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Abstract

Colorectal cancer (CRC) is the second leading cause of cancer-related deaths and
the third most common cancer worldwide. While primary tumors are effectively
managed in most cases, approximately 20—-40% of patients experience recurrence
within the first two to three years after treatment. Cancer stem cells (CSCs) are
most responsible for relapse due to their unique characteristics, including their low
division rate, their self-renewal capacity, and their ability to evade the primary
tumor, travel through the bloodstream (due to its epithelial-mesenchymal
transition capacity), and colonize other locations, both proximally and distally
(metastasis). Moreover, traditional chemotherapy treatments target rapidly
dividing cells, leaving CSCs unaffected due to their slow division rate. This also
makes them key contributors to chemotherapy resistance. Although several
biomarkers have been described in the literature for the detection of CSCs, none
are exclusive to this cell population. This limitation highlights the need for a

combination of biomarkers to improve early relapse prediction.

In this PhD thesis, we propose the use of a panel of biomarkers for CSCs to enhance
the early prediction of relapses in CRC patients. Additionally, we focus on studying
resistance to treatment, a significant challenge as many patients develop
chemotherapy-induced toxicity and relapse due to ineffective treatments. This
underscores the need for new strategies to accurately measure chemotherapy
efficacy and to identify novel biomarkers for resistance detection. Precision
medicine, especially through the use of patient-derived tumors, plays a critical role

in studying resistance and selecting the most effective treatment for each patient.

The main objectives of this PhD thesis were to develop a mathematical model for
early relapse prediction and to study resistance in CRC. To achieve these goals, we
first selected biomarkers reported in the literature and measured their expression
levels in CRC cell lines and in cells isolated from the blood of patients diagnosed
with CRC. The expression levels together with the clinicopathological
characteristics of the patients were the inputs for the developed mathematical
model for early prediction of relapses. To achieve this, we used Machine Learning
(ML) models, with Logistic Regression yielding the best results. This model
achieved a specificity of 82.4% and a sensitivity of 82.6%, offering reliable
predictive capabilities. We also analyzed the contribution of each biomarker to the

model to better understand their roles in relapse prediction.
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After predicting relapses, we shifted our focus to resistance to chemotherapy. Our
analysis revealed that 40 and 60% of the patients in the study experienced
treatment resistance or toxicity, respectively. To address the limitations of the
conventional ICso method to measure the efficacy of different treatments,
particularly its time-dependent nature, we developed a novel growth rate-based
method. This method allowed us to compare the resistance levels of various CRC
cell lines and to assess the expression of different biomarkers to identify candidates

associated with resistance.

Through this work, we identified trophoblast cell surface antigen 2 (TROP2), a
transmembrane glycoprotein and calcium signal transducer, as a potential
biomarker for resistance. We observed that the expression of TROP2, both at the
gene and protein levels, correlated strongly with resistance. Further investigations
revealed that chronic exposure to chemotherapy led to increased expression of
TROP2. Additionally, we explored the effects of silencing the TROP2 gene and
observed its influence on resistance. Since resistance was assessed through a cell
viability assay, the impact of TROP2 on proliferation complicated the experiment.
Despite these challenges and the need for further studies, the findings support

TROP2 as a promising biomarker for resistance detection.

In conclusion, this PhD thesis resulted in the development of a robust
mathematical model for the early prediction of relapse in CRC patients. We also
introduced a novel growth rate-based method for studying chemotherapy
resistance and identified TROP2 as a promising biomarker candidate for
resistance detection. These findings contribute to advancing precision medicine
and improving the quality of life for colorectal cancer patients by enabling more
targeted and effective interventions, maximizing response rates, minimizing

unnecessary treatments, and reducing side effects.



