na expressão gênica de citocinas pró-

inflamatórias, como IL-8, IL-6 e CSF3, no tecido tumoral, as quais estão associados a uma menor 

sobrevida30. Entretanto, ainda não são totalmente conhecidos os mecanismos moleculares e as 

principais células tumorais que contribuem para a produção dessas citocinas nos carcinomas 

pulmonares. 

O câncer de pulmão é relevante para o estudo da caquexia e identificação de potenciais 

marcadores moleculares e alvos terapêuticos, pois é possível separar pacientes com câncer que 

desenvolvem a síndrome dos que não são acometidos, e investigar suas diferenças. Entretanto, a 

síndrome é ainda mais relevante no câncer de pâncreas, pois acomete 80-90% dos pacientes13, portanto, 
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resultados identificados em câncer de pâncreas também podem auxiliar na compreensão da síndrome. 

Veremos isso com maiores detalhes no tópico abaixo. 

Caquexia associada ao câncer de pâncreas 

O tipo histológico de câncer de pâncreas mais comum é o adenocarcinoma, o qual se origina 

no tecido glandular (tumores na região exócrina), e podem surgir a partir do epitélio ductal ou de 

células acinares 45. O adenocarcinoma ductal do pâncreas (ADP) representa 80-90% dos tipos 

histológicos46. Apesar de não ser um dos tipos de câncer mais incidente entre homens e mulheres - 

pois é responsável por cerca de 2% dentre todos os tipos de câncer diagnosticados - o câncer de 

pâncreas é agressivo e de difícil detecção, apresentando, portanto, alta taxa de mortalidade21. Estima-

se que menos de 8% dos pacientes com câncer de pâncreas sobrevivem até cinco anos após o 

diagnóstico 47. No Brasil, em 2018, cerca de 5.497 homens e 5.601 mulheres foram à obtido pela 

doença, de acordo com os dados publicados pelo INCA21. Mundialmente, o câncer de pâncreas, é a 

sétima principal causa de morte48, mas projeta-se que futuramente o câncer de pâncreas irá ultrapassar 

o câncer de mama como a terceira principal causa de morte na Europa 49. Em 2020, 495.773 novos 

casos foram diagnosticados no mundo e 466.003 pacientes foram a óbito, destacando-se, mais uma 

vez, a alta mortalidade do câncer de pâncreas20. Mesmo considerando a dificuldade de determinar 

quantas dessas mortes resultam diretamente da caquexia, é bastante evidente que a caquexia contribui 

significativamente para as altas taxas de mortalidade do câncer de pâncreas50. 

A caquexia associada ao ADP apresenta a maior prevalência dentre todos os tipos de câncer, 

sendo encontrada em 80 a 90% dos pacientes13, podendo ocorrer até mesmo em pacientes em estágios 

iniciais da doença, em que a ressecção cirúrgica do tumor ainda é possível51. Por essa razão, o ADP é 

o câncer mais amplamente estudado na busca de biomarcadores da caquexia e de mecanismos 

moleculares pela qual a síndrome se estabelece52–56. Entretanto, ainda há certa discordância entre 

alguns achados. Embora IL-6, IL‐1β, TNF-α, INF- sejam amplamente utilizados como biomarcadores 
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circulantes de caquexia capazes de induzir alterações morfofisiológicas no músculo esquelético57, 

Talbert e colaboradores demonstraram baixos níveis séricos dessas citocinas inflamatórias em 

pacientes com ADP, as quais não se associaram à caquexia nas condições investigadas, mas outros 

fatores como leptina, GM-CSF e MCP-1 foram associadas à sindrome52. Esses resultados reforçam a 

necessidade de se estudar mais profundamente os fatores indutores de caquexia em pacientes com ADP 

para se atingir um consenso. Ainda assim, é evidente que a inflamação é extremamente relevante no 

câncer de pâncreas. De fato, nosso grupo de pesquisa demonstrou recentemente que o ADP apresenta 

aumento na expressão gênica de significativa parte dos mais conhecidos fatores indutores de caquexia, 

enquanto tumores menos associados à síndrome regulam positivamente apenas uma pequena parcela 

desses fatores58. Além disso, tumores pancreáticos com baixa pureza tumoral, ou seja, com baixa 

quantidade de células neoplásicas e alta quantidade de infiltração de células normais (como células 

imunes, fibroblastos, etc.) também expressam, em maiores proporções, os fatores que induzem 

caquexia58. Esses resultados demonstram que a inflamação derivada do microambiente tumoral tem 

um papel chave no desenvolvimento de caquexia. Todavia, a caracterização das células que 

promovem a baixa pureza tumoral encontrada nos tumores de pâncreas, e por consequência, 

seus mecanismos moleculares que contribuem para o processo inflamatório, necessitam maiores 

investigações. 

Considerando a relevância da caquexia para o câncer de pulmão e de pâncreas, e ainda, a 

urgência de se compreender a influência do microambiente imune tumoral na indução de alterações 

imunológicas que contribuem para o estado caquético nesses pacientes, este estudo busca entender a 

origem da inflamação derivada de tumores de pulmão e pâncreas, como também investigar se os 

mecanismos imunológicos são semelhantes ou distintos em cada um dos tipos tumorais. Entretanto, a 

relevância da inflamação na caquexia é evidente para ambos os cânceres de pulmão e pâncreas. 
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Inflamação derivada do tumor na caquexia associada ao câncer 

A etiologia da caquexia associada ao câncer no câncer de pâncreas e pulmão envolve interações 

tumor-hospedeiro muito complexas e específicas que ainda precisam ser completamente elucidadas. 

A ação combinatória de mediadores solúveis (fatores indutores de caquexia) secretados por células 

cancerosas e do microambiente tumoral58, incluindo muitas citocinas pró-inflamatórias, contribuem 

para a inflamação sistêmica, e atuam diretamente no músculo esquelético induzindo a perda de massa 

muscular13,18,59,60. Consequentemente, os esforços para identificar mediadores e biomarcadores estão 

centrados nos níveis desses fatores caquéticos no plasma52,61–65. Muitos desses fatores que circulam no 

sangue são derivados de células cancerosas e do microambiente tumoral58. Entretanto, ainda não está 

claro quais são as principais células tumorais responsáveis pela produção desses fatores. Portanto, a 

caracterização do perfil de expressão gênica célula-específica tem o potencial de revelar padrões 

transcricionais que contribuem para compreensão dos mecanismos pelos quais ocorre o 

desenvolvimento de caquexia no câncer de pulmão e pâncreas. 

Dentre as citocinas pró-inflamatórias associadas à caquexia, as interleucinas (IL-1β, IL-6), o 

fator de necrose tumoral (TNF-α) e o interferon (INF-) tem uma grande importância pois atuam 

sistemicamente para o desenvolvimento de alterações celulares e moleculares que resultam na perda 

de função e massa muscular13,18,59. Esses fatores caquéticos podem ser produzidos e secretados pela 

célula tumoral ou pelas células do microambiente tumoral (MAT)13,66. De forma geral, as citocinas 

pró-inflamatórias são liberadas na circulação sanguínea e induzem uma inflamação sistêmica que afeta 

principalmente o cérebro, fígado, e os tecidos adiposo e muscular esquelético, com consequente 

indução de anorexia, aumento da produção de proteínas de fase aguda, perda de tecido adiposo e massa 

muscular18,67 (Figura 1). No entanto, a detecção dos níveis circulantes destas citocinas pró-

inflamatórias geralmente são realizadas em pacientes com doença avançada, incluindo muitos 

pacientes submetidos à segunda ou terceira linhas de tratamento quimioterápico.  
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Figura 1. Alterações metabólicas em tecidos-alvo induzidas pelo secretoma tumoral durante a caquexia 

associada ao câncer. Citocinas pró-inflamatórias e fatores solúveis são secretados pelo microambiente tumoral 

e induzem alterações metabólicas em diversos órgão e tecidos: modificação do controle neuroendócrino do 

apetite no sistema nervoso central; escurecimento e perda do tecido adiposo; aumento da síntese de proteínas 

de fase aguda no fígado; e redução da massa muscular (adaptado de Tsoli & Robertson18). 

A IL-6 também apresenta-se aumentada no soro de pacientes caquéticos em estágios iniciais e 

tardios da doença, e tem se mostrado essencial na atrofia muscular em diversos modelos experimentais 

de caquexia associada ao câncer68,69. A inibição da STAT3, um de seus alvos, atenua a perda de massa 

muscular, demonstrando o potencial dessa citocina como alvo farmacológico no tratamento da 

caquexia70. Os níveis circulantes de IL-6 também estão elevados em diversos modelos experimentais 

de caquexia associada ao câncer, nos quais apresenta um envolvimento direto na perda de massa 

muscular71–74. Medicamentos anti-IL-6 estão atualmente em desenvolvimento, sendo o anticorpo 

monoclonal humanizado clazakizumabe (ALD518) o único agente anti-IL6 específico que foi avaliado 

em ensaios clínicos para o tratamento da síndrome75. O ensaio clínico em fase II utilizando-se desse 

tratamento foi conduzido em uma população de 124 pacientes com CPCNP incuráveis, diagnosticados 

com caquexia definida por perda de peso corporal maior que 5% nos últimos 3 meses76. O 

clazakizumabe inibe a IL-6, é bem tolerado, e melhora a anemia e caquexia nesses pacientes76,77, mas 
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não induz reversão do quadro e não altera a sobrevida global dos pacientes78. Inibidores de TNF-α e 

IL-1a também estão sendo testados em estudos clínicos de fases II e III.  A talidomida (inibidor de 

TNF-α com ação anti-inflamatória) mostrou-se eficaz em aumentar o apetite e reduzir a perda de peso 

e massa magra em pacientes com caquexia associada ao câncer de pâncreas, e o MABp1 (anticorpo 

anti-IL-1a) aumentou significativamente a sobrevida e reduziu perda de massa muscular de pacientes 

com câncer colorretal (revisado por Cao et. al., 78). Mais estudos são necessários para confirmar a 

eficácia dessas e outras drogas no tratamento da caquexia, pois ainda não há protocolo atual ou 

intervenção bem-sucedida para o tratamento da caquexia associada o câncer78. O único medicamento 

disponível atualmente para o tratamento da caquexia é a anamorelina – um agonista do receptor da 

grelina79. O medicamento foi aprovado, até o momento, para alguns tipos de câncer (CPCNP e cânceres 

gastrointestinais), somente no Japão80. Estudos clínicos de fase II e III demonstram que a anamorelina 

contribui para diminuição da perda de peso, recuperação de massa muscular, apetite e qualidade de 

vida, embora não tenha eficácia na recuperação da função muscular (força) e, tampouco, aumenta a 

sobrevida dos pacientes 78. 

Outra importante citocina pró-inflamatória mais recentemente estudada na caquexia é a 

interleucina-8 (IL-8). A expressão de IL-8 nos tecidos tumorais está associada ao estado caquético e 

ao pior prognóstico em câncer de pâncreas81,82. Os pacientes caquéticos com alta expressão de IL-8 

nos tecidos tumorais apresentaram menor sobrevida global ou sobrevida livre de doença82. Além disso, 

existe uma associação entre o aumento no nível de expressão de IL-8 em amostras de tumor pareadas 

com amostras de soro e o tamanho do tumor desses mesmos pacientes82. Também já foi demonstrado 

uma associação entre o aumento da IL-8 no microambiente tumoral e sistêmico com o aumento da 

perda de peso e massa muscular em camundongos induzidos à caquexia pelo xenotransplante de 

tumores pancreáticos de pacientes caquéticos81. Além disso, nosso grupo de pesquisa demonstrou que 

pacientes com câncer de pulmão que possuem menor área de músculos peitorais apresentam um 
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aumento de expressão gênica de IL8 no tecido tumoral30. Ainda, nesse mesmo estudo, demonstramos 

que a IL-8 recombinante é capaz de induzir diretamente a atrofia em C2C12 miotubos “in vitro”.  

Essas informações demonstram que a caquexia associada ao câncer está extremamente 

relacionada com inflamação sistêmica, a qual parece ser provocada pelos efeitos do aumento de 

citocinas pró-inflamatórias e outros fatores solúveis produzidas pelo paciente em resposta ao tumor, 

ou ainda pelo tumor em si, em especial por fatores secretados por células do MAT (como revisado por 

Tsoli et al.,18). De fato, macrófagos ativados infiltrados no MAT de ratos caquéticos são responsáveis 

por secretar citocinas que podem contribuir para o desequilíbrio metabólico observado na caquexia66. 

Portanto, a análise do perfil de expressão de genes que codificam proteínas preditas como secretadas 

no MAT de pacientes com caquexia associada ao câncer de pulmão e pâncreas, bem como a 

determinação das células do MAT responsáveis pela secreção dessas moléculas, pode contribuir para 

a identificação de mediadores e biomarcadores da síndrome.  

Microambiente tumoral na caquexia associada ao câncer 

 O MAT é composto por células tumorais e não tumorais que podem compreender: células 

neoplásicas, células hospedeiras residentes e recrutadas, produtos secretados dessas células (tais como 

citocinas e quimiocinas) e pelos componentes não celulares dispostos na matriz extracelular83,84. O 

MAT contém células do sistema imunológico, células de vasos sanguíneos e linfáticos, bem como 

fibroblastos, células epiteliais, pericitos e, eventualmente, adipócitos85 (Figura 2). As células não 

tumorais do MAT têm uma função dinâmica e frequentemente promotora de tumores em todos os 

estágios da carcinogênese86. A comunicação intercelular no MAT é impulsionada por uma rede 

complexa e dinâmica de citocinas, quimiocinas, fatores de crescimento, enzimas de remodelação de 

matriz e citocinas inflamatórias num meio com grandes perturbações nas propriedades físicas e 

químicas do tecido84.  
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Figura 2. Esquema representativo da composição do microambiente tumoral, que pode consistir-se em: células 

neoplásicas, células estromais (fibroblastos e endoteliócitos), células imunes (células T, neutrófilos e 

macrófagos) e componentes acelulares da matriz extracelular. Cancer cell: célula neoplásicas; Fibroblast: 

fibroblasto; T cell: célula T; Neutrophil: neutrófilo; Macrophage: macrófago; Endothelial cell: células 

endoteliais; Extracelullar matrix: matriz extracelular. Ilustração criada por Lau and Vander Heiden, 2020 87. 

 

 O MAT de diferentes órgãos é distinto e, portanto, intercomunicação entre células tumorais 

infiltrando um órgão específico e o microambiente desse órgão é diferente quando comparado com 

outros órgãos83. Dados genômicos e transcriptômicos derivados de amostras de massa tumoral têm 

sido utilizados para estudar o MAT; e as medidas de infiltração imune definem subtipos moleculares 

de câncer de ovário, melanoma e pâncreas88–90, sendo a expressão de genes do sistema imune variável 

de acordo com o subtipo molecular em outros tipos tumorais91. A caracterização do microambiente 



                

20 

 

imune utilizando as assinaturas de expressão gênica, análise de receptores de células T, repertório de 

receptores de células B e análises para identificar alvos imunológicos neo-antigênicos, fornecem uma 

riqueza de informações em muitos tipos de câncer e têm valor prognóstico92–100. Uma extensa análise 

imunogenômica em mais de 10.000 casos, compreendendo 33 tipos diferentes de câncer, utilizando 

dados compilados do The Cancer Genome Atlas (TCGA) identificou seis subtipos imunes, 

classificados como: cicatrização de feridas, dominante de IFN-γ, inflamatório, depletado de linfócitos, 

imunologicamente silencioso e dominante de TGF-β. Esses subtipos foram caracterizados por 

diferenças nas assinaturas de macrófagos ou linfócitos, proporção de células Th1:Th2 e extensão da 

heterogeneidade intratumoral, aneuploidia, extensão da carga neo-antigênica, proliferação celular 

global, expressão de genes imunomoduladores e prognóstico101. Esse estudo demonstrou que o subtipo 

imunológico de cada tumor se associa ao desfecho clínico da doença, principalmente às taxas de 

sobrevida dos pacientes de acordo com seu subtipo. 

Outro aspecto bastante relevante para compreensão do MAT é a pureza do tumor, determinada 

pela proporção de células malignas na composição heterogênea de tipos celulares que compõem o 

tumor. Até recentemente, a pureza do tumor era estimada por um patologista, principalmente por 

análise visual ou de imagem de células tumorais. Com o avanço das tecnologias genômicas, muitos 

novos métodos computacionais surgiram para inferir a pureza do tumor. Esses métodos fazem 

estimativas usando diferentes tipos de informações genômicas, como expressão gênica102, variação de 

número de cópias somáticas103–105, mutações somáticas103,106 e metilação do DNA103,107. Aran et al. 108 

realizaram uma análise Pan-Cancer utilizando 21 tipos tumorais do TCGA, a qual demonstrou que, 

independentemente do método utilizado, os padrões de pureza diferem por tipo de câncer, com alta 

pureza (acima de 90% de células neoplásicas) em carcinoma adrenocortical e glioma de baixo grau, e 

baixa pureza (<70% de células neoplásicas) em cânceres resultantes de exposições crônicas 

mutagênicas, como o adenocarcinoma de pulmão, carcinoma de células escamosas e carcinoma de 

células escamosas de cabeça e pescoço. Os tumores pancreáticos (principalmente) e pulmonares são 
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conhecidos por apresentarem a mais alta prevalência de caquexia13,14, também apresentam baixa 

pureza tumoral, caracterizada por uma baixa celularidade neoplástica e uma alta fração leucocitária 

infiltrada no microambiente tumoral 101,109. Além disso, os tumores de pâncreas classificados como de 

baixa pureza são aqueles que apresentam maior expressão de genes do secretoma associados à indução 

de caquexia58. 

Como a ação combinatória de mediadores solúveis secretados (secretoma) por células tumorais 

e células do microambiente tumoral, incluindo muitas citocinas pró-inflamatórias, contribui para a 

inflamação sistêmica e atua diretamente no músculo esquelético para induzir a perda de massa13,18,59,60, 

a caracterização celular e molecular do MAT pode fornecer novos conhecimentos para compreensão 

da caquexia associada ao câncer. De fato, Matsuyama et al.110 demonstraram que diferenças no 

microambiente onde as células tumorais se desenvolvem podem afetar a progressão e o fenótipo da 

caquexia associada ao câncer através de alterações em vários fatores circulantes derivados do 

microambiente tumoral. Além disso, a intercomunicação entre o tumor e tecidos periféricos é mais 

pronunciado em pacientes caquéticos, em comparação com pacientes com peso estável111. Portanto, 

embora ainda pouco explorada, a caracterização do perfil de expressão gênica de cada célula individual 

que compõe o MAT na caquexia do câncer é de fundamental relevância pois pode revelar mediadores 

de comunicação celular do MAT e gerar novos alvos para tratamento da caquexia e biomarcadores 

para diagnóstico precoce da síndrome.  

A composição e função do MAT pode indicar a terapia mais adequada para pacientes 

oncológicos. A imunoterapia, por exemplo, tem como principal objetivo regular o microambiente 

tumoral reduzindo a presença de antígenos tumorais112. A evasão imunológica no MAT é mediada pela 

sinalização PD-L1 expresso pelas células neoplásicas e seu ligante PD-1 nas células T113. Inibidores 

de checkpoint imunológico dessas moléculas tem mostrado eficácia na restauração da citotoxicidade 

de células T112. Além disso, estudos recentes demonstram que pacientes com caquexia associada ao 
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câncer possuem maiores taxas de falha em monoterapia com pembrolizumabe (anti-PD-1) do que os 

pacientes com câncer não-caquéticos114. Portanto, a compreensão do MAT pode revelar novos 

potenciais tratamentos imunoterápicos para aumentar sua eficácia em pacientes com caquexia 

associada ao câncer.  

Transcriptoma “single-cell” para análise do microambiente tumoral 

 O rápido desenvolvimento do sequenciamento de RNAs de células individuais (do inglês, 

single-cell transcriptome; scRNA-seq) também tem oferecido oportunidades sem precedentes para o 

estudo da heterogeneidade molecular e celular do ecossistema do MAT de diferentes tipos de cânceres 

associados com a caquexia como, por exemplo, de pâncreas, cabeça e pescoço, fígado e pulmão115–122. 

Estudos com scRNA-seq em câncer de pulmão focam principalmente na caracterização do infiltrado 

inflamatório do tumor para avaliar a potencial resposta à tratamentos imunoterápicos, mostrando-se 

uma nova abordagem para estratificar os pacientes e revelar assinaturas imunes no câncer de 

pulmão122,123. Além disso, o scRNA-seq em carcinomas pancreáticos, embora ainda em menor 

extensão, tem sido realizado para caracterizar globalmente o perfil e composição de tumores 

pancreáticos124,125. 

Embora os diferentes tipos de células e tecidos tenham sido historicamente caracterizados pela 

sua morfologia e seu fenótipo, o recente desenvolvimento de métodos moleculares permitiu descrições 

cada vez mais precisas de suas propriedades, tipicamente medindo padrões de expressão de proteínas 

ou RNA mensageiro126–128. Os avanços tecnológicos também expandiram a multiplicação de medidas, 

de modo que o RNA-Seq pode agora enumerar praticamente todas as moléculas de RNAs mensageiros 

de uma única célula129–134. Essa nova abordagem forneceu insights sobre a biologia celular e 

composição de órgãos de vários organismos. A caracterização global de células T em CPCNP, através 

de scRNA-seq, revelou a existência de 16 subgrupos de células T CD4+ e CD8+ com diferentes estados 
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funcionais e dinâmica dentro do MAT, a qual se associou ao prognóstico dos pacientes, fornecendo, 

assim, novos parâmetros para estratificação do CPCNP122.  

Apesar de o scRNA-Seq ter surgido como uma técnica poderosa para caracterizar a 

heterogeneidade celular de tumores, atualmente é impraticável em coortes com grandes quantidades 

de amostras, e não pode ser utilizada com amostras coletadas e fixadas como parte do atendimento 

clínico de rotina. Entretanto, o perfil de expressão gênica de células individuais, obtido nesses 

experimentos de scRNA-Seq, pode ser utilizado como referência para dissecar in silico amostras 

tumorais complexas, estimando a abundância dos tipos celulares a partir dos dados do transcriptoma 

da massa tumoral. Vários algoritmos já foram desenvolvidos para predizer os tipos celulares a partir 

dados de expressão gênica de tecidos tumorais, incluindo EPIC135, ESTIMATE102, XCell136, 

CIBERSORT137 e CIBERSORTx138. Portanto, análises de transcriptomas obtidos por RNA-Seq 

podem ser utilizados para determinar os tipos celulares presentes nos tumores de pacientes caquéticos, 

comparando-se com o perfil de expressão gênica de células individuais obtidos por scRNA-Seq, a 

partir do mesmo tipo tumoral. Essa análise também tem o potencial de inferir o secretoma tumoral de 

cada uma das células que o compõe, auxiliando na identificação das células responsáveis pela secreção 

de fatores caquéticos no MAT. 

Secretoma tumoral 

Recentes avanços na genômica, transcriptômica e proteômica tem auxiliado a esclarecer o 

efeito do tumor em tecidos e órgãos adjacentes ou distantes através da análise do seu secretoma59. 

Secretoma representa o conjunto de macromoléculas secretadas por células, as quais permitem 

comunicação celular139,140. O termo secretoma foi cunhado por Tjalsma e colaboradores para denotar 

todos os fatores secretados por uma célula e, também, os constituintes da via secretória141. A definição 

de secretoma, então, foi revisada para incluir apenas proteínas secretadas no espaço extracelular139,140. 
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O secretoma tumoral apresenta um papel importante em aspectos conhecidos do câncer, como 

proliferação celular, apoptose, angiogênese, alteração no metabolismo energético e desenvolvimento 

de resistência contra a terapias anticâncer139. O secretoma tumoral pode ser avaliado através de meio 

condicionado de linhagens celulares, líquidos intersticiais do tecido/tumor e fluídos corporais 

(revisado por Schaaij-Visser et al.,142). Portanto, a análise do secretoma tem grande potencial em 

revelar mediadores, biomarcadores e alvos para tratamento da caquexia. Muitas metodologias estão 

disponíveis para a identificação dos componentes do secretoma; entretanto, o uso de ferramentas 

ômicas (microarranjos, sequênciamento e espectometria de massas) tem se destacado nos últimos anos 

(revisado por Mukherjee et al.,143). Análises proteômicas revelaram que o secretoma de pacientes com 

câncer de pulmão, mama e colorretal possui biomarcadores relacionados ao aumento de sobrevida dos 

pacientes (revisado por Schaaij-Visser et al.,142).  

As proteínas podem ser secretadas por uma célula através de vias de secreção clássica e não-

clássica. As proteínas são, majoritariamente, secretadas pela via clássica, as quais são destinadas ao 

meio extracelular, em vesículas, pelo reticulo endoplasmático rugoso e complexo de Golgi 144. Para 

ser destinada à essa via, é necessário que a proteína contenha em sua sequência de aminoácidos um 

peptídeo-sinal e um sítio de clivagem antes da região de sequência madura145. As proteínas secretadas 

por vias não-canônicas geralmente são localizadas no citoplasma ou núcleo células (proteínas com 

peptídeo-sinal também podem ser secretadas por outras rotas celulares) e podem ser secretadas através 

de microvesículas, exossomos, canais ou transportadores de membrana, lisossomos secretórios, etc146. 

Entretanto, independente da via de secreção, é possível predizer, através de ferramentas 

computacionais, a secreção de proteínas. A análise da sequência de peptídeos de uma proteína pode 

ser utilizada para estimar a presença do peptídeo-sinal145 ou redes neurais podem predizer proteínas 

secretadas por vias não-clássicas147.  O banco de dados Human Protein Atlas (HPA) possui a 

classificação mais atualizada do secretoma humano. Essa extensiva caracterização foi possível através 

das ferramentas computacionais anteriormente citadas e, também, pelo mapeamento e classificação da 
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localização subcelular em dezenas de milhares de imagens de microscopia confocal de alta resolução 

de proteínas humanas marcadas por imunofluorescência148. 

Algumas abordagens transcriptômicas têm sido utilizadas para desvendar o secretoma de uma 

célula ou de um tipo de tecido específico149. Em um estudo pioneiro de análise do transcriptoma 

utilizando microarranjos, Welsh et al. 150 descreveram o aumento da expressão de 74 genes que 

codificam proteínas secretadas em cânceres humanos. Apesar do número reduzido de genes preditos 

como codificadores de proteínas secretadas e do número relativamente baixo de amostras de tecido 

analisadas nesse estudo, uma fração significativa desses genes de secretoma, que apresentavam 

aumento da expressão em carcinomas, foi validada como desregulada no câncer ou com aplicações no 

diagnóstico e na terapia da doença. A utilização de dados transcriptômicos para predição de proteínas 

secretadas é vantajosa, pois as técnicas de sequenciamento de RNA possuem uma maior resolução 

quando comparadas às metodologias de proteômica. Além disso, o grande potencial da predição do 

secretoma através do transcriptoma foi amplamente explorado em nosso laboratório para assegurar sua 

aplicação. Recentemente, nosso grupo de pesquisa realizou uma análise computacional para predição 

do secretoma, a partir de dados do transcriptoma obtidos por tecnologia de microarranjos, para 

identificar proteínas potencialmente secretadas pelo tumor de pacientes com câncer retal localmente 

avançado151 e câncer de laringe152. Essa estratégia foi efetiva, uma vez que as proteínas preditas como 

secretadas pelos tumores foram posteriormente validadas como apresentando níveis aumentados no 

soro151 e plasma152 em conjuntos independentes de pacientes. 

Outra aplicação da análise do secretoma é a possibilidade de elucidar mecanismos de 

comunicação celular a partir dos dados de expressão gênica dos receptores dos fatores secretados em 

células ou tecidos alvo153. Os tumores e MAT são constituídos por complexas interações celulares que 

modificam as funções das células imunológicas locais. Estudar a comunicação célula-célula dentro 

desse contexto pode auxiliar e orientar o desenvolvimento de terapias ou imunoterapias eficazes contra 
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o câncer 153. Ainda, considerando o caráter sistêmico da caquexia em que citocinas afetam diversos 

órgãos e tecidos distantes, a análise da comunicação entre fatores secretados pelo tumor e órgão-alvo 

também pode auxiliar em futuras terapias para reduzir os efeitos sistêmicos da caquexia. 

Para nosso conhecimento, nenhum estudo explorou esses dados na busca de elementos do 

secretoma produzidos especificamente pelas células neoplásicas e células do MAT na caquexia e sua 

relação com tecidos alvo; em especial, pela dificuldade de obtenção de dados clínicos e moleculares 

de pacientes com caquexia (revisado por Penna et al.,154), principalmente de dados de sequenciamento 

single-cell. Entretanto, com o avanço de tecnologias para a análise de expressão gênica na última 

década, experimentos em larga escala, como de microarranjos e de novas metodologias de 

sequenciamento, tem gerado grandes quantidades de dados de que são depositados em bancos públicos 

(revisado por Rung et al.,155). Os dados públicos, geralmente, podem ser combinados com novos dados 

gerados pelos pesquisadores, ou então serem reanalisados para responder questões diferentes daquelas 

colocadas nos estudos originais156. A integração de dados ômicos disponíveis em bancos de dados é 

capaz de gerar insights biológicos, que, talvez, em estudos individuais não pudessem ser obtidos 

(revisado por Rung et al.,155). De fato, buscando melhor compreender o papel do secretoma tumoral 

na caquexia, reanalisando dados em larga escala de 12 tipos tumorais disponíveis no TCGA, 

demonstramos que o câncer de pâncreas – aquele com maior prevalência de caquexia –  é também o 

que mais regula positivamente a expressão de genes do secretoma, sugerindo que o secretoma tumoral 

é essencial no desenvolvimento da caquexia e deve ser mais compreendido e explorado58.  

Reanálise de dados de transcriptoma tumoral para identificação de mediadores da caquexia 

O uso de informações genéticas e clínicas disponíveis no banco de dados TCGA tem facilitado 

a obtenção desses dados para estudos em larga escala, estendendo sua avaliação para vários tipos 

tumorais (68 tipos de tumores primários estão inclusos no TCGA, englobando mais de 33 mil casos) 

157. Além disso, o portal Genotype-Tissue Expression (GTEx) possui dados de sequenciamento de 
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RNA de tecidos normais de indivíduos que não possuíam alterações neoplásicas, sendo o banco de 

dados mais completo para utilização como controles dos casos tumorais 128. De maneira semelhante, 

o banco de dados Cancer Cell Line Encyclopedia (CCLE) também comporta dados genômicos globais 

de 1457 linhagens celulares de câncer e, tendo em vista que linhagens celulares de tumores humanos 

mantém muitas características da biologia tumoral, a análise do perfil global de expressão gênica de 

linhagens celulares pode auxiliar na descoberta de novos fármacos e mecanismos envolvidos em 

diferentes propriedades do desenvolvimento e progressão tumoral158. A correlação de dados 

transcriptômicos de linhagens celulares e do tecido tumoral pode revelar moléculas importantes para 

o câncer, em específico, nas alterações moleculares provenientes das células neoplásicas em si. 