Resumen

El cancer colorrectal (CRC) es la segunda causa principal de muertes relacionadas
con cancer y el tercer tipo de cancer mas comun en todo el mundo. Aunque los
tumores primarios suelen superarse en la mayoria de los casos, aproximadamente
el 20-40% de los pacientes experimentan recaidas en los primeros dos o tres afnos
tras el tratamiento. Las células madre cancerigenas (CSCs) son las principales
responsables de las recaidas debido a sus caracteristicas, que incluyen una baja
tasa de division, capacidad de autorrenovacion y la habilidad de abandonar el
tumor primario, viajar a través del torrente sanguineo (por su capacidad de
transicién epitelio-mesénquima) y colonizar otros érganos, tanto proximales como
distales (metastasis). Ademads, los tratamientos de quimioterapia tradicionales
estan disenados para atacar células de rapida divisién, por lo que las CSCs
permanecen intactas debido a su lenta tasa de division. Esto las convierte en un
factor clave en la resistencia a la quimioterapia. Aunque en la literatura se han
descrito varios biomarcadores para la deteccion de CSCs, ninguno es exclusivo de
esta poblacion. Esta limitaciéon resalta la necesidad de combinar biomarcadores

para mejorar la prediccion de recaidas.

En esta tesis doctoral, proponemos el uso de un panel de biomarcadores de CSCs
para mejorar la prediccion de recaidas en pacientes con CRC. Ademas, nos
enfocamos en el estudio de la resistencia al tratamiento, un desafio importante, ya
que muchos pacientes desarrollan toxicidad tras la administracion de
quimioterapia y recaen debido a la ineficiencia de los tratamientos. Esto subraya
la necesidad de desarrollar nuevas estrategias para medir con precision la
efectividad de los tratamientos quimioterapéuticos e identificar biomarcadores
novedosos para la deteccion de resistencia. La medicina de precision,
particularmente a través del desarrollo de tumores derivados de pacientes,
desempena un papel fundamental en el estudio de la resistencia y en la seleccién

del tratamiento mas efectivo para cada paciente.

Los principales objetivos de esta tesis doctoral fueron desarrollar un modelo
matematico para la predicciéon temprana de recaidas y estudiar la resistencia en el
CRC. Para alcanzar estos objetivos, primero seleccionamos biomarcadores
descritos en la literatura y medimos sus niveles de expresion en lineas celulares de

CRC y en células aisladas de la sangre de pacientes diagnosticados con CRC.
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Los niveles de expresion, junto con la historia clinica de los pacientes, se utilizaron
como variables de entrada en el modelo matematico que desarrollamos para la
prediccion de recaidas. Para ello, empleamos modelos de aprendizaje automatico
(Machine Learning, ML), siendo la regresién logistica el que mostré los mejores
resultados. Este modelo obtuvo una especificidad del 82.4% y una sensibilidad del
82.6%, demostrando una buena prediccion de las recaidas. También analizamos la
contribucion de cada biomarcador al modelo para entender mejor su papel en la

prediccion de recaidas.

Tras desarrollar un modelo de prediccién de recaidas, nos centramos en estudiar
la resistencia a la quimioterapia. El 40 y el 60% de los pacientes incluidos en el
estudio experimentaron resistencia al tratamiento o toxicidad, respectivamente.
Para abordar las limitaciones del método convencional ICso que mide la eficacia de
distintos tratamientos, particularmente su dependencia del tiempo, desarrollamos
un método novedoso basado en la tasa de crecimiento. Este método nos permitio
comparar los niveles de resistencia de varias lineas celulares de CRC y evaluar la
expresion de diferentes biomarcadores para identificar posibles candidatos

asoclados con la resistencia.

A través de este trabajo, identificamos a TROP2 como un potencial biomarcador
para la resistencia. Observamos que la expresion de TROP2, tanto a nivel génico
como proteico, mostré6 una fuerte correlaciéon con la resistencia. Ademas, la
exposicion cronica a la quimioterapia llevd a un aumento en la expresiéon de
TROP2. Ademas, exploramos los efectos del silenciamiento del gen TROP2 y
evaluamos su influencia en la resistencia. Dado que la resistencia se evalud
mediante un ensayo de viabilidad celular, el impacto de TROP2 en la proliferacién
complicé el experimento. A pesar de los desafios encontrados y la necesidad de
estudios adicionales, los resultados obtenidos posicionan a TROP2 como un

biomarcador candidato para la deteccién de resistencia.