 Os estudos globais que utilizam dados transcriptômicos inseridos em bancos de dados 

biológicos tem se mostrado de extrema importância para se extrair conhecimentos de impacto na 

pesquisa e tratamento do câncer. Robinson et al., 159 realizaram uma análise Pan-Cancer (utilizando 

dados do TCGA) da expressão gênica de componentes do secretoma, a qual resultou em listas 

ordenadas de candidatos a biomarcadores diagnósticos detectáveis em fluidos biológicos. Essa 

investigação também revelou os padrões e as funções biológicas associadas às alterações na expressão 

de proteínas secretadas em diferentes tipos tumorais, focando principalmente em um conjunto 

específico de proteínas do secretoma. Essa estratégia reduziu a complexidade do secretoma ao estreitar 

a gama de moléculas secretadas necessárias para explorar questões fundamentais relacionadas à 

expressão alterada de genes que codificam proteínas do secretoma em diferentes tipos tumorais. No 

entanto, a complexidade do secretoma ainda está longe de ser completamente entendida e a seleção de 

diferentes estratégias metodológicas, ou de tipos específicos de tumores ou células do MAT, podem 

levar a novos insights sobre as funções biológicas do secretoma na caquexia. O secretoma produzido 

pelas massas tumorais dos cânceres associados à caquexia já foi globalmente caracterizado por nosso 

grupo de pesquisa 58. Entretanto, demos maior foco nos fatores indutores de caquexia clássicos, como 

IL6, IFNG, IL8, etc. Por isso, ainda é necessário definir os fatores centrais do secretoma, relacionados 
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à inflamação e outras citocinas, a partir da expressão gênica, em resolução single-cell, de tumores com 

alta prevalência de caquexia, e que não são habitualmente explorados na caquexia. Portanto, o uso de 

dados públicos para análise do secretoma tumoral além de ser extremamente importante para a 

compreensão da biologia tumoral142 pode, também, auxiliar na identificação de moléculas 

potencialmente responsáveis pela modulação do MAT. Para nosso conhecimento, não existem estudos 

que utilizam-se de informações de bancos de dados públicos e correlacionem globalmente dados de 

secretoma do MAT de pacientes caquéticos com dados de composição do microambiente tumoral para 

investigar mediadores da caquexia associada ao câncer.  
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Principais perguntas da tese 

1) Qual é a composição celular do microambiente tumoral nos pacientes com câncer 

potencialmente caquéticos? 

2) Qual é o perfil do secretoma das células malignas e células imunes do microambiente tumoral 

de pacientes com caquexia? 

3) Quais são os mecanismos mediadores da interação tumor-hospedeiro na caquexia?  
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Hipótese 

A hipótese deste estudo é de que a análise do perfil transcricional de tumores malignos de pulmão e 

pâncreas pode revelar a composição de células imunes no MAT de pacientes caquéticos. Além disso, 

os componentes do secretoma derivados dessas células podem atuar como mediadores da caquexia. 
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2. Objetivos 

Objetivo Geral 

Caracterizar o perfil transcricional do secretoma tumoral e de seu microambiente para identificar 

potenciais mediadores de caquexia. 

Objetivos Específicos 1 

1) Caracterizar e classificar a muscularidade dos pacientes com CPCNP, para identificação de 

pacientes potencialmente caquéticos; 

2)  Analisar dados transcriptômicos nos tecidos tumorais, linhagens celulares e células individuais 

de CPCNP; 

3) Avaliar a composição do microambiente tumoral em CPCNP; 

4) Definir o conjunto principal de componentes do secretoma tumoral que mais se correlacionam 

com a caquexia associada ao CPCNP; 

5) Identificar as células responsáveis pela secreção de fatores indutores de caquexia no MAT de 

pacientes com CPCNP; 

6) Correlacionar os dados clínicos com transcriptômicos dos pacientes com CPCNP; 

7) Caracterizar a comunicação entre os componentes do secretoma tumoral e músculo esquelético. 

Objetivos Específicos 2 

1) Analisar dados transcriptômicos na massa tumoral, células individuais (single-cell) e linhagens 

celulares de ADP; 

2) Identificar fatores centrais na indução de caquexia à partir do secretoma; 

3) Avaliar a composição do microambiente tumoral em ADP; 

4) Definir os componentes celulares do MAT de ADP responsáveis pela produção de fatores 

indutores de caquexia; 

5) Caracterizar a comunicação entre os componentes do secretoma tumoral e tecidos afetados na 

caquexia, como o músculo, fígado e adiposo. 
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Abstract  

  

Background 

Cachexia is prevalent in patients with lung cancer. Studies demonstrated that cachexia-inducing factors (CIFs) 

derived from the tumor microenvironment (TME) are involved with the abnormalities that result in muscle 

atrophy. However, the TME characterization in lung cancer patients with cachexia remains to be explored. 

Therefore, we analyzed the cellular and molecular composition of the TME from cachectic patients with non-

small cell lung cancer (NSCLC) by examining tumor RNA-sequencing. 

Methods 

We measured the muscularity of 211 treatment-naive NSCLC patients using computed tomographies available 

in The Cancer Imaging Archive (TCIA) database. The cutoffs to establish cachectic patients were selected by 

machine learning algorithms (Classification and Regression Tree - CART and Cutoff Finder) on pectoralis 

muscle area (PMA), clinical, and survival data. We evaluated the prediction model in an additional cohort of 36 

NSCLC. Tumor RNA-Seq (GSE103584) was used to describe the transcriptomic profile and the cellular 

composition based on the digital cytometry tools and single-cell RNA-Seq (scRNA-Seq). We also analyzed 

tumor-muscle communication, and the inflammatory and immunosuppressive markers identified were further 

investigated in the LLC mice model. 

Results 

CART showed that lower PMA is associated with a high risk of death (hazard ratio:1.99). Cutoff Finder selected 

PMA cutoffs that separated low- from high-muscularity patients based on the risk of death (P-value=0.0026; 

CI=1.68-11.71; discovery set). The cutoff presented 84% of success in classifying cachexia, associated with 

high-risk in the additional cohort (P-value=0.09; CI=1.54-2.23; validation set). RNA-Seq revealed 90 

upregulated secretome genes in low-muscularity compared to high-muscularity patients (FC>1.5; P-

value<0.05). We found that muscle cells have receptors for the identified tumor secreted factors. Known CIFs 

such as IL6, IFNG, LIF, CCL2, and CSF3 are highly expressed in tumors of low-muscularity patients. When 

considering all 332 upregulated genes, the tumor of low-muscularity patients enriched terms associated with 

leukocyte chemotaxis, cytokine/chemokine activity, and T cell activation. Digital cytometry analysis on these 

genes revealed that low-muscularity patients presented high proportions of CD8+T cells (P-value=0.03), 

specifically a subset of exhausted cells. scRNA-Seq analyses revealed CD8+T cells secreting CIFs and 

exhausted CD8 communicating with other T cells.  

Conclusions 

Our machine learning prediction identified patients with lower PMA and worse survival. Moreover, these 

patients showed an inflammatory and immunosuppressive TME enriched with CD8+T cells and highly 

expressing CIFs. 

 

Keywords: non-small cell lung cancer, machine learning, computed tomography, transcriptomics, exhausted 

CD8+T cells  
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Introduction 

Cachexia is a metabolic syndrome found in 50% of patients with lung cancer1. It is associated with 

worse survival rates in non-small cell lung cancer (NSCLC)2, the most prevalent histological type of 

lung cancer3. Muscle mass loss in patients with advanced NSCLC is associated with pain and poor 

quality of life4. Therefore, early detection of cachexia is of utmost importance to predict NSCLC 

patient outcomes and guide better treatment decisions.   

Multiple screening tools have been developed to measure muscle mass loss5. One feasible approach is 

computed tomography (CT) scans performed routinely for cancer diagnosis and follow-up6. CT-based 

muscle quantification at the third lumbar vertebra (L3) level is commonly used to assess cachexia in 

cancer patients1. However, CT-scans images of NSCLC patients usually do not include L37. Studies 

overcame this limitation by analyzing the pectoralis muscle area (PMA)8,9. Our group demonstrated 

that PMA alone is a cachexia predictor in treatment-naive NSCLC patients9. PMA quantification in 

lung cancer patients is associated with clinical outcomes; however, each study used different 

calculations and cutoffs to select cachectic patients8,9. Although informative, the best PMA cutoff that 

classifies cachectic patients based on CTs remains to be defined. 

Molecular markers also contribute to clinical classification of cachexia, however, none are yet 

approved for clinical use. Still, the synergic expression of tumor-derived cachexia-inducing factors 

(CIFs) is correlated with the prevalence of cachexia in different tumor types10. Lung cancer cachexia 

is characterized by increased expression of tumor-derived factors that ultimately induce skeletal 

muscle wasting11. NSCLC patients with low PMA muscularity present increased expression of IL8, 

IL6, and other critical CIFs genes9. Cell types in the tumor microenvironment (TME) contribute 

distinctively by secreting cytokines or other CIFs that act on the cell surface receptors of target 

tissues12. Cancer samples can be divided into clinically relevant immune subtypes depending on TME 

composition and gene expression profile13. Thus, computational deconvolution of the transcriptome 

from bulk tumor tissues using digital cytometry and scRNA-Seq data can help infer the cellular 

proportions and composition of TME. TME analysis also has the potential to enable the identification 

of cells within the TME of cachectic patients responsible for secreting CIFs.  

We built a machine learning (ML) classification model based on PMA and clinical data to identify 

NSCLC patients with low muscularity and poor prognosis. We characterized the global secretome and 

TME immune fraction of these patients using tumor transcriptome. The predictive model determined 

the best PMA cutoffs to select potentially cachectic patients. We demonstrated that these patients have 

a pro-inflammatory state characterized by high tumor gene expression of CIFs. Based on 

computational deconvolution of the bulk tumor tissue transcriptomes, we also identified that patients 

with lower PMA and worse survival show a TME enriched with exhausted CD8+T cells. Furthermore, 

we demonstrated a slight increase of exhaustion markers in tumors of cachectic mice with lung cancer.  

https://www.zotero.org/google-docs/?iRj6Dt
https://www.zotero.org/google-docs/?8udJ6d
https://www.zotero.org/google-docs/?xv6F3W
https://www.zotero.org/google-docs/?YdleRm
https://www.zotero.org/google-docs/?S2FP1o
https://www.zotero.org/google-docs/?iDAA71
https://www.zotero.org/google-docs/?jhi8Ja
https://www.zotero.org/google-docs/?MzzSfZ
https://www.zotero.org/google-docs/?auI9up
https://www.zotero.org/google-docs/?4HDoU2
https://www.zotero.org/google-docs/?UBbQwl
https://www.zotero.org/google-docs/?P0KMp9
https://www.zotero.org/google-docs/?YJnwbi
https://www.zotero.org/google-docs/?DOWJgO
https://www.zotero.org/google-docs/?qQxtvc
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Material and Methods 

 

Softwares, tools, and databases used herein are described in Supplementary Material. 

 

NSCLC patients 

 

CTs and clinical data were downloaded from The Cancer Imaging Archive (TCIA) database. The 

NSCLC-Radiogenomics collection containing 211 NSCLC patients14,15 was selected as the discovery 

set. CTs were taken at diagnosis, and patients were treated with surgery. We included patients with 

primary tumors, presenting whole-body PET-CT before surgery, not subjected to chemo or 

radiotherapy, with arms raised during CT to avoid positioning bias, and overall survival data. Based 

on these criteria, 107 patients were included in the analyses. An independent validation set with 36 

primary NSCLC patients (all gave their informed consent prior to their inclusion in the study) from 

the Faculty of Medicine, São Paulo State University (UNESP) - Botucatu, Brazil (2012-2019) was 

used to confirm the prediction model (approved by the Faculty of Medicine Research Ethics 

Committee REB#45723921.0.0000.5411), however, 32 patients had survival data available.  

 

CT Imaging Analyses 

 

We analyzed the pectoralis muscles using a single axial slice of the CT as previously described9. We 

also analyzed the total skeletal muscle cross-sectional area at the level of the L3 to classify cachectic 

patients based on pre-established skeletal muscle indexes (SMI; men<55 cm²/m²; women<39 cm²/m²)4. 

This classification was compared to the one generated by our model.  

 

Building a cachexia classification model using a machine learning approach 

 

Predictive analysis based on a non-parametric risk prediction model was performed by the 

Classification and Regression Tree (CART) method using the regression analysis available in "rpart" 

using RStudio. We performed pruning to generate the tree with minimum × error (prune function; cp 

=0.053). We used ten-fold cross-validation to assess the possibility of overfitting. We analyzed the 

age, tumor stage, PMA, and survival as variables. The Cutoff Finder package was independently 

applied to select the PMA cutoff that distinguishes patients' survival using R. Area Under the Curve-

Receiver Operating Characteristics (AUC-ROC) analysis with 95% confidence interval (CI) via the 

easyROC web-tool was used to determine the diagnostic value of our PMA cut-offs for the prediction 

of cachexia. For this comparison, the cachexia phenotype was defined using L3 SMI cut-offs. 

 

Tumor transcriptomic analysis 

 

The tumor RNA-sequencing data (Illumina HiSeq 2500) of 130 subjects from NSCLC Radiogenomics 

collection were publicly available at GEO datasets (GSE103584). Of our 107 patients included, 46 had 

tumor transcriptomic data. We compared count data from LM (N=9) with HM (N=37) patients to 

perform differential gene expression analysis using the default setting of the Biojupies platform. The 

differentially expressed genes (DEGs) were selected according to fold change (FC)>|1.5| and P-

https://doi.org/10.7937/K9/TCIA.2017.7hs46erv
https://www.zotero.org/google-docs/?On8fbZ
https://www.zotero.org/google-docs/?jg5sfW
https://www.zotero.org/google-docs/?D0sHAi
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value<0.05. DEGs encoding secreted proteins were filtered based on the Human Protein Atlas (HPA 

database using the majority decision-based method for secreted proteins (MDSEC) list of 2943 

secretory genes (Table S1). Principal component analysis (PCA) was performed using the ClustVis 

webtool. 

 

Gene set enrichment and protein-protein interaction (PPI) network analyses  

 

We used the EnrichR to perform functional enrichment analysis of the DEGs. We selected the top10 

most enriched biological processes using gene ontology (GO) - 2018. PPI networks were conducted 

using the STRING tool. We considered experiments, databases, co-expression, neighborhood, and co-

occurrence as active interaction sources. Only the highest confidence interactions were included 

(interaction score>0.9), and the disconnected nodes were omitted in the final network. A P-value<0.01 

was considered statistically significant. PPI network data was visualized and annotated using 

Cytoscape. The network was analyzed using the CytoNCA plugin, which calculated each node's 

betweenness centrality.  

 

Tumor-muscle crosstalk prediction 

 

We used the ligand-receptor consensus list generated by Ramilowski et al., 201516 to test if the skeletal 

muscles express receptors for the tumor-derived factors identified. We validated the gene expression 

of each predicted muscle receptor in human primary muscle cells from the FANTOM5 project, 491 

muscles tissues from the GTEx portal, muscle tissues from BioGPS website, and muscle tissues from 

GeneAtlas U133A, and gcrma human dataset. The alluvial diagram connecting the ligands to their 

respective receptors was generated using the SankeyMATIC tool.  

 

 

Expression profile of secretome genes using the Cancer Cell Line Encyclopedia 

 

To evaluate whether malignant lung cells themselves express the DEGs found in the tumor of LM 

patients, we used transcriptomic data from the Cancer Cell Line Encyclopedia (CCLE). We selected 

eight cell lines with a higher correlation with tumor tissues as an initial screening using the "TCGA-

110CL Cell Line Panel". Considering that lung tumor organoids recapitulate the histology, gene 

expression, and genomic profile of the original tumor17, we included lung tumor-derived organoids 

transcriptomic data available in the HCMI (Human Cancer Model Initiative) catalog (duplicates of the 

HCM-CSHL-0058-C34). The selected cell lines and organoids are described in Table S2. 