En conclusion, esta tesis doctoral ha permitido desarrollar un modelo matematico
robusto para la predicciéon temprana de recaidas en pacientes con CRC. También
introdujimos un nuevo método basado en la tasa de crecimiento para estudiar la
resistencia a la quimioterapia e identificamos a TROP2 como un biomarcador
candidato prometedor para la deteccion de resistencia. Estos hallazgos impulsan
el avance de la medicina de precision y mejoran la calidad de vida de los pacientes
con cancer colorrectal, al permitir intervenciones mas especificas y efectivas,
optimizar las tasas de respuesta, reducir tratamientos innecesarios y minimizar

los efectos secundarios.
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Introduction

1. Introduction

Cancer 1s a complex disease characterized by the uncontrolled growth and spread
of malignant cells. Affecting millions of people worldwide, cancer remains one of
the leading causes of mortality despite significant advancements in diagnosis and
treatment. While progress in early detection and effective management of primary
tumors has considerably improved remission rates, the challenge often emerges in
subsequent years due to the risk of relapse. Apart from the commonly known
tumoral cells, characterized by their high division rates, a less-known population
called cancer stem cells (CSCs) are also present in many tumors, such as
glioblastoma, breast and colon cancer. They are characterized by a low division
rate, self-renewal and resistance, and are thought to be responsible for relapses. A

more detailed explanation of CSCs can be found in section 1.6.

Many patients experience tumor recurrence, either locally or as distant metastasis,
with the latter typically being more aggressive, resistant to conventional therapies
and associated with poorer prognoses. This highlights the need to deepen our
understanding of the mechanisms underlying resistance and to develop a method
for relapse prediction based on biomarkers’ expression, which are the focus of this
PhD thesis. We centered our study on colorectal cancer (CRC) due to its high
recurrence and mortality rates, which not only underscored its clinical relevance
but also ensured the project's feasibility by enabling the collection of a substantial

number of samples within the limited timeframe of a doctoral thesis.

This section aims to explain both the biological and medical aspects, as well as the
mathematical approach, in sufficient detail to ensure clear understanding for
professionals from different fields, as it forms part of a multidisciplinary PhD
thesis. In this section we will first provide a general introduction to the disease,
covering its origins, classification, epidemiology, risk factors, prevention, diagnosis
and treatment. Subsequently, we will focus on CSCs as key contributors to
relapses, highlighting several biomarkers reported in the literature for identifying
this population. Lastly, we will explore the use of Machine Learning (ML)
techniques, which were used to develop a mathematical model for predicting

relapse.
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1.1. Origin and main discoveries in cancer disease

A representation of the main discoveries and advances of cancer is shown in Figure
I1. The first evidence of cancer in humans’ dates to the ancient Egyptian and Greek
civilizations, although traces of bone tumors have been found in prehistorical
animals before [1]. Cancer was described in the Edwin Smith [2] and Ebers
papyrus [3] but was not called as such; it was in 400 B.C. when Hippocrates first

coined this term, derived from the Greek word karkinos.

Cancer was previously not considered to have physical or biological causes.
Hippocrates was the first to describe it in a scientific manner. He considered this
disease an imbalance of the four main body humors (blood, phlegm, yellow and
black bile) [4]. From the Egyptian period until the end of the nineteenth century,
the treatment was predominantly surgery. In relation with that, Galen, a Roman
and Greek surgeon, was the one who indicated the first surgical strategies for the
treatment of tumors in 130-200 B.C [5] and Seishu Hanoaka, a Japanese surgeon,
performed a mastectomy as the first surgical procedure under general anaesthesia
in 1804 [6]. Finally, William Halsted published the “Radical Mastectomy”

procedure in 1894, leading to its practice worldwide [7].

Regarding scientific advances in the disease, the early development of microscopes
in 1600-1620 and the later publication of “Micrographia” by Robert Hooke in 1665
in which he first recorded observations of cells [8], allowed Johannes Miiller to
demonstrate in 1838 that cancer is made up of cells, although he believed that they
come from abnormal cells (cells that already have irregular characteristics). It was
in 1858 when Rudolf Virchow identified that cancer cells come from normal cells
that undergo transformation and become cancerous due to mutations or external
factors. Finally, another notable historical event was in 1860 when Karl Thiersch

showed that cancer metastasizes through the spread of malignant cells [9].

The first great advance in cancer treatment was the development of radiotherapy
thanks to the discovery of X-rays by Wilhelm Conrad Rontgen in 1895 and radium
by Marie Curie and Pierre Curie in 1898 [10,11]. These latter two suggested using
X-rays to treat tumors, which have been applied since 1920. Moreover, the
development of computerized tomography (CT) scanning by Godfrey Hounsfield in

1971 improved imaging for both surgery and radiation treatment [12].

The second great advance in cancer treatment was the development of
chemotherapy. Starting with the accidental discovery of the first DNA alkylating

agent, a nitrogen mustard derived from iprite. First used for military purposes

2
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during the Second World War, the pharmacological effect of nitrogen mustards on
organisms affected by certain tumors was later described in 1946 by Louis
Goodman and Alfred Gilman [13]. This led to the development of
Mechlorethamine, the first chemotherapy treatment that was approved by the U.S
Food and Drug Administration (FDA) in 1949. Mechlorethamine directly modifies
DNA, leading to cell cycle arrest and programmed cell death (apoptosis). From this
point on, several chemotherapy treatments were developed [14]. Chemotherapy is
nowadays a very widespread technique worldwide and is usually administered as
a combination of multiple drugs, including mitotic inhibitors, topoisomerase
inhibitors and antimetabolites. Vincent DeVita first described the efficiency of

combination treatments in 1965 [15].

At the beginning of the ‘80s, new discoveries in the field of immunology, cell and
molecular biology allowed researchers to investigate the molecular mechanisms
responsible for the neoplastic transformation of cells, which triggers uncontrolled
growth. These advancements facilitated the identification of new molecular targets
[16-19], leading to the development of targeted therapy, including immunotherapy
and monoclonal antibodies (Iaboratory-produced antibodies targeting a distinct

region of an antigen, called epitope).

The first monoclonal antibody, Rituximab (which specifically recognizes a non-
glycosylated transmembrane phosphoprotein antigen CD20), was approved by the
FDA in 1997. Nevertheless, Trastuzumab, which selectively binds to the human
epidermal growth factor receptor type 2 (HER2), was the first antibody tested in
clinical trial (FDA approval in 1998). The introduction of both antibodies
represented landmark events in the revolution of anti-tumor treatments [20,21].
New monoclonal antibodies directed toward tumor antigens or T-lymphocyte
receptors that downregulate the immune response have also been developed. The
first approved immune checkpoint inhibitor was Ipilinumab in 2011, which
specially binds to CTLA-4 protein [22]. In 2014, Nivolumab and Pembrolizumab,
which detect the PD-1 molecule, were introduced to the market with previous
studies demonstrating their efficacy [23]. These two checkpoint-targeted
antibodies have been a major immunotherapeutic breakthrough against tumor
progression, as recognized by the synchronous Nobel Prize in Medicine and
Physiology awarded in 2018 to James P. Allison (anti-CTLA-4) and Tasuku Honjo
(anti-PD1) for their discoveries of cancer therapy through regulation of the

Immune system.
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In the 2020s, many clinical trials are currently underway to develop new
approaches for cancer treatment. In particular, the novel technique CAR-T cell
therapy (Chimeric-Antigen Receptor) involves the integration of chimeric receptors
(laboratory-designed molecules that combine elements from different proteins to
form an artificial receptor with specific functions) into T cells, enabling them to
target antigens that are specifically expressed on tumor cells. This technique
1mplies the removal of T-cells from the patient and the in vitro genetic modification
for the addition of the chimeric receptor. These cells are then reinfused into the
patients where they selectively interact with cancer cells [24,25].
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Figure I1. Schematic timeline that includes the most important milestones of
oncology (3000 BC — today). The main scientific developments and discoveries in
cancer are shown on the left (novel techniques are labelled in green). The advances
in cancer therapy are shown on the right side (labelled in red). Original figure
created by the author with data obtained from Falzone et al [26].
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Finally, many researchers are trying to develop new therapies based on genomic
editing using CRISPR/Cas9 technology to correct genetic aberrations, although
these types of treatments are still in clinical trials with no approved therapies to
date [27]. Some researchers are also studying the possibility of developing
anticancer vaccines designed according to the individual characteristics of tumors.
Although there are some approved vaccines, production difficulties make this

approach particularly expensive and not suitable for all patients [28].