 

Lung TME cellular composition and single-cell data analysis 

 

To evaluate whether immune infiltrating cells express the DEGs found in the LM, we performed digital 

cytometry analysis using the CIBERSORTx tool to impute the immune cell fractions of 22 cell types 

(LM22 matrix signature) from the discovery bulk RNA-Seq data. We applied the default settings and 

batch-correction. We also performed a gene expression imputation analysis to verify whether the over-

https://www.zotero.org/google-docs/?EP762m
http://biogps.org/dataset/GSE1133/
https://www.zotero.org/google-docs/?ExT9By
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expressed genes in potentially cachectic patients are expressed in the six major leukocyte subsets (B 

cells, CD4+T cells, CD8+T cells, NKT cells, NK cells, and monocytes) of patients with NSCLC 

derived from scRNA-Seq data18. Gene Expression Profile (GEP) were estimated using Fragments Per 

Kilobase of transcript per Million mapped reads (FPKM) from LM secretome genes data (discovery 

set) by CIBERSORTx group mode analysis. The specific state of T cells (naive, cytotoxic, and 

exhausted) was evaluated using Immune Cell Abundance Identifier (ImmuCellAI). 

 

Ligand-receptor interactions from gene expression 

 

We used the computational framework CellPhoneDB to predict cell-cell communication and better 

understand the interplay of tumor immune cells using its repository of curated ligand-receptor 

interactions for scRNA-Seq. We used the default setting to select the statistically relevant interaction 

(P-value < 0.05) between the NSCLC T cells using the expression profile enriched in LM patients. 

This analysis was performed by re-analyzing the publicly available scRNA-Seq data from Guo et al., 

201819 (GSE99254). 

 

Lewis Lung Carcinoma (LLC) mice model of cancer cachexia 

 

Eight-week-old male C57BL/6J mice were obtained from Jackson Laboratory (#00066). Mice were 

housed on a 12 h light/dark schedule with free access to water and food. The Ethical Committee for 

Animal Research from the University of Mogi das Cruzes approved all the adopted procedures, which 

were carried out following the ethical principles by the Brazilian College of Animal Experimentation 

(CEUA#010/2019). Lewis Lung Carcinoma (LLC) tumor cells (LL/2: American Type Culture 

Collection) were used to induce cancer cachexia. LLC was injected subcutaneously into the right flanks 

(200 μl LLC cells; 3.5×105). Development of cachexia was monitored by tumor size and body weight 

over 28-day20. The impact of tumor growth and development of cachexia on animal welfare were 

considered, with appropriate measures to monitor and alleviate suffering implementation according to 

adopted endpoint criteria21. The animals were classified according to cachexia grading, considering 

the range of the body weight losses for 28 days. The following measure was considered; (final body 

weight (last experimental day) - the highest value of body mass measured during the experimental 

period [growth curve plateau]). Thus, the experimental groups were classified as Pre-Cachexia (PC), 

with a reduction of up to 5% of body mass, and Cachexia (CC), defined as a reduction of ≥5% to 20% 

of body mass, at the end of the experiments. Overnight-fasted mice were euthanized by decapitation 

without anesthesia. After euthanasia, the tumor mass was carefully dissected and weighed. Animals 

with metastasis in the lungs or other visceral organs were excluded. Bodyweight was measured daily, 

at the same time, over the 28-day experimental period on a precision scale (Ohaus®). 

 

RT-qPCR 

Total RNA samples (400 ng) were reverse transcribed into cDNA with the High-Capacity RNA-to-

cDNA Master Mix (Thermo Fisher Scientific, USA). The qPCR reactions (15 μL) were performed 

with Power SYBR™ Green Master Mix (Thermo Fisher Scientific, USA), as described by the 

https://www.zotero.org/google-docs/?iP9YxE
https://www.zotero.org/google-docs/?1FYSDp
https://www.omicsdi.org/dataset/geo/GSE99254
https://www.zotero.org/google-docs/?pubsMy
https://www.zotero.org/google-docs/?mdtcGQ
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manufacturer, using specific primers (listed in Table S3). The reactions were run on a QuantStudio™ 

12 K Flex System (Thermo Fisher Scientific, USA) using 95°C for 10 min followed by 40 cycles of 

95 °C for 15 s and 60 °C for 1 min as cycling conditions. The raw data were retrieved and imported 

into the Expression Suite Software v1.0.3 (Thermo Fisher Scientific, USA). Relative quantification of 

mRNA expression was evaluated using the 2-ΔΔCT method22, and Rpl13a was used as a reference gene 

to normalize the mRNA expression data. This reference gene was selected based on geNorm 

calculations23, and expression stability was further confirmed by comparing Ct values between groups 

(Coefficient of variation of 1%).  

 

  

https://www.zotero.org/google-docs/?UFdWqS
https://www.zotero.org/google-docs/?Iw60IC
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Results 

Predictive models identify the best PMA cutoff that classifies cachectic patients 

We included 107 patients with NSCLC with a mean age of 68.7 years old (42 to 87). Sixty-eight were 

male, and 39 were female. Sex differences were considered when analyzing the PMA. We also 

identified differences according to the age range, especially in women; the older ones (>65 years old) 

presented lower PMA than younger ones (≤65 years) (Figure S1A). PMA did not differ between 

young and older men (Figure S1A).  

We z-score normalized PMA considering sex and age differences to make groups comparable (Figure 

S1B). CART analysis showed that patients with lower PMA are associated with a high-death risk 

followed by tumor stage (Figure 1A). Using the Cutoff Finder, the same muscularity cutoff separated 

patients with poor survival and low PMA (low-muscularity patients, LM; n = 22) from patients with 

better survival and high PMA (high-muscularity patients, HM; n = 85) (Figure 1B). Using the L3 SMI, 

we found that PMA classifies cachexia with an AUC value of 0.84 (95% CI: 0.7-0.98; P < 0.001; 

Figure S1C). 

By transforming the PMA z-scored values into absolute values, we established the PMA cutoffs to 

select low-muscularity patients according to age and sex: young male = PMA<34.4 cm²; old male = 

PMA<34.3 cm²; young female = PMA<25.4 cm²; and old female = PMA<18.6 cm². LM patients had 

lower body mass index (BMI) and SMI. We observed increased smokers' frequency, high tumor grade, 

pleural invasion, and tumor recurrence in the LM patients (Table 1). An independent group of low-

muscularity NSCLC patients analyzed according to the PMA cutoffs generated during the discovery 

analysis confirmed the associations with poor prognosis (worse survival, recurrence, and smoking 

habits) (Table 1 and Figure 1C). Although not statistically significant, more LM patients (31.3%) had 

KRAS mutations when compared to HM (16.9%). Caucasians were the most common ethnicity in both 

groups from the discovery set, but Asians were prevalent in the HM group (not statistically significant; 

Table 1). Our validation set was composed of Brazilians that was self-declared as white (N=32, 89%), 

mixed (N=2, 5.5%), and black (N=2, 5.5%). Mixed and blacks were all classified as LM. 
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Figure 1. Cachexia classification models. A) Decision tree generated using Classification And Regression Trees (CART). 

Bottom boxes indicate hazard ratios, the number of patients at risk in each leaf, and the percentage of patients in each leaf. 

B) Kaplan-Meier survival curve generated by CutoffFinder tool (red-curve: PMA>0.71and low-risk group; black-curve: 

PMA<0.71 and high-risk group). C) Kaplan-Meier survival curve comparing LM and HM (validation set). The resulting 

P-values for the log-rank test are shown. LM: low-muscularity; HM: high-muscularity. HR: hazard ratio; CI: 95% 

confidence interval. 
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Table 1. Clinical findings and skeletal muscle parameters of patients with NSCLC (non-small cell 

lung cancer) with low- and high-muscularity defined by pectoralis muscle cross-sectional area assessed 

using computed tomography and classification predictive model. 

 Discovery set Validation set  

  

LM (PMA <-0.71) 

N=22 

HM (PMA >-0.71) 

N =85 
p-value 

LM 

N=19 

HM 

N=17 
p-value 

Statistical 

test 

Age 68 ± 8.0 68.8 ± 9.2 0.71  64.2 ± 6.3 63.6 ± 9.5 0.82 T test 

PMA (cm²) 27.4 ± 6.3 36.9 ± 10.2 <0.0001 25.5 ± 5.6 33.2 ± 12.3 0.02 T test 

BMI (kg/m²) 23.1 ± 3.6 27.5 ± 5.2 <0.001 - - - T test 

SMI (cm²/m²) 44.1 ± 4.9 51.8 ± 8.9 0.017 - - - T test 

Gender (%)        

Male 72.7 61.2 0.32 68.4 35.3 0.047 chi-square 

Female 27.3 38.8  31.6 64.7   

Ethnicity (%)        

Caucasian 72.7 55.3 0.27 - - - chi-square 

Asian 4.5 16.5  - -   

African American 4.5 1.2  - -   

Hispanic/Latino 0 3.5  - -   

Native Hawaiian 4.5 1.2  - -   

NA 13.6 22.3  - -   

Smoking history (%)         

Current 36.4 10.7 0.0136 100 70.6 0.01 chi-square 

Former 50 66.7  - -    

Nonsmoker 13.6 22.6  0 29.4    

Histology (%)         

Adenocarcinoma 72.7 85.7 0.15 63.1 41.2 0.18 chi-square 

Squamous cell 

carcinoma 27.3 14.3  

36.8 58.8 

   

Stage (%)         

I-II 94.7 93.6 0.86 73.7 58.8 0.34 chi-square 

III-IV 5.3 6.4  26.3 41.2    

Grade (%)         

G1 21 37.9 0.0082 23.5 42.8 0.25 chi-square 

G2 47.4 56.1  70.6 51.2    

G3 31.6 6  5.9 -    

Lymphovascular invasion (%)        

Yes 11.8 5 0.32    chi-square 

No 88.2 95  73.7 68.7 0.74   

Pleural invasion (%)    26.3 31.3    

Yes 31.6 12.3 0.047 58.8 40 0.29 chi-square 

No 68.4 87.7  41.2 60    

Recurrence (%)         

Yes 36.4 14.3 0.0185 42.1 23.5 0.24 chi-square 

No 63.6 85.7  57.8 76.5    

EGFR mutation status (%)        

Wildtype 82.3 71 0.3441 - - - chi-square 

Mutant 17.7 29  - -    

KRAS mutation status (%)        

Wildtype 68.7 83.1 0.1973 - - - chi-square 
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N: number of patients; PMA: Pectoralis Muscle Area; LM: low-muscularity patients; HM: high-muscularity patients; BMI: body mass index; SMI: 

skeletal muscle index (L3 muscles). The data represent the mean ± standard deviation or the percentage. 

 

 

Tumor tissues from low-muscularity patients present a pro-inflammatory profile  

 

We included nine LM patients and 37 HM patients with RNA-Seq data availability for the expression 

analysis and observed a similar expression profile using the PCA (Figure 2A). These similarities 

resulted in DEGs with adjusted P-values (false discovery rate, FDR, corrected) that were not statically 

significant (> 0.8). Therefore, we considered P-values < 0.05 to select DEGs for further analysis. We 

also took into consideration the biological context of these DEGs to avoid misinterpretation due to 

false positives. We identified 682 DEGs (332 were up and 350 were downregulated) in LM (Figure 

2B and Table S4). Enrichment analysis of the upregulated genes demonstrated leukocyte chemotaxis, 

cytokine/chemokine activity, and T cell activation as the most enriched terms in LM patients. The 

downregulated genes enriched terms associated with drug transport, cellular adhesion, and 

glucuronidation (Figure 2C). We found 90 and 41 up and downregulated secretome genes in LM 

(Table S4). We failed to identify significant interactions among the downregulated secretory genes in 

the PPI. Therefore, we focused on the upregulated secretome genes that included several known 

cachexia mediators described in pan-cancer10 and lung cancer9 (Table S5), such as IL6, IFNG, LIF, 

CCL2, and CSF3 (Figure 2D). IL6 presented the highest betweenness centrality and a central position 

in the network. CCL2 (MCP‐1) was the CIF with the highest abundance in LM tumors (Figure 2E). 

Mutant 31.3 16.9   - -    

https://www.zotero.org/google-docs/?CUTGHn
https://www.zotero.org/google-docs/?SJKNva
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Figure 2. Tumors of patients with low-muscularity present a pro-inflammatory profile enriched with cachexia-

inducing factors and mediators. A) Principal component analysis (PCA) demonstrating similar expression profiles 

between HM and LM patients. B) Volcano-plot demonstrating differentially expressed genes in LM (fold change > 1.5 and 

P-value <0.05). C) Enrichment analysis of top10 terms related to biological processes from 332 up (red) and 350 

downregulated (blue) genes in LM. Bar graphs represent ranked -log10 P-values (Fisher exact test), from the least to the 

most significant according to EnrichR analysis. D) Protein-protein interaction networks of the ninety upregulated genes 

predicted to encode secreted proteins in LM patients. The larger the circles, the higher the betweenness centrality value of 

the node. Red intensities represent the gene expression fold change (logFC). Higher letter sizes indicate previously 

described cachexia-inducing factors in pan-cancer10 and lung cancer9. Gray lines highlight the interactions. Interactions 

were visualized using Cytoscape v3.7.2. E) Scatterplot comparing abundance (log10 FPKMs, y-axis) and degree of 

expression (log2-fold change, x-axis) of upregulated genes in LM. LM: low-muscularity; HM: high-muscularity; FPKM: 

Fragments Per Kilobase Million. 

 

 

Tumor-derived factors are predicted to interact with skeletal muscle 

To verify how the secretome profile from tumors of LM is potentially altering the skeletal muscle 

morphology, we constructed a tumor-muscle connectome by identifying the gene expression of the 

ligands produced by the tumors and their corresponding receptors in skeletal muscle cells and tissues 

(Figure 3). We observed that several ligands have receptors expressed in abundance both in skeletal 

muscle cells and tissues. Interestingly, LIF, IFNG, and IL6 were the cytokines presenting the receptors 

with high expression in the muscle cells compared with other cytokines, such as CCLs and CXCLs, in 

which the expression of the receptor is absent in muscle cell lines. Many receptors for CCLs and 

CXCLs are expressed in skeletal tissues, as demonstrated in the GTEx and BioGPS data, suggesting 

that these cytokines target the muscle tissue cells other than the myoblasts, myotubes, and satellite 

cells. This analysis ratifies that tumor-released factors may target skeletal muscle via specific 

receptors. 

https://www.zotero.org/google-docs/?g6Zsx4
https://www.zotero.org/google-docs/?8SlTaF
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Figure 3. Tumor-derived factors and skeletal muscle connectome. Left: alluvial diagram connecting the ligands from 

the upregulated genes in LM into its matched skeletal muscle receptors. Right: Heatmap of the expression levels of 

predicted receptors in human primary cell lineages, previously described by Ramilowski et al. 201516(red: Transcripts Per 

Million - TPM), four skeletal muscle tissues from BioGPS (grey: median gcRMA), and 491 skeletal muscle samples from 

Genotype-Tissue Expression (GTEx) project  (green: mean Trimmed Mean of M-values - TMM). 

 

Malignant cells express low levels of secretory genes responsible for inflammation 

 

Once identified a cachexia-like expression profile in LM tumors and confirmed the potential of the 

tumor secretome in inducing muscle alterations, we next investigated the tumor cell types responsible 

for producing CIFs. First, to evaluate whether the malignant lung cells express some of the 332 

upregulated genes found in the LM, we investigated these DEGs using the expression profile of eight 

cell lines and lung tumor-derived organoids. We applied k-means clusterization and identified five 

clusters. We detected two clusters in the secretome genes: cluster A representing the secretory genes 

expressed in malignant cells and cluster B representing secretory genes expressed at low levels in 

malignant cells. The genes in cluster A enriched terms related to angiogenesis and leukocyte 

chemotaxis (THBS1 and VEGFC), and genes present in cluster B are associated with inflammation. 

Among the genes not predicted to encode secreted proteins, we identified three clusters: clusters C and 

E, representing genes expressed by malignant cells associated with cell proliferation and mitosis, and 

cluster D, containing genes expressed at low levels in malignant cells and associated with lymphocyte 

and T cell biological processes. Noteworthy, cluster E enriched the term "positive regulation of T cell 

apoptotic process" associated with the high expression of IDO1 and CD274 (PDL1) (Figure 4).  

 

Figure 4. Tumor secretome derived from non-malignant NSCLC cells. Left: Enrichment analysis of top10 terms related 

to biological processes from each cluster according to EnrichR analysis. Right: Heatmap of gene abundance from cell lines 

(Reads Per Kilobase Million - RPKM) and lung adenocarcinoma derived-organoid duplicates (Fragment Per Kilobase 

Million - FPKM) in five clusters generated using k-means clustering analysis of secreted and non-secreted encoding genes. 

https://www.zotero.org/google-docs/?jCZY9U
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Global expression profiles of eight cell lines from CCLE (Cancer Cell Line Encyclopedia) were evaluated from 

adenocarcinoma and squamous cell carcinomas. Global gene expression profiles of 3D organoids were collected from a 

single patient available in HCMI catalog (Human Cancer Model Initiative). 

  

Low-muscularity patients present high proportions of CD8+T cells.   

Since we observed that many inflammation-associated genes are lowly expressed by the lung cancer 

cells, we used CIBERSORTx to check the TME cellular composition and predict immune cells 

contribution for the expression of these genes. Low-muscularity patients presented high proportions 

of CD8+T cells (Figure 5A). To understand the molecular profile of CD8+T cells in the TME, we 

used an independent dataset of NSCLC scRNA-Seq to analyze the expression profile of the 90 

secretome genes identified in low-muscularity patients. We found CD8+T cells expressing several of 

these genes in higher proportions than other immune cells (Figure 5B), suggesting that CD8+T cells 

may be producing factors identified in tumors of LM patients.  

When plotting the PCA using the CD8+T cells enriched expression profile, we could better separate 

the high- from the low-muscularity patients (Figure 5C). Cytotoxic and exhausted T cells were 

prevalent in LM when compared to HM (Figure 5D). Investigating the 332 upregulated genes in LM 

in another scRNA-Seq data from the T cell population of NSCLC using CellphoneDB, we predicted 

ligands (CCL3L3, CCL5, CCL3, and HLA-G) and receptors (CCR1 and LILRB2) communications 

among effectors, exhausted, pre-exhausted, and naive CD8+T cells (Figure 5E). We observed that 

exhausted (CD8_C6_LAYN) and pre-exhausted (CD8_C4_GZMK) CD8+T cells presented increased 

interactions, specifically via CCR1 (exhausted) - CCL3L3 (pre-exhausted) and CCL3 (exhausted) - 

CCR1 (pre-exhausted) (Figure S2A and 5E). Moreover, genes expressed in exhausted tumor-

infiltrating CD8+T cells were upregulated in LM patients, such as GZMB, VCAM1, IFNG, CCL3, 

FASLG, MYO7A, STMN1, SAMSN1, and ITGAE (Table S6). CD8 and exhaustion scores negatively 

correlate with PMA (Figure S2B). We next evaluated the gene expression of cancer cachexia markers 

(Il6 and Ifng), Cd8a, and exhaustion markers (Cd274 and Pdcd1) in LLC mice with cancer cachexia. 

We found a slight increase in cachexia and exhaustion marker genes in the CC groups compared to the 

PC group (Figure 5F). These results suggest that the LLC model can recapitulate the 

immunosuppressive TME found in lung cancer cachexia patients. 



                

48 

 

 



                

49 

 

Figure 5. Digital cytometry based on the gene expression profile revealed that LM patients presented high 

proportions of CD8+ T cells. A) Bar plot representing 22 immune cells score in LM and HM patients calculated using 

CIBERSORTx. * P-value = 0.03 (Mann-Whitney). B) Gene expression profiles (GEP) of secretome genes found 

upregulated in tumor tissue of LM patients analyzed in single-cell RNA-Seq in peripheral blood mononuclear cells 

(PBMCs) of NSCLC patients. GEP represents the estimated expression values (log2) calculated by CIBERSORTx using 

group mode function. C) Principal component analysis (PCA) demonstrating HM and LM clusters generated using the 

CD8+ T cells enriched expression profile. D) Box-plots of CD8 naive, cytotoxic, and exhausted cells scores between LM 

and HM patients determined using ImmuCellAI. E) Cell-cell communications between T cell subsets from NSCLC using 

the upregulated genes list enriched in LM patients (single-cell data of NSCLC T cell population from GSE99254). P-values 

are indicated by circle size. The average expression level of interacting molecule 1 in CD8 subset red and interacting 

molecule 2 in CD8 subset purple is indicated by color. Analysis performed using CellPhoneDB. F) Dot plot demonstrating 

gene expression (Fold Change) of cachexia markers (Il6 and Ifng) and CD8 (Cs8a), and exhaustion markers (Cd274, and 

Pdcd1) in Lewis Lung Carcinoma (LLC) mice with cachexia compared to non-cachectic animals.  LM: low-muscularity; 

HM: high-muscularity; PC: pre-cachectic (N=2); CC: cancer cachexia (N=7). 

 

Discussion 

 

We demonstrated that lower PMA assessed in CTs used for lung cancer diagnosis before tumor 

resection predicts worse outcomes in NSCLC patients. We also proposed PMA cutoffs for women and 

men at young and older ages based on ML analysis. Tumor transcriptome demonstrated that low-

muscularity patients present a cachexia-like profile highly expressing CIFs. Digital cytometry based 

on transcriptomic data revealed that TME is enriched with a suppressive immune microenvironment, 

mainly composed of CD8+T cells. The prediction of ligand-receptors revealed candidates that may 

ultimately lead to muscle wasting.  

 

Cancer cachexia classification remains an important clinical challenge. The international consensus 

proposed as milestones for cachexia classification a weight loss >5% over the past six months or BMI 

<20 and any degree of weight loss >2% or lumbar SMI determined by CT imaging (men <55 cm²/m²; 

women <39 cm²/m²)4. However, CTs are often taken in the thoracic region of lung cancer patients7. To 

overcome this limitation, we constructed a cachexia classification model using ML to evaluate clinical 

parameters routinely available for NSCLC patients. We used PMA, tumor stage, age, and overall 

survival to construct the model. We found that PMA can predict worse survival. The PMA (z-score) 

cutoff identified in CART was also validated using independent analysis. These results demonstrated 

that PMA cutoffs are strong predictors of the poor prognosis of cachectic NSCLC patients. Although 

not demonstrating an association with worse overall survival, our research group previously 

demonstrated PMA cutoffs as a potential cachexia predictor in NSCLC patients9. The cutoffs found in 

this study were PMA <32.2 cm2 and <21 cm2 for men and women, respectively, similar to those found 

herein using robust ML analysis. This same ML analysis was recently used to predict cachexia risk-

levels in incurable cancer patients with more than 88% of precision and sensibility24. These results 

reinforce the importance of using ML approaches applied in clinical features of cancer patients to 

classify cachectic states. 

 

We found a high frequency of potentially cachectic patients with smoking habits, corroborating with 

literature indicating an increase in muscle mass loss in tobacco smokers25 and confirming the 

significant role of nicotine in altering the tumor microenvironment and prognosis, as demonstrated for 

https://www.zotero.org/google-docs/?pXFpzz
https://www.zotero.org/google-docs/?DTXZLu
https://www.zotero.org/google-docs/?KBmVDG
https://www.zotero.org/google-docs/?sUuUss
https://www.zotero.org/google-docs/?43t7f1
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cachectic patients with pancreatic cancer26. Moreover, a high risk of tumor recurrence was found in 

patients with cancer cachexia and agrees with other studies27. KRAS mutation was frequently found in 

our low-muscularity patients, and evidence suggests KRAS-mutated tumors are commonly associated 

with lung cancer cachexia28. Since adenocarcinomas - the tumor with the highest prevalence of the 

KRAS mutation29 - occur at similar rates in LM (72.7%) and HM (85.7%) groups, we confirmed that 

KRAS mutations were associated with cachexia phenotype rather than tumor histopathology. Thus, 

studies investigating differences in the cachexia phenotype of preclinical models inoculated with 

KRAS mutated lung cancer cell lines may help to understand the impact of KRAS mutation in the 

syndrome. These essential features can help guide cancer cachexia definition towards precision 

medicine in the future.  

 

We found no association between ethnicity and low muscularity in our discovery set, in line with a 

previous reports showing that cachexia is not related to ethnicityS1. By contrast, blacks are suggested 

to have a higher risk of developing pancreatic cancer-associated cachexiaS2. Despite the high genetic 

admixture of ancestry in BraziliansS3, which challenge to fit this population in the US ethnicity 

classificationS4 all patients in our validation set classified as black and mixed (N=4) were in the LM 

group (data not shown). Unfortunately, the low number of samples for this validation set precluded 

statistical analysis and any precise interpretation regarding ethnicity and lung cancer cachexia. 

 

Our cachexia classification was validated by the increase of CIFs genes in the tumor of LM patients, 

such as LIF, IL6, IFNG, and CCL210. We also identified the increased expression of genes described 

in NSCLC patients with lower PMA, such as NCAM1, SCG2, CSF3, and CCL89. To better understand 

how the identified factors influence skeletal muscle phenotype and function, we characterized the 

landscape of cell-cell interaction between tumor and skeletal muscle cells. We predicted the ligand-

receptor interactions using transcriptomic data from both tissues to determine the crosstalk. This 

approach has a higher resolution than proteomics analysis and provides insights into cell and tissue 

communication30. We found receptors for important CIFs expressed at high levels in skeletal muscle 

cells, such as IFNG receptor (IFNGR2), LIF receptors (LIFR and IL6ST), which can directly trigger 

atrophy1. The gp130 family members, IL-11, IL-6, OSM, and LIF (all highly expressed in the tumors 

of LM patients) potentially impact skeletal muscle wasting by inducing the STAT3 signaling pathway 

in a mice model of cancer cachexia31. These results confirm the importance of these tumor-derived 

factors in NSCLC cachexia. Previous studies have inhibited classical CIFs described herein, such as 

IFN-γ and IL6S5-S8. Cachectic patients with non-small cell lung cancer treated with an anti-IL-6 

antibody ameliorated weight loss while decreasing anemia and anorexiaS6,S7. LLC treated with anti-

IL-6 demonstrated a improved prognosis and ameliorated the cachexia phenotypeS7. Antibodies 

against IFN-γ was also able to decrease body weight loss in LLC miceS8. Although preclinical studies 

inhibiting CIFs have shown some efficiency, these factors have not provided the same benefit in 

clinical trialsS5,S9. These previous studies based on CIF inhibitors or immune modulators have shown 

limited efficiency in treating cancer cachexia, probably because they act on specific targets. Our tumor-

muscle interactome analysis revealed a combinatorial action of soluble secreted mediators by cancer 

cells and cells within the tumor microenvironment that directly acts on skeletal muscle to induce 

wasting. More studies are needed to describe the role of these ligand-receptors interactions and their 

combinatorial action in inducing muscle atrophy in patients with lung cancer cachexia.  

https://www.zotero.org/google-docs/?nrx18M
https://www.zotero.org/google-docs/?P1iHW6
https://www.zotero.org/google-docs/?NRjRQx
https://www.zotero.org/google-docs/?oZyHUM
https://www.zotero.org/google-docs/?XjW4mD
https://www.zotero.org/google-docs/?Pt9rN8
https://www.zotero.org/google-docs/?4hishA
https://www.zotero.org/google-docs/?EDnyAT
https://www.zotero.org/google-docs/?tt11GK
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To investigate the tumor cells responsible for tumor-derived factors' production and secretion, we 

further evaluated the malignant cell expression profile of NSCLC cell lines that are more representative 

for NSCLC tumor tissues32. We found that inflammation-related genes are low expressed in malignant 

cells, while genes associated with vessel permeability and T-cell motility, recruitment, and activation 

are increased33. Moreover, we identified enrichment in genes associated with T cell apoptosis, 

specifically the genes CD274 (encoding the PDL1 protein) and IDO1. The processes involved in tumor 

immune evasion through IFN-γ (also enriched elevated in LM patients) has been recently reviewed34. 

Anti-tumor cells secrete IFN-γ that induces genomic instability and/or immune evasive gene 

expression signature in malignant cells (including PDL1 and IDO1)34. PDL1 is the ligand of the 

inhibitory receptor PD-1, responsible for CD8 cell dysfunction in NSCLC35. IDO1 can produce local 

depletion of amino acid tryptophan, contributing to the immunosuppressive microenvironment34. 

These previous results corroborate our digital cytometry analysis that demonstrates an increase in 

CD8+T cells in TME of LM patients enriched with exhausted cells. Indeed, when analyzing tumors 

from cachectic mice we found an induction of exhaustion markers compared to pre-cachectic animals. 

Although cytotoxic CD8+T cells infiltrated in TME are frequently associated with intense anticancer 

activity36, the CD8+T cells' signal in tumor tissues is not always related to better outcomes. Using 

TCGA data, THORSSON et al., 2018 identified six immune subtypes. Subtype 2 (designated as C2) 

is characterized by IFN-γ predominance and the highest content of M1 macrophages and CD8+T cells. 

Cancer patients presenting subtype C2 showed less favorable survival despite having the highest 

lymphocyte infiltration13. The authors proposed hypotheses trying to explain this controversy by 

arguing that these tumors are more aggressive or escaped immune recognition by pre-existing 

remodeling. However, our results raise the possibility that patients presenting tumors C2 have less 

favorable survival because they may also be cachectic. In fact, CD8+T cells induce cachexia and 

adipose tissue wasting in experimental models of chronic infection via type I IFN37.  

 

Considering the immunosuppressive profile of LM tumors and immunotherapy promises to restore T 

cell cytotoxicity and its anticancer properties, immunotherapy would probably benefit NSCLC 

cachectic patients. Cachectic NSCLC patients are resistant to immunotherapy38, thus restoring the 

cytotoxicity of CD8+T cells may be crucial for treatment response. Indeed, Bonomi and colleagues 

reviewed this topic and proposed the urgency of clinical trials testing an agent to reverse cachexia 

combined with an immune checkpoint inhibitor to treat advanced lung cancer patients, since the 

treatment with ghrelin analogue have effects in T cell development and proliferation39. Therefore, more 

studies are needed to verify whether immunotherapy combined with targeting drugs of CIFs have the 

potential to reverse cachexia and increase immunotherapy response. 

 

This study is innovative and valuable for NSCLC cachexia. However, it has limitations. The patients 

lack information regarding other comorbidities that may influence body composition and clinical 

outcomes. Considering that LM patients presented a higher frequency of smokers, it is rational to 

consider that the skeletal muscle alterations identified are triggered by the combination of smoking 

and CIFs. However, it is difficult to determine the individual impact of each of these variables. We 

also failed to apply the golden standard definitions of cachexia, such as weight loss, in those patients. 

Moreover, despite transcriptomic data having high resolution and producing more robust information 

https://www.zotero.org/google-docs/?X0lVkA
https://www.zotero.org/google-docs/?npKEYg
https://www.zotero.org/google-docs/?CwYd2d
https://www.zotero.org/google-docs/?67sCQC
https://www.zotero.org/google-docs/?Ic4ZYJ
https://www.zotero.org/google-docs/?cSJ6nG
https://www.zotero.org/google-docs/?mc2d1R
https://www.zotero.org/google-docs/?jxDd8Z
https://www.zotero.org/google-docs/?I4BZ49
https://www.zotero.org/google-docs/?VXLFqK
https://www.zotero.org/google-docs/?gBk6Ju
https://www.zotero.org/google-docs/?CrTsR7
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than proteomic data, the results should be interpreted carefully considering the complex transcriptional 

regulation in human cells. Therefore, the results from secretome and ligand-receptor predictions 

presented in this study need experimental validation in cachectic patients. The causal relationship 

between the set of CIFs from cancer cells or cells from the tumor microenvironment described herein 

and muscle atrophy needs to be confirmed in preclinical models. Moreover, the immunosuppressive 

profile of TME from LM patients also has to be validated using histological examination to check the 

correlation between CD8 exhaustion and NSCLC cachexia in a higher number of samples.  

 

We used systems biology to classify cachexia in treatment-naive NSCLC patients before surgery and 

characterized the TME immune fraction from the low-muscularity patients to understand molecular 

mechanisms by which the tumor induces skeletal muscle atrophy and influences the poor outcomes. 