Advances in bioinformatics have also been important for scientific research and
treatment of cancer. Although first mentioned in 1965, artificial intelligence (AI)
was not applied to oncology until the 1980s, with the arrival of ONCOCIN.
Developed by researchers at the University of Stanford, this Al-based system
aimed to help oncologists make decisions about patients’ cancer treatment [29].
Since then, Al has been used for clinical decision making, imaging analysis for
early detection, predicting adverse drug reactions and measuring efficacy of

treatments among patients [30-32].

1.2. Classification of cancer

Classification of cancer is crucial for pathologists, as it determines the severity and
progression of a patient’s cancer, influences their prognosis, and guides the
selection of the most effective treatment options. Different classification systems
have been established (Figure I2) based on varied features, leading from broader

to more detailed separation. Some commonly used classifications are:
- By organ or tissue of origin.

Cancer 1is broadly classified according to the location in the body where the
cancer first developed, such as breast cancer, prostate cancer, colon cancer,
lung cancer, etc. From a histological point of view, there are multiple
different cancers that are grouped into six major categories: carcinoma
(originating from epithelial cells), sarcomas (from supportive or connective
tissue), myeloma (from plasma cells), leukemia (from leukocytes), lymphoma
(from lymphoid tissue) and there is a group with mixed histological features
in origin, called mixed type. This classification is described in the
International Classification of Diseases for Oncology, Third Edition (ICD-O-
3) [33].
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By grade.
The World Health Organization (WHO) grades tumors depending on the

cytological features (mostly focused on the differentiation of the cells) and
morphological-structural observations (mitotic count and necrosis). There
are four numerical grades, from grade 1 indicating a high level of
differentiated and non-malignant cells (low grade and high survival rate) to
a grade 4 in which almost all cells are undifferentiated and abnormal (high

grade and low survival rate).
By stage.

Cancers are also classified according to their stage [34]. This usually refers
to the size and spread of the tumor although there are several types of
staging methods. The most widely used method divides cancer in terms of
tumor size (T), the degree of regional spread or node involvement (N), and
distant metastasis (M). This is called TNM staging. Each capital letter
contains a letter or a number behind it, indicating the grade of this term.
The following explains the meaning of the corresponding letters and

numbers:

o Primary tumor (T)
» Tx! main tumor cannot be measured
» TO: main tumor cannot be found
= T1-T4: refers to the size of the main tumor, the higher the
number, the larger the tumor
o Regional lymph nodes (N)
» Nx:the impact of the tumor on nearby lymph nodes is unknown
= NO: no cancer in nearby lymph nodes
= N1-3: the higher the number, the more lymph nodes that
contain cancer
o Distal metastasis (M)
= Mx: metastasis cannot be confirmed or ruled out
* MO: cancer has not spread to other parts of the body
» M1: cancer has spread to other parts of the body

The TNM method provides a detailed classification of tumors. However,
cancer can also be categorized into five broader stages, with higher numbers
indicating more advanced disease and a poorer prognosis. The following

explains these five stages in detail:

o Stage 0 indicates cancer in situ or limited to surface cells.
o Stage I indicates cancer limited to the tissue of origin.



Introduction

o Stage II indicates limited local spread.
o Stage III indicates extensive local and regional spread.
o Stage IV corresponds to advanced cancers with distant spread and

metastasis.
BY ORIGIN BY GRADE BY STAGE
Location where the tumor Numerical grade depending on Stage depending on size and spread
first developed differentiation and malignance TNM Stage
e.g breast, colorectal... Gradel,2,3o0r4 o n,%—' %b s,
E[\js > e

( \ . N: L h
Q./ \.) @ |) T: size noydn;.? M: metastasis
=

e.g TINIMO is a small primary tumor with some regional
lymph nodes affected that has not metastasized.
Figure I2. Classification of cancer. Cancer is broadly classified by origin (depending
on the location of the primary tumor), grade (depending on the differentiation and
malignance, there are four possible grades) or stage (depending on the size and
spread, the TNM staging method is the most common one). Original figure created

by the author using symbols designed by Freepick (https:/www.freepik.es/).