These results may contribute to developing future therapeutic strategies aiming to decrease muscle 

atrophy and immunosuppression, thus increasing the survival and quality of life of patients with 

NSCLC cachexia. Taken together, the predictive ML model identified patients with lower muscle mass 

and worse survival (LM patients), who showed a TME with an inflammatory and immunosuppressive 

profile, expressing cachexia biomarkers and potentially enriched with CD8+T cells.  
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CAPÍTULO 2 - Tumor secretome factors towards the core of cancer cachexia 

 

Abstract 

Cancer cachexia is a syndrome characterized by skeletal muscle wasting, leading to a significant 

weight loss that impacts patient morbidity and survival. The action of several cachexia-inducing 

factors (CIFs), including pro-inflammatory cytokines secreted by cancer cells and cells within the 

tumor microenvironment, contributes to muscle wasting. Pancreatic ductal adenocarcinoma (PDAC), 

the cancer type with the highest cachexia prevalence, demonstrates 5–20% neoplastic cellularity and 

high leukocyte infiltration. However, it remains unclear which cell types in PDAC (cancer cells or 

cells of the tumor microenvironment) secrete these CIFs. We determined the expression profile of 263 

cytokine-cytokine receptor interaction pathway genes using a pan-cancer approach, aiming to identify 

a core of CIFs specifically and highly expressed in tumor types frequently associated with cachexia. 

PDAC expressed the highest number of secreted genes from the cytokine-cytokine receptor interaction 

pathway. We also found that PDAC upregulated 71 cytokine genes shared with at least one cancer 

type, defined as our core of CIF genes. This analysis also identified 26 genes highly enriched 

specifically in five cancer types mostly associated with cachexia (gastrointestinal and head and neck 

cancers). We determined the expression profile of the core-CIF genes in 57,530 pancreatic cells using 

single-cell RNA sequencing (scRNA-Seq) data from PDAC and normal-like pancreatic tissues (n=27 

and n=14, respectively). Our analysis revealed core-CIF genes are mainly expressed by malignant 

ductal cells, but we also found genes specifically enriched in tumor T cells (IL2RB, CCL5, CCL4, and 

CXCL13) and macrophages (CCL3, CXCL9, and CCL18), suggesting their potential as cachexia 

mediators. Moreover, we found that core-CIFs have receptors expressed in the main affected organs 

in cachexia, as adipose, liver, and skeletal muscle. Our findings represent a biological dimension of a 

core of pro-cachectic factors potentially associated with molecular events identified in cancer cachexia. 

We found different patterns of core-CIFs expression among the single-cells of PDAC and their 

potential interactions with adipocytes. This approach provides new insights into the molecular 

mechanisms behind cachexia development in PDAC. 

 

Keywords: cancer cachexia, pan-cancer, pancreatic cancer, single-cell RNA sequencing, interactome 
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Introduction 

Cancer cachexia is a syndrome characterized by skeletal muscle wasting, leading to a significant 

weight loss that impacts patient morbidity and survival 1. Tumor-derived factors, including pro-

inflammatory cytokines such as IL-1α, IL-6, IL-8, TNF-α, and INF-ℽ, contribute to the systemic 

metabolic alterations in cancer cachexia 2. The pathogenesis of cachexia-associated cancers is 

multifactorial, but cytokines and tumor-derived factors have been implicated in alterations in different 

tissues and organs 3.  

Although skeletal muscles are the most affected tissue in cancer cachexia, adipose tissue, liver, brain, 

and bones are also severely affected by metabolic and molecular disarrangement 4,5. Tumor-derived 

factors, including cytokines, reduce skeletal muscle mass and function 6. Alterations in the respiratory 

and cardiac muscles in the syndrome may induce respiratory and cardiac failures in cachectic cancer 

patients, contributing to high death rates 7,8. Loss of adipose tissues may also be observed in cachectic 

patients due to increased lipolysis, decreased lipogenesis, depletion of fat depots, and whole-body 

energy expenditure caused by increased thermogenesis 9. The liver is stimulated to produce acute-

phase proteins and repress drug clearance pathways, which result in excessive toxicity of anticancer 

therapy 4,10. In the central nervous system, inflammatory factors affect the neuroendocrine control of 

appetite leading to anorexia. Finally, bone density loss can also be associated with cancer cachexia, 

although few studies indicate its association with cachexia 4,5. Studies addressing the potential 

crosstalk between tumor and target tissues may help us to understand the pathophysiology of disease 

and design novel treatment options.  

Although previous evidence points to these complex inter-tissue communications existing in cancer 

cachexia 3, it is still essential to determine whether these tumor-derived factors are produced by the 

tumor or by the host in response to the carcinoma. Our group has previously shown that the 

combinatory gene expression of cachexia-inducing factors is positively correlated with high degrees 

of cachexia prevalence and weight loss among cancer types 11. We found in pancreatic ductal 

adenocarcinoma (PDAC), the cancer type with the highest cachexia prevalence and weight loss rates 

2, high tumor expression most of the evaluated CIFs 11. PDAC is also characterized by low tumor 

purity, demonstrating 5–20% of neoplastic cellularity and high leukocyte infiltration 12,13. However, it 

remains unclear which cell types in PDAC (cancer cells or cells of the tumor microenvironment) 

produce these CIFs. Besides, the extent to which these cells express CIFs needs further analysis.  

Our pan-cancer study recently demonstrated that secretory genes (tumor secretome) belonging to the 

“cytokine-cytokine receptor interaction” pathway are upregulated in tumors highly associated with 
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cachexia 11. Considering the potential of this pathway to have other CIFs not previously associated 

with cachexia, it is crucial to determine a core of genes representative of the pathway in the context of 

cancer cachexia. Moreover, we expect to distinct the main source of each CIFs by analyzing tumor 

transcriptomes (bulk and single cells). Therefore, we aimed to address the relevance of the secretome 

genes related to cytokine-cytokine receptor interaction in the context of cancer cachexia by 

characterizing the tumor tissues and pancreatic tumor single-cells most expressing these genes and 

their crosstalk with targeted tissues, as liver, skeletal, adipose tissues. By doing that, we expect to find 

novel cachexia-associated biomarkers responsible for inflammation that may ultimately serve as 

molecular treatment targets. 

  

Material and Methods 

Transcriptome-based secretome analysis  

First, we downloaded the list of cytokine-cytokine receptor interaction genes from The Kyoto 

Encyclopedia of Genes and Genomes (KEGG) and filtered only the secreted protein-coding genes 

based on the human secretome list available at The Human Protein Atlas 14 

(https://www.proteinatlas.org/humanproteome/secretome). This list of secreted protein-coding genes 

was predicted by a whole-proteome scan using at least two of the three following signal peptide 

prediction methods: SignalP4.0, Phobius, and SPOCTOPUS. The original KEGG list had 294 genes, 

and the final list was composed of 263 genes, which were further analyzed. 

Pan-cancer analysis of cytokine-cytokine receptor interaction genes 

Using the same strategy previously described 11, we analyzed the transcriptional profiles of 263 

cytokine-cytokine receptor interaction selected genes in 12 human cancers from TCGA 

(https://portal.gdc.cancer. gov/).  We compared them with matched normal tissues from TCGA and 

The Genotype-Tissue Expression (GTEx) Project (http://www. gtexportal.org/). We analyzed the 

following cancer types ranging from high to low prevalence of cachexia and weight 2,15,16: invasive 

breast carcinoma (BRCA); colon adenocarcinoma (COAD); oesophageal carcinoma (ESCA); head and 

neck squamous cell carcinoma (HNSC); acute myeloid leukemia (LAML); liver hepatocellular 

carcinoma (LIHC); lung adenocarcinoma (LUAD); lung squamous cell carcinoma (LUSC); pancreatic 

adenocarcinoma (PAAD); prostate adenocarcinoma (PRAD); rectum adenocarcinoma (READ); 

stomach adenocarcinoma (STAD). Differentially expressed genes (DEGs) between tumors and normal 

samples were determined by four-way ANOVA using the web-based tool Gene Expression Profiling 

https://www.zotero.org/google-docs/?MMxbED
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Analysis 17 (http://gepia.cancerpku. cn/).  ANOVA measures the strength of the relationship between 

the log‐transformed expression of a gene and all variables mentioned above, between tumour and 

normal tissues 18. DEGs were selected using the statistical cutoffs of log2 fold change (FC) > 1 and q 

value < 0.01. 

Definition of a “core” of cachexia inducing factors 

The core-CIF represents the most important cytokines in tumor highly associated with cachexia. We 

identified the core-CIF selecting the secretome genes of cytokine-cytokine receptor interaction 

pathway from each cancer type shared with PDAC. We next verified the protein-protein interaction 

network of core-CIF genes upregulated in at least five cancer types highly associated with cachexia. 

We used STRING tool v.11 considering experiments, databases, co-expression, neighborhood, and co-

occurrence as active interaction sources. Only highest confidence interactions were included 

(interaction score of at least 0.9), and the disconnected nodes were omitted in the network. PPI-

enrichment p-value < 0.01 was considered significant. Visualization and data annotation of PPI 

networks were constructed using Cytoscape (v3.7.2) 19. 

Pancreatic ductal adenocarcinoma immune tumor microenvironment (TME) 

CIBERSORTx tool 20 was used to assess immune cell type abundance of 22 cell types (LM22 matrix 

signature) from bulk PDAC available in TCGA and normal pancreatic tissues available in GTEx portal 

(n=150 and n=165, respectively). We next evaluated the immune cell type differences between PDAC 

tumors presenting high purity (high neoplastic cellularity) or low purity (low neoplastic cellularity) 

according to the classification from TCGA research network 12. 

 

Single-cell RNA sequencing from pancreatic adenocarcinoma analysis 

We reanalyzed the scRNA-seq data from Peng et al., 2019 21, aiming to determine the gene expression 

profile of core-CIFs in 57,530 pancreatic cells using scRNA-Seq data from PDAC and normal-like 

pancreatic tissues (n=27 and n=14, respectively) publicly available at Genome Sequence Archive 

(GSA; CRA001160 ) 22 under project PRJCA001063. We used the same analysis pipeline performed 

in the original study. The data from raw counts were processed using the Seurat package in R (v.4.0). 

Next, cell clusters and marker genes were visualized using tSNE or Nebulosa (v.1.7) dimensional 

reduction plots. 

Cancer Cell Line Encyclopedia data analysis 
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Gene expression data (log2 transformed transcripts per million - TPM, using pseudo-count of 1) of the 

71 core-CIFs in 50 pancreatic cancer cell lines from the Cancer Cell Line Encyclopedia (CCLE) portal 

(https://portals.broadinstitute.org/ccle) 23 were downloaded using the Cancer Dependency Map 

(DepMap; https://depmap.org/) data portal (Expression 21Q2 Public datasets) 24. 

Tumor and targeted tissue communication via core-CIF 

To check how the core-CIF from PDAC tumor cells can induce alterations in the distant organs and 

tissues, we next predicted the ligands existing in the Core-CIF list and the gene expression of their 

receptors in targeted list cells, tissues, or organs. We used the ligand-receptor consensus list generated 

by Ramilowski et a., 2015 25 to verify the expression of the receptors in muscle, adipose, liver, brain, 

and bone human primary cells from the FANTOM5 project. 

KEGG mapper tool (https://www.genome.jp/kegg/mapper/search.html) was used to visualize the 

Core-CIFs in the cytokine-cytokine receptor interaction pathway and their correspondent receptors. 

We selected the receptors with more than 3 ligands for further investigation. Furthermore, the 

microarray data from GSE51931 was used to measure the expression of these selected receptors tissues 

(skeletal, adipose, and liver) from a pancreatic cancer cachexia model 26. The gene expression analysis 

was performed by comparing cachectic tissues and controls using the GEO2R tool 

(http://www.ncbi.nlm.nih.gov/geo/geo2r/).  

Data representation 

Secretome genes among all tumor types were displayed using Circos 27 (http://circos.ca/). Heatmaps 

were created using the web tool Morpheus (https://software.broadinstitute.org/morpheus). Alluvial 

diagram connecting the ligands into their respective receptor was generated using SankeyMATIC 

online tool (http://sankeymatic.com/). 

 

Results 

Cytokine-cytokine receptor interaction term reveals potential CIFs 

PDAC (also called PAAD in TCGA collection) shared most of the secreted cytokines with other cancer 

types (Figure 1A) and was the cancer type most expressing the cytokine-cytokine receptor interaction 

genes predicted to be secreted by tumor cells (Figure 1B). The tumor types highly associated with 

cachexia, STAD, READ, COAD, ESCA, and HNSC, had in common with PAAD a high number of 

upregulated cytokine-cytokine receptor interaction secreted genes (Figure 1B). We identified the core-

https://portals.broadinstitute.org/ccle
https://www.zotero.org/google-docs/?WIkFu3
https://www.zotero.org/google-docs/?6VDGQe
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https://www.zotero.org/google-docs/?GWeiq4
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https://software.broadinstitute.org/morpheus
http://sankeymatic.com/
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CIF containing 71 genes (all upregulated in PDAC and shared with at least one cancer type), including 

mostly cytokines and chemokines. The majority was highly expressed in cachexia-associated cancers 

and absent or downregulated in cancer types where cachexia is not prevalent (Figure 1C). Moreover, 

we constructed the network of protein-protein interaction of 26 core-CIF components upregulated in 

PAAD, STAD, READ, COAD, ESCA, and HNSC (cachexia associated cancer types). We identified 

enrichment in Chemokine interleukin-8-like superfamily (Figure 1D), suggesting that these factors 

may be necessary for inflammation in cachexia. 
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Figure 1. The expression landscape of cytokines-cytokine receptor interaction secreted genes is enriched in cancer 

highly associated with cachexia. a) The thickness of each link in the Circos plot represents the number of shared 

upregulated secretome genes among tumor types. b) Upregulated genes shared with pancreatic adenocarcinoma (PAAD) 

and non-shared with pancreatic adenocarcinoma (PAAD). c) A heat-scatterplot presenting the results of secretory genes 

from cytokine-cytokine receptor interaction pathway from each cancer type shared with PAAD. The circles’ color 

corresponds to the log2FC, while circle size is based on the –log10 p-value adjusted in the tumor compared to all healthy 

tissues. Rows and columns were clustered based on Euclidean distance between log2FC values. d) STRING analysis of 

protein-protein interactions of the 26 secreted proteins that are shared by PAAD, ESCA, STAD, HNSC, COAD, and 

READ. Edges thickness indicates confidence.  Blue circles represent proteins of the cytokine-cytokine receptor interaction 

pathway, count in the gene set 26 of 263. We observed that the central cluster is enriched by Chemokine interleukin-8-like 

superfamily, count in the gene set 16 of 26 (green circles). Only proteins significant in at least four tissue sites are 

presented.  

 

scRNA-seq reveals malignant and infiltrating immune cells in pancreatic tumors highly 

expressing core-CIF 

We further analyzed the expression landscape of core-CIF in scRNA-seq data from pancreatic cancer 

samples. We found that macrophages, B, and T cells were most abundant in cancer tissues and almost 

absent in the normal pancreas, especially B cells and T cells (Figure 2A and B). Interestingly, T cell 

and macrophages are also increased in PDAC samples from TCGA when compared to normal pancreas 

from GTEx (Figure 2C). Moreover, we evaluated the expression profile of the 71 core-CIF and 

identified gene expression enrichment according to cell type, as represented in Nebulosa t-SNE plots 

and dot plots, however 69 core-CIFs were available in single-cell analysis (Supplementary figure 1). 

Overall, we found that malignant ductal cells (Ductal2) expressed most core-CIFs (57.9%), followed 

by macrophages (39.1%), fibroblasts (39.1%), and T cells (27.5%) (Figure 2D). This result may 

represent an inflammatory gain of function of malignant ductal cells, considering that normal ductal 

cells (Ductal1) express less core-CIFs genes (29%) when compared to the neoplastic cells. We verified 

that the majority of genes were expressed by higher percentages of Ductal2 cells but were also 

expressed by populations of other cell types from the TME (Supplementary Figure 2). CXCL5, 

CCL15, and PF4 were particularly expressed in malignant ductal cells (Supplementary Figure 2). 