1.3. Epidemiology

Cancer is a global health concern, with an incidence of nearly 20 million cases
worldwide and almost 300,000 cases reported in Spain in 2022. Most cancer
patients are aged over 50. Globally, lung cancer has the highest incidence, followed
by breast cancer and CRC cancer. However, in Spain, this pattern differs slightly,
with CRC having the highest incidence, followed by breast and prostate cancer.
Consequently, CRC ranks third globally but holds the top position in Spain in
terms of incidence. It is also the second leading cause of cancer-related deaths,

preceded only by lung cancer [35]

CRC accounts for 9.6% and 14.1% of all cancer cases worldwide and in Spain,
respectively. Although it affects both men and women almost equally, there is a
slight variation, with around 55-60% of cases occurring in men and 40-45% in
women and boasts a 5-year survival rate of 65%. The prognosis for patients
depends on the stage of the disease, with a 92% 5-year survival rate for localized
disease, 70% for cases where it has spread to regional lymph nodes, and 12% for
cases where it has metastasized distantly. These survival prognoses are reflected
in current prevalence data, with approximately 5.25 million people affected
worldwide and 150,000 in Spain [35]. A summary of these metrics is shown in

Figure 13.
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Figure 13. Epidemiology in cancer disease focused on CRC. The incidence, mortality
and age of cancer patients is shown above. CRC incidence, sex and overall survival

1s shown below. Original figure created by the author with data taken from the

Global Cancer Observatory [36]

(https://www.freepik.es/).
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1.4. Risk factors and prevention

Cancer occurs due to mutations of a patients’ normal cells, leading to the
appearance of tumor cells, with patients’ genetics or the exposure to external
agents being the most important causative agents. In this regard, genetic causes
of cancer may refer to sporadic mutations in the DNA that happen as cells multiply
or to mutations inherited from one or both parents. These mutations typically
cause chromosomal alterations and translocations in genes that can lead to
microsatellite instability (MSI), CpG island methylator phenotype (CIMP), and
chromosomal instability (CIN). Mutations often cause dysregulation of various
pathways that are responsible for cancer progression, including the PI3K/Akt,
Wnt, TP53, and MAPK pathways, among others [37-39].

For their part, external agents can be classified in three main groups: physical
carcinogens (such as ultraviolet and ionizing radiation), chemical carcinogens
(such as asbestos, components of tobacco smoke, alcohol, food or drink
contaminants, etc.) or biological carcinogens (such as infections from certain
viruses, bacteria or parasites). In most cases, external agents induce mutations or
affect the expression of oncogenes and tumor suppressor genes [40]. Viruses may
also have other mechanisms to cause cancer such as encoding some viral proteins
that are oncogenic or cause chronic inflammation [41,42]. In the case of chemical
carcinogens, they can directly or indirectly react with DNA. Most of them do not
react directly with DNA but undergo metabolic activation of reactive intermediates

that react with DNA, leading to mutations that increase tumor risk [43].

Regarding CRC, numerous risk factors are known to predispose to it, including
people with a family history of colon or rectum cancer, familiar polyposis syndrome
or hereditary nonpolyposis, and chronic inflammatory diseases (ulcerative colitis
and Crohn’s disease). Some environmental factors are also relevant, such as
smoking, excess weight, diabetes, excessive fat and alcohol consumption, lack of
regular physical activity and inappropriate diet [44—-47]. While none of these
factors alone have been directly linked to CRC, a healthier lifestyle overall has
been associated with a lower incidence of CRC. Moreover, the WHO has
determined that 23% of cancer cases attributable to excess body mass and 21.1%
to alcohol consumption corresponds to CRC patients. Thus, CRC is one of the

cancers that is most affected by diet [48].
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The overall accumulation of risks along with the reduced effectiveness of DNA
repair systems as a person gets older, causes the incidence of cancer to increase
drastically with age [49]. Patients’ genetics, environment and lifestyle are
important factors in cancer development and risk can be largely reduced by
controlling factors such as not smoking, maintaining a healthy body weight and a
healthy diet, getting vaccinated, avoiding or reducing consumption of alcohol and

controlling exposure to radiation and air pollution, etc. [50].

However, the development of preventive strategies is also essential. The fecal
immunochemical test (FIT) is a voluntary biennial procedure in patients between
the ages of 50 to 69. It is not a diagnosis technique but allows screening of the
population depending on cancer risk. It should be noted that positive results can
also be obtained due to some benign diseases such as hemorrhoids, necessitating
colonoscopy assessment of patients whose FIT result was higher than a particular
threshold (determined by each country) to diagnose CRC and remove possible
polyps present in the colon. Although this technique is widely established, some
investigations are being carried out to improve the test’s specificity, as colonoscopy,
according to some studies, could have been prevented in 38% of cases [51,52]. A

summary of the main risk factors and prevention methods in cancer is shown in

Figure 14.
RISK FACTORS PREVENTION
GENETICS
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SPORADIC INHERITED
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PR;?;?:ON HEALTHYDIET  NON SMOKING
EXTERNAL AGENTS
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Figure I4. Risk factors and prevention in cancer. Risk factors include genetics
(sporadic or inherited mutations), and external factors classified in physical
(radiation), chemical (such as tobacco, food or alcohol) or biological (infections).
Cancer can be prevented with a healthy life, protection from radiation and infections
and early diagnosis tests. Original figure created by the author using symbols
designed by Freepick (https://www.freepik.es/).
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1.5. Diagnosis and treatment of cancer

Figure 15 presents a comprehensive diagram depicting the essential steps followed

by CRC patients in relation to the diagnosis and treatment of their disease.
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Figure I5. Diagram illustrating the key steps patients follow in the diagnosis and

treatment of their disease. (1) FIT screening test (2) Colonoscopy test in cases of FIT

positive (3) Blood and urine analysis in cases of FIT and colonoscopy positive tests

(4) Treatment (5) Follow-up (6) Treatment in case of relapse. Two hospitals were

represented in the figure to improve the flow of the diagram, although diagnosis,

treatment and follow-up are usually carried out in the same center. Original figure

created by the author using symbols designed by Freepick (https://www.freepik.es/).
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Cancer is usually detected in preventive screenings, as an impact from another
1llness or because the patient suffers physical changes such as lumps, loss of
weight, fatigue, bleeding, skin color changes, etc. In CRC, the FIT screening test
is routinely performed on the general population between 50 and 69 years old
(Figure I5 - 1) followed by a colonoscopy in the cases of presence of blood in the FIT
sample (Figure I5 - 2). In the case of negative FIT and/or colonoscopy results,
patients can wait until the next screening appointment. However, if FIT and
colonoscopy are positive, some laboratory tests such as blood and urine tests and
biopsy analysis are carried out to determine the stage of the tumor (Figure I5 - 3).
The doctor will decide with these results which treatment is required for each
patient (Figure I5 - 4). It usually consists of chemotherapy or radiotherapy
treatment before surgery (neoadjuvant treatment). Depending on the stage of the
tumor, the doctor could consider doing only surgery and could decide whether
adjuvant (post-surgery) chemotherapy or radiotherapy is needed or not. Some
other treatments may also apply, such as monoclonal antibodies. Every 3-6
months, a follow-up will be conducted to check for any signs of relapse (Figure I5 -
5). Blood and image tests such as PET are the most common techniques. Finally,
if the results are negative, the patient is released until the next appointment but

if a relapse is detected, a new treatment will be initiated (Figure I5 - 6).

1.5.1. Diagnosis of CRC

The most widely used techniques for early detection in CRC is FIT followed by
colonoscopy. If preoperative endoscopy was incomplete due to tumor obstruction,
visualization should be completed by computed tomography (CT) prior to surgery.
Furthermore, CT/PET is usually performed for a complete pre-surgical staging and
to identify occult metastatic disease. There are other techniques such as magnetic
resonance imaging (MRI) or colonography that may also be used [53,54]. Whenever
colonoscopy is not possible, colonography is used as a substitute. It is a non-
invasive X-ray technique that allows for the detection of polyps and CRC tumors
by providing a tridimensional view of the inner lining of the colon. MRI is a non-
ionizing radiation technique that provides high-resolution images of soft tissues,
making it particularly useful in CRC for visualizing internal layers and lymph
nodes. However, its higher cost and longer scan time make it less frequently used