We validated the increased expression of some core-CIF genes in pancreatic cancer cell lines from 

CCLE, including CXCL8, CXCL1, CXCL5, LIF, FAS, and TGFB2 (Supplementary figure 3). 

Moreover, we focused this analysis on the 26 genes shared by the cancer types associated with cachexia 

(PAAD, ESCA, STAD, HNSC, COAD, and READ). In tumor T cells, we found IL2RB, CCL5, CCL4, 

and CXCL13 enriched expression; in macrophages, we identified CCL3, CXCL9, and CCL18; for 

malignant ductal cells, we found CCL15 and CXCL5. CXCL14 was found specifically in fibroblasts, 

and other genes such as CCL20, CXCL10, CCL4L2, CXCL1, and TNFRF11A were identified as highly 

expressed in more than one cell population (Figure 2E). 
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Figure 2. scRNA-seq analysis reveals core-CIF genes enriched in cell types from PDAC. a) t-SNE plot of 57,530 

pancreatic cells using single-cell RNA sequencing (scRNA-Seq) data from PDAC and normal-like pancreatic tissues (n=27 

and n=14, respectively). b) t-SNE plot of single cells distributed in 10 cell types: acinar, ductal 1, ductal 2 (malignant 

ductal cell), endothelial, fibroblast, stellate, endocrine, macrophage, B cell, and T cell. c) Bar graph representing the cell 

proportion of Natural Kiler, Macrophages, B, and T cells in PDAC from TCGA and normal pancreatic tissues from GTEx 

calculated using CIBERSORTx. * p-value < 0.05, and ** p-value < 0.01 d) Alluvial plot demonstrating the gene expression 

of core-CIFs per cell type. e) t-SNE expression plots from genes belonging to the core-CIF most expressed in the tumor 

types associated with cachexia prevalence (result demonstrated in Figure 1D). e) Expression density of 26 genes belonging 

to the core-CIF demonstrated in Nebulosa tSNE plots in all cell types identified in single-cell analysis. 

 

Crosstalk between tumor cells and distant organs  

We found that adipose cells followed by liver cells express a higher number of core-CIF receptors 

(85.5% and 62%, respectively). Neurons and bone cells express the lowest quantity of core-CIF 

receptors (31% and 18.3%, respectively). Skeletal muscle cells expressed 43% of core-CIF receptors. 

Mature adipocytes and hepatocytes represented the cells with a higher number of expressed receptors 

(66.2%), suggesting the direct effect of core-CIF in these cell types (Figure 3). CXCR1, CXCR2, 

CXCR3, CCR5, and CCR1 presented more than three ligands from the core-CIF list as demonstrated 

in KEGG database (Supplementary Figure 4A) Ccr1 and Ccr5 are differentially expressed in skeletal 

muscle, white adipose, and liver samples from pancreatic cancer-induced model of cachexia when 

compared to controls (Log2FC > 1.15 and p-value < 0.05) Supplementary Figure 4B). While Cxcr2 

is significantly overexpressed only in liver from cachectic animals (Supplementary Figure 4B). 

Considering these results, we suggest Ccr1 and CCr5 as potential targets for future studies trying to 

restore tissues homeostasis. 



                

63 

 

 



                

64 

 

Figure 4. Pan-tissue connectome of the core-CIF and its receptors. Left: alluvial diagram connecting the ligands from 

the core-cachexia inducing factors (CIF) into its matched receptors. Right: Heat map of the expression levels (z-score 

normalized Transcripts Per Million - TPM) of predicted receptors in human primary cell lineages, previously described by 

Ramilowski et al., 2015. Bottom: Scatter plot showing the percentage of core-CIF receptors expressed in each tissue. 

Muscle: 31 out of 71 receptors (43.7%); Adipose tissue: 60 out of 71 receptors (85.5%); Liver: 44 out of 71 receptors 

(62%); Brain: 22 out of 71 receptors (31%); Bone: 13 out of 71 receptors (18.3%). Adipocyte1: Breast adipocyte; 

Adipocyte2: Omental adipocyte; Adipocyte3: Perirenal adipocyte; Preadipocyte1: Breast preadipocyte; Preadipocyte2: 

Omental preadipocyte; Preadipocyte3: Perirenal preadipocyte; Preadipocyte4: Subcutaneous preadipocyte; Preadipocyte5: 

Visceral preadipocyte. 

 

Discussion 

We demonstrate, using a pan-cancer analysis, that a core of pro-cachectic factors (associated 

with the cytokine-cytokine receptor interaction pathway) are enriched in the tumor types where 

cachexia prevalence is higher. By analyzing PDAC tumor tissues, the cancer type with higher risk of 

cachexia, we confirmed the increase of cellularity using both bulk and single-cells samples from 

publicly available datasets. However, the malignant subtype of ductal cells was responsible for the 

expression of the majority of genes belonging to the core, followed by stromal and immune cells within 

the TME. Moreover, we found that the core-CIF genes can interact with myocytes, hepatocytes, and 

adipocytes via receptors expressed in those cells, especially in mature adipocytes. These results show 

novel potential pro-cachectic biomarkers that can trigger wasting in the targeted tissues most altered 

in cancer cachexia. Besides, we demonstrate that neoplastic ductal cells as the main source of core-

CIFs production in the tumor tissue of PDAC patients. These results open new possibilities to target 

cancer cachexia either through tumor released factor or pathways activated in distant organs. 

Tumor promoting-inflammation is a hallmark of cancer 28. The complexity of inflammation in 

cancer initiation and progression is still intriguing scientists, especially in the context of cancer 

cachexia, where the tumor-induced inflammation plays a critical role in the syndrome development 29. 

It was previously demonstrated using transcriptomics that cytokine-cytokine receptor interaction 

pathway is enriched in the tumor tissues of cancer types with higher risks of developing cachexia 11. 

Indeed, cytokines and chemokines belonging to these pathways are extensively associated with 

cachexia 29. However, these factors are often studied separately in individual cancer types. Here, we 

showed for the first time a set of 71 genes, belonging to the cited pathway, that are increased in tumor 

tissues of several cancer types associated with cachexia using a pan-cancer strategy. We denominated 

this gene set as a core of cachexia-inducing factors or core-CIFs. Interestingly, we found 26 genes 

highly enriched in cachexia associated cancer (gastrointestinal cancers and head and neck cancers). 

PPI analysis showed the gene CXCL8 (also known as interleukin-8, IL8) having the highest centrality, 
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interacting with other genes associated with Chemokine Interleukin-8-like Superfamily. IL8 is a tumor 

derived factor already associated with muscle wasting in pancreatic and lung cancer 30–32. 

Studies demonstrated that the TME contributes to the production of inflammatory factors 30,33. 

In PDAC, the increased expression of CIFs was associated with associated with the low tumor purity 

and high TME cellularity 11. We found at a single-cell resolution that pancreatic tumor tissues show 

an increase in immune cells compared with to normal-like pancreas where T cell, B cells and 

macrophages were almost absent. This observation was confirmed using digital cytometry in PDAC 

samples and normal pancreas from the databases TCGA and GTEx, respectively. Evidence show that 

high tumor cellularity is related to more aggressive PDAC with poorer prognosis 34,35. Therefore, low 

purity PDAC tumors with a dense TME composed with stromal and immune cells can be associated 

with cachexia. In fact, pancreatic cancer cells secret cytokines that attract immunosuppressive cells 36.  

We found that malignant ductal cells express more than half of the core-CIF genes. Considering 

that severity of PDAC, this result may indicate that cancer cells induce immune evasion by producing 

factors that allow the inhibition of effector T cells 36. The genes IL6, CXCL1, and CSF2, among the 

core-CIFs, are involved in the recruitment of suppressive myeloid cells in PDAC 36,37. Another 

evidence of immunosuppression in PDAC is the expression of CXCL14 in fibroblasts (normal and 

cancer-associated), which is already demonstrated to induce immune evasion 38. Fibroblasts are the 

main source of CXCL14 production, while cancer cells exhibit low or absent expression of this 

chemokine 39, corroborating our finding. 

We found that adipose cells express the majority of core-CIF receptors (85.5%). This result 

may indicate that adipose tissue is most responsive to cachexia stimulus than skeletal muscle. This 

greater response of adipose tissue than muscle was previous demonstrated when comparing the gene 

expression alteration of rectus abdominis muscle and subcutaneous adipose tissue of PDAC cachectic 

patients 40. Moreover, brain and bone cells seems to interact less with the core-CIFs, however these 

organs can also interact with core-CIF factors, which may explain the neuro-inflammation and bone 

density loss observed in cachexia  5. Hepatic cells also showed expression of core-CIF receptors in 

high proportions (62%) and the liver is demonstrated to be greatly affected by pro-inflammatory 

cytokines that promotes the organ disfunction 5. 

The receptors CCR1, CCR5, CXCR1, CXCR2, and CXCR3 interact with more than three core-

CIFs demonstrating its potential relevance in trigger alterations in cancer cachexia. When analyzing 

tissues from cachectic mice, we found that Ccr1 and Ccr5 are upregulated in skeletal muscle, liver, 

and adipose tissue. Myoblasts treated with CCL3 (ligand protein MIP-1α) demonstrated increased 
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proliferation and expression of Ccr1 and Ccr5 41. Indeed, CCR5 activates proliferation, migration, 

metastasis, and NF-kβ signaling 42.  Contrarily, CCR5 inhibition completely reversed the myogenic 

differentiation stimulated by recombinant CCL11 in C2C12 cells 43. However, clearly CCR1/CCR5 

participates in inflammatory signaling and the treatment with the anti-inflammatory quercetin 

demonstrated a suppression of adipose tissue inflammation by downregulating MIP-1α and 

CCR1/CCR5 44. Antagonists of CCR1 and CCR5 receptors are potential therapeutic option for cancer 

and HIV patients 45,46.  Therefore, future studies need to determine the potential of CCR1 and CCR5 

as targets for cachexia. 

This is an exploratory study that opens new perspectives for cancer cachexia therapy and 

molecular mechanisms, however, it has limitations. We failed to classify cachexia status in the 

included patients, but considering the prevalence of cachexia in PDAC patients, it is likely that the 

majority of patients included are cachectic. Moreover, the validation of tumor-tissues interaction needs 

further validation in cachectic samples at protein level. Overall, we demonstrated novel potential pro-

cachectic factors expressed by cachexia-related tumor types that can interact with tissues most altered 

in cancer cachexia with different degrees. Besides, we demonstrate that neoplastic ductal cells as the 

main source of core-CIFs production in the tumor tissue of PDAC patients. 
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4. Considerações finais 

 O transcriptoma tumoral nos revela uma gama bastante rica de informações que podem ser 

extraídas, ou até mesmo preditas a partir de seus dados. Aqui, vimos seu potencial para decompor e 

quantificar os componentes do microambiente imune tumoral. Essa estratégia se mostrou eficaz na 

identificação de moléculas secretadas pelo tumor e que podem contribuir para o estado caquético em 

pacientes com câncer de pulmão ou pâncreas. No capítulo 1 demonstramos que a área dos músculos 

peitorais sozinha é eficaz na identificação de pacientes potencialmente caquéticos (corroborado por 

dados clínicos e moleculares), bem como, demonstramos a relevância do microambiente tumoral 

enriquecido por células T CD8 potencialmente exauridas. No capítulo 2 demonstramos o relevante 

papel dos genes que compõe a via de interação entre citocinas, os quais são comumente encontrados 

em tumores com alta prevalência de caquexia, especialmente no câncer de pâncreas. Investigando a 

expressão desses genes (classificados como “core” ou cerne de fatores indutores de caquexia) em 

sequenciamento de células únicas de amostras de ADP, identificamos as células neoplásicas ductais 

pancreáticas como principais fontes desses fatores. Além disso, esses fatores interagem com diversos 

receptores expressos em órgãos-alvo na caquexia, como o músculo esquelético, fígado e tecido 

adiposo. Esses achados abrem novas perspectivas na identificação de mediadores e biomarcadores de 

caquexia com caráter célula tumoral-específica para câncer de pulmão e pâncreas, bem como suas 

principais vias de atuação sistêmica. Futuramente, esperamos que esses resultados possam servir como 

base para geração de tratamentos eficazes para a caquexia em pacientes com câncer de pulmão e 

pâncreas. 
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5. Conclusões 

A caracterização do perfil transcricional tumoral do secretoma permitiu a definição da composição 

celular do microambiente tumoral e revelou potenciais mediadores de caquexia derivados do tumor.  

Nos pacientes com câncer de pulmão, a baixa muscularidade, aferida pela área dos músculos 

peitorais em tomografias computadorizadas, está relacionada ao prognóstico desfavorável (menor 

sobrevida e maior frequência de recorrência tumoral). A análise do secretoma tumoral desses pacientes 

demonstrou enriquecimento de perfil inflamatório com aumento de expressão de biomarcadores de 

caquexia, provenientes de células do microambiente imune tumoral, principalmente por células T 

CD8+. Além disso, observamos um aumento da citotoxicidade e exaustão de células T em pacientes 

potencialmente caquéticos. Análises de transcriptomas musculares revelaram expressão de receptores 

que interagem com genes do secretoma aumentados nos pacientes com baixa muscularidade, 

demonstrando potenciais vias de comunicação tumor-músculo. 

No câncer de pâncreas, análise pan-câncer de dados do TCGA revelou  novos potenciais fatores 

pró-caquéticos centrais em cânceres associados à alta prevalência de caquexia, que participam da via 

de interação citocina receptor de citocina. Nós demonstramos que esses fatores participam na indução 

de caquexia por interagirem com tecidos alterados, em diferentes graus, durante a caquexia. Adipócitos 

apresentaram maior frequência de expressão de receptores para os fatores centrais identificados, 

enquanto células do tecido ósseo possuem expressão de poucos receptores. Além disso, a reanálise de 

dados de scRNA-seq demonstrou que as células neoplásicas ductais pancreáticas são as principais 

produtoras desses fatores. 
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6. Materiais suplementares 

Capítulo 1. 

 

1.1. Material Suplementar  

 

Supplementary material. Information regarding the software, tools, and databases used in the 

methodology. 

Software, 

tools, and 

databases 

Web page Version Reference 

NSCLC-

Radiogenomics 

collection 

https://wiki.cancerimagingarchive.net/display/Public/NS

CLC+Radiogenomics 

 160 

gcrma human 

dataset 

  161 

Slice-O-Matic  https://www.tomovision.com/products/sliceomatic.html v.5.0  

Cutoff Finder  v1.0 162 

rpart https://cran.r-project.org/web/packages/rpart/index.html v4.1  

RStudio https://www.rstudio.com/ v.4.1.0  

R https://cran.r-project.org/ v3.5.1  

easyROC http://www.biosoft.hacettepe.edu.tr/easyROC/ v. 1.3.1 163 

Human Protein 

Atlas 

http://www.proteinatlas.org v18.1 164 

Cytoscape https://cytoscape.org/ v3.7.2 165 

CytoNCA https://apps.cytoscape.org/apps/cytonca v2.1.6 166 

GTEx portal https://www.gtexportal.org/ V8 167 

cellxgene Data 

Portal 

https://cellxgene.cziscience.com v0.16.0  

The Cancer 

Imaging 

Archive  

http://cancerimagingarchive.net  168 

BioGPS http://biogps.org/  169 

SankeyMATIC http://sankeymatic.com/   

Cancer Cell 

Line 

https://portals.broadinstitute.org/ccle  170 

https://doi.org/10.7937/K9/TCIA.2017.7hs46erv
http://biogps.org/dataset/GSE1133/
https://cran.r-project.org/web/packages/rpart/index.html
http://www.proteinatlas.org/
https://www.gtexportal.org/
https://cellxgene.cziscience.com/
http://biogps.org/
http://sankeymatic.com/
https://portals.broadinstitute.org/ccle
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Encyclopedia 

portal 

TCGA-110CL 

Cell Line Panel 

https://comphealth.ucsf.edu/app/tcga-110  171 

Human Cancer 

Model 

Initiative 

catalog 

https://ocg.cancer.gov/programs/hcmi/   

CIBERSORTx  https://cibersortx.stanford.edu/  172 

Immune Cell 

Abundance 

Identifier 

http://bioinfo.life.hust.edu.cn/ImmuCellAI#!/  173 

CellPhoneDB https://www.cellphonedb.org/  174 

EnrichR https://maayanlab.cloud/Enrichr/  175,176 

Biojupies  https://amp.pharm.mssm.edu/biojupies/  177 

ClustVis https://biit.cs.ut.ee/clustvis/  178 
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1.2. Figuras Suplementares 

 

Supplementary Figure 1. Pectoralis muscle area (PMA) cut-offs predict cachexia. A) Boxplot of 

PMA (mm²) from 38 young males, 97 old males, 34 young females, and 42 old females. B) Boxplot 

of the same measurements from panel A z-score normalized for gender and age. C) AUC-ROC curve 

demonstrating the specificity and sensitivity of PMA cut-offs in indicating cachexia. 
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Supplementary Figure 2. Exhausted CD8+T cells interacts with pre-exhausted CD8+T cells 

through tumor-derived factors identified in low-muscularity patients and negativelly correlates 

with pectoralis muscle areas (PMA). A) Heatmap demonstrating the number of interactions between 

each CD8 cell subsets. CD8_C6-LAYN is the exhausted subtype while CD8_C4-GZMK correspond 

to the pre-exhausted subtype. Analysis performed using CellPhoneDB using the single-cell RNAseq 

data publicly available at GSE99254. B) Pearson correlation plot showing negative correlation 

between CD8 and exhaustion scores (identified in the digital cytometry analysis) and PMA. BMI: body 

mass index. 

 

 

 

  

https://www.omicsdi.org/dataset/geo/GSE99254
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1.3.Tabelas Suplementares  

Acesso:  

https://docs.google.com/spreadsheets/d/1iQ_R471EFp38LG2-

Ra0UghdOl6hXn5YU/edit?usp=sharing&ouid=104102016426115001672&rtpof=true&sd=true 

 

  

https://docs.google.com/spreadsheets/d/1iQ_R471EFp38LG2-Ra0UghdOl6hXn5YU/edit?usp=sharing&ouid=104102016426115001672&rtpof=true&sd=true
https://docs.google.com/spreadsheets/d/1iQ_R471EFp38LG2-Ra0UghdOl6hXn5YU/edit?usp=sharing&ouid=104102016426115001672&rtpof=true&sd=true
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Capítulo 2. 

 

2.1. Figuras Suplementares 

Supplementary Figure 1. Core-CIF expression landscape in human pancreatic cells from normal 

and tumor samples. Dotplot with expression values of core-CIF genes in PDAC and normal-like 

pancreas samples. 

 

 

Supplementary Figure 2. Malignant ductal cells (Ductal2) are the major source of Core-CIF 

expression. Bar graph demonstrating the percentage of cells expressing Core-CIFs in each cell type.  
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Supplementary Figure 3. Core-CIF expression landscape in human pancreatic cells lines from 

Cancer Cell Line Enciclopedia data. Heatmap of core-CIF gene z-scored expression values 

[log2(TPM+1)] from 50 pancreatic cancer cell lines available in Cancer Cell Line Encyclopedia 

(CCLE) database. The data were obtained from the Cancer Dependency Map (DepMap; 

https://depmap.org/). Columns represent the cell lines and rows represent gene expression of 71 core-

CIF genes. Rows and collumns were clustered using Euclidean distance. K-means analysis applied in 

the rows yielded two gene clusters. 
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Supplementary Figure 4. Core-CIF receptors CCR1 and CCR5 are increased in cachectic 

tissues. a) Cytokine-cytokine receptor interaction (hsa04060) performed by KEGG mapper 

(https://www.genome.jp/kegg/mapper/). The red box indicates the genes belonging to the core-CIFs. 

b) Geoprofiles (https://www.ncbi.nlm.nih.gov/geoprofiles/) expression bar graphs demonstrating the 

expression of Ccr1, Ccr2, Cxcr1, Cxcr2, and Cxcr3 in white adipose tissue, liver, and skeletal muscle 

from pancreatic cancer-induced cachexia mice and controls. Log2 Fold change (FC) and p-values were 

calculated using GEO2R tool using publicly expression data GSE51931. 

https://www.genome.jp/dbget-bin/www_bget?hsa04060
https://www.genome.jp/kegg/mapper/
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7. Anexos  

Anexo 1. Parecer de aprovação do estudo pelo Comitê de Ética em Pesquisa em seres humanos. 
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  PARECER CONSUBSTANCIADO DO CEP  
 

DADOS DO PROJETO DE PESQUISA 
 

Título da Pesquisa: Predição de caquexia em pacientes com câncer de pulmão de células não pequenas. 
 

Pesquisador: Erica Nishida Hasimoto 

Área Temática: 

Versão: 2 

CAAE: 45723921.0.0000.5411 

Instituição Proponente: Departamento de Cirurgia e Ortopedia 

Patrocinador Principal: Financiamento Próprio 

 

DADOS DO PARECER 

 

Número do Parecer: 4.836.559 
 

Apresentação do Projeto: 

As informações descritas nos campos “Apresentação do Projeto”, “Objetivo da Pesquisa” e “Avaliação dos 

Riscos e Benefícios” foram retiradas dos documentos e arquivo - Informações Básicas da Pesquisa. 

 
A caquexia é uma síndrome frequentemente encontrada em pacientes com câncer de pulmão. Essa síndrome 

é definida por uma perda de massa muscular, com consequente perda involuntária de peso, que leva a um 

comprometimento funcional sistêmico devido a alterações fisiológicas, metabólicas e imunológicas. No 

entanto, ainda é um desafio definir o estado caquético em pacientes com câncer de pulmão. Nosso grupo de 

pesquisa construiu um modelo de predição de caquexia, utilizando aprendizado de máquina, que se mostrou 

promissor para identificar pacientes com câncer de pulmão potencialmente caquéticos. Entretanto, é 

necessário validar o modelo preditivo em um conjunto independente de pacientes. 

Portanto, nosso objetivo é validar o modelo de predição e classificação de caquexia baseando-se na 

integração das análises de tomografias computadorizadas (TCs) e dados clínicos. Nossa proposta é 

selecionar o corte transversal da TC contendo os músculos peitorais e analisar a área dos músculos 

peitorais (AMP) utilizando o software Slice-O-Matic. Dados de muscularidade serão comparados aos dados 

clínicos dos pacientes, 

para avaliarmos a relação de baixa muscularidade e prognóstico desfavorável nos pacientes com 
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Continuação do Parecer: 4.836.559 

 

 
câncer de pulmão. A validação do modelo de predição de caquexia deve contribuir para a classificação da 

caquexia com potencial utilização clínica para diagnóstico precoce da caquexia e melhoria no tratamento 

desses pacientes. 

 
Critério de Inclusão: 

Serão aplicados os seguintes critérios: pacientes maiores de 18 anos, diagnosticados com tumores primários 

do pulmão, de subtipos histológicos adenocarcinoma ou carcinoma de células escamosas, de qualquer 

estadiamento, tendo cirurgia como tratamento primário e não tratados anteriormente com quimioterapia e/ou 

radioterapia. 

Critério de Exclusão: 

Presença de doença secundária metastática no pulmão, devido a outros tumores e história prévia de câncer, 

de qualquer tipo. 

 
tamanho da amostra: 50 participantes. 

Objetivo da Pesquisa: 

Objetivo Primário: 

Validar o modelo de predição de caquexia, gerado previamente, em um conjunto independente de pacientes 

com CPCNP 

Avaliação dos Riscos e Benefícios: 

Riscos mínimos 

Benefícios: 

O presente projeto utilizará de metodologia não-invasivas para classificar pacientes caquéticos. A predição de 

caquexia será feita avaliando apenas dados clínicos de prontuário e imagens de tomografias 

computadorizadas já realizadas. A validação do modelo de predição de caquexia deve contribuir para a 

classificação da caquexia com potencial utilização clínica para diagnóstico precoce da caquexia e melhoria no 

tratamento desses pacientes. 

 

Comentários e Considerações sobre a Pesquisa: 

Estudo observacional. Cronograma de execução: a coleta de dados deverá ser iniciada após aprovação do 

CEP. Encerramento da pesquisa consta: 01/09/2021. 
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Continuação do Parecer: 4.836.559 

 

Considerações sobre os Termos de apresentação obrigatória: 

Termos encontram-se inseridos na Plataforma: folha de rosto, anuencia institucional (HCFMB e FMB), 

projeto de pesquisa. Os pesquisadores incluíram TCLE para os pacientes que ainda se encontrarem em 

seguimento médico no serviço. O TCLE está adequado ao estudo, em linguagem apropriada. 

 

Recomendações: 

- 

Conclusões ou Pendências e Lista de Inadequações: 

Após análise em REUNIÃO ORDINÁRIA, o Colegiado deliberou APROVAÇÃO do PROJETO de Pesquisa 

apresentado. 

Considerações Finais a critério do CEP: 

Conforme deliberação do Colegiado, em REUNIÃO ORDINÁRIA do Comitê de Ética em Pesquisa 

FMB/UNESP, realizada em 05/07/2021, do PROJETO de Pesquisa apresentado encontra-se APROVADO. 

Ao final da execução da pesquisa, o Pesquisador deverá enviar o Relatório Final de Atividades, na forma de 

Notificação, via Plataforma Brasil. 

 
Atenciosamente, 

 

Comitê de Ética em Pesquisa FMB/UNESP 
 
 
 
 
 

 
Este parecer foi elaborado baseado nos documentos abaixo relacionados: 

 

Tipo Documento Arquivo Postagem Autor Situação 

Informações Básicas PB_INFORMAÇÕES_BÁSICAS_DO_P 18/05/2021  Aceito 
do Projeto ROJETO_1713229.pdf 00:30:22  

TCLE / Termos de TCLECaquexia.docx 18/05/2021 Erica Nishida Aceito 
Assentimento /  00:29:55 Hasimoto  

Justificativa de     

Ausência     

Outros CartaRespostaCaquexia.docx 18/05/2021 Erica Nishida Aceito 
  00:29:18 Hasimoto  

Folha de Rosto FolhaDeRostoAssinadaCaquexia.pdf 21/03/2021 Erica Nishida Aceito 
  15:16:56 Hasimoto  
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Anexo 2.  

Outras publicações como primeira autora durante o doutoramento. 

 

1. CURY, SS; DE MORAES, D; FREIRE, PP; DE OLIVEIRA, G; MARQUES, DVP ; 

FERNANDEZ, GJ ; DAL-PAI-SILVA, M; HASIMOTO, ÉN; REIS, PP; ROGATTO, SR; 

CARVALHO, RF. Tumor Transcriptome Reveals High Expression of IL-8 in Non-Small Cell Lung 

Cancer Patients with Low Pectoralis Muscle Area and Reduced Survival. Cancers, v. 11, p. 1251, 

2019. IF: 6.575 

 

2. DE BIAGI, CAO*; CURY, SS*; ALVES, CP; RABHI, N; SILVA, WA; FARMER, SR; 

CARVALHO, RF; BATISTA, ML. Multidimensional Single-Nuclei RNA-Seq Reconstruction of 

Adipose Tissue Reveals Adipocyte Plasticity Underlying Thermogenic Response. Cells, v. 10, p. 3073, 

2021. *Sharing first authorship. IF: 7.666 

 

3. CURY, SS; KUASNE, H; SOUZA, JS; MUÑOZ, JJM; DA SILVA, JP; LOPES, A; 

SCAPULATEMPO-NETO, C; FARIA, EF; DELAISSÉ, J; MARCHI, FA; ROGATTO, SR. Interplay 

Between Immune and Cancer-Associated Fibroblasts: A Path to Target Metalloproteinases in Penile 

Cancer. Frontiers in oncology, v. 12, p. 935093, 2022. IF: 6.244. 

 

4. CURY, SS; MIRANDA, PM; MARCHI, FA; CANTO, LM; CHULAM, TC; PETERSEN, AH; 

AAGAARD, MM; PINTO, CAL; KOWALSKI, LP; ROGATTO, SR. Germline variants in DNA 

Continuação do Parecer: 4.836.559 

 
Outros AnaliseDeViabilidadeDoProjetoDePesqu 16/03/2021 Erica Nishida Aceito 

 isaCaquexia.pdf 11:57:07 Hasimoto  

Outros AnuenciaHcfmb.pdf 16/03/2021 Erica Nishida Aceito 
  11:52:51 Hasimoto  

Outros TermoDeAnuenciaInstitucionalEAPCaqu 16/03/2021 Erica Nishida Aceito 
 exia.pdf 11:52:14 Hasimoto  

Projeto Detalhado / Projeto_CEP_caquexia.pdf 06/03/2021 Erica Nishida Aceito 
Brochura  15:06:55 Hasimoto  

Investigador     

 
 

Situação do Parecer: 
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Necessita Apreciação da CONEP: 

Não 

BOTUCATU, 08 de Julho de 2021 
 
 

Assinado por: 

SILVANA ANDREA MOLINA LIMA 

(Coordenador(a)) 

http://lattes.cnpq.br/5014314501027922
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repair genes are associated with young-onset head and neck cancer. Oral oncology, v. 122, p. 105545, 

2021. IF: 5.337 

 

5. CURY, SS; LAPA, RML; DE MELLO, JBH; MARCHI, FA; DOMINGUES, MAC; PINTO, CAL; 

CARVALHO, RF; DE CARVALHO, GB; KOWALSKI, LP; ROGATTO, SR. Increased DSG2 

plasmatic levels identified by transcriptomic-based secretome analysis is a potential prognostic 

biomarker in laryngeal carcinoma. Oral oncology, v. 103, p. 104592, 2020. IF: 5.337 

 

6. CONSTANTINO, FB*; CURY, SS*; NOGUEIRA, CR; CARVALHO, RF; JUSTULIN, LA. 

Prediction of Non-canonical Routes for SARS-CoV-2 Infection in Human Placenta Cells. Frontiers in 

molecular biosciences, v. 8, p. 614728, 2021. *Sharing first authorship. IF:4.615 
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Freire PP, Fernandez GJ, de Moraes D, Cury SS, Dal Pai-Silva M, Dos Reis PP, Rogatto SR, Carvalho 

RF. The expression landscape of cachexia-inducing factors in human cancers. J Cachexia Sarcopenia 

Muscle. 2020; 11(4):947-961. (IF = 12.063) 

 

Beltrami, CM; do Canto, LM; Villacis, RAR; Petersen, AH; Aagaard, MM; Cury, SS; Formiga, MNC; 

Junior, SA; Rogatto, SR. The repertoire of germline variants in patients with early-onset rectal cancer. 

Cancer Communications, v. 1, p. 1-5, 2022. (IF = 15.283) 

 

 de Moraes D, Paiva BVB, Cury SS, Ludwig RG, Junior JPA, Mori MADS, Carvalho RF. Prediction 

of SARS-CoV Interaction with Host Proteins during Lung Aging Reveals a Potential Role for TRIB3 

in COVID-19. Aging Dis. 2021; 12(1):42-49. (IF = 9.968) 

 

Martinucci B, Cucielo MS, Minatel BC, Cury SS, Caxali GH, Aal MCE, Felisbino SL, Pinhal D, 

Carvalho RF, Delella FK. Fibronectin Modulates the Expression of miRNAs in Prostate Cancer Cell 

Lines. Front Vet Sci. 2022 Jul 11;9:879997. 

 

Rodrigues BM, Mathias LS, Deprá IC, Cury SS, de Oliveira M, Olimpio RMC, De Sibio MT, 
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