than CT. Moreover, CT is generally more effective at detecting metastasis.
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Currently, the development of omics technologies (genomics, transcriptomics,
proteomics, etc.) has allowed scientists to identify biomarkers useful for diagnosis
of CRC which can be used to assign a more efficient personalized treatment [55,56].
High serum levels of CEA and CA19.9 are used in CRC as biomarkers, but they
are not exclusive. CEA 1is not specific, as it is expressed by other cancers such as
ovarian tumors. CA19.9 is a specific marker of the digestive system tumors,
including pancreatic cancer. Moreover, the sensitivity (the percentage of real
positives that the model predicted as positive) is estimated to be 87 and 96%,
respectively. However, the specificity (the percentage of negative samples that the
model was able to predict as negative) is estimated to be 36 and 23%, respectively
[57]. These sensibility and specificity data show that although elevated CEA or
CA19.9 levels strongly indicate a high likelihood of cancer, low levels do not

reliably rule it out, as many of these patients may still develop cancer.

1.5.2. Treatment of CRC

Standard conventional treatments for CRC are surgery, chemotherapy and
radiotherapy. Monoclonal antibodies are also provided in some cases. There are
defined clinical practice guidelines for diagnosis, treatment and follow-up of CRC,
[58-60]. Patients diagnosed with CRC usually require multiple sequential
treatments after detection of relapse, referred to as first line, second line, etc. A
diagram of the treatment usually administered for patients in different stages at

diagnosis is shown in Figure I6.

Surgery is the main curative treatment for patients with non-metastasized CRC.
However, the outcome is strongly related to the quality of surgery and pre-
operative staging but also treatment selection. Laparoscopic resection of CRC has
been shown to be as safe as open surgery [61]. Once resected, the tumor can be
used to judge the quality of the surgery. If the margin around it is free of cancer
cells, the surgery is considered high quality [62]. Moreover, removal of lymph nodes
is needed to provide adequate histopathological staging. The cure rate, defined as
the percentage of patients who remain disease-free for life, is high in NOMO cancer
patients when treated with surgery, reaching 92% [35]. However, the clinical
guidelines recommend considering neoadjuvant therapy in high-risk cases (poorly
differentiated tumors, less than 12 lymph nodes resected, tumor invasion,
obstruction or large tumors). Neoadjuvant treatment can reduce the tumor, and it

might be recommended to optimize the chances for a successful resection [63].
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The most frequent neoadjuvant treatment consists of a short-course radiotherapy
or chemoradiotherapy with 5-Fluorouracil (5-FU) or capecitabine (prodrug of 5-
FU). 5-FU is an antimetabolite with fluorine instead of hydrogen in the C-5
position of uracil. It inhibits the activity of thymidylate synthetase, affecting the
pyrimidine synthesis and arresting the cell cycle in S phase [64].

TREATMENT OF COLORECTAL CANCER

NOMO spread of disease was not detected at diagnosis

The cure rate for these patients is high

IF ANY OF THESE RISK APPLY: 0 Q
- Poorly differentiated tumor (o) or and
a

- Less than 12 lymph nodes resected

- Tumor invasion =
- Obstruction Short course 5-FU/
- Large tumor radiotherapy Capecitabine

Neoadjuvant treatment + surgery

N1MO Lymph nodes affected but metastasis was not detected at diagnosis

B o - ok

Short course 5-FU/ Surgery FOLFOX/FOLFIRI
radiotherapy  Capecitabine

Neoadjuvant treatment + surgery + adjuvant treatment

FOLFOX/FOLFIRI/FOLFOXIRI  Monoclonal antibodies ~ Surgery if possible

Figure I6. Diagram depicting the treatments usually administered in CRC patients.
NOMO patients (patients without nodules affected nor metastasis at diagnosis)
receive surgery in most cases except for risk cases in which neoadjuvant treatment
will also be considered. N1MO patients (patients with nodules affected but without
metastasis at diagnosis) will also receive adjuvant treatment in addition to
neoadjuvant treatment and surgery. Finally, M1 patients (patients with metastasis
at diagnosis) will receive a more active chemotherapy treatment usually combined
with monoclonal antibodies. Surgery will be carried out if a resectable status is
achieved. Original figure created by the author using symbols designed by Freepick
(https'//www.freepik.es/).
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In cases in which any node is affected (any T, N1-2, M0), adjuvant treatment
should also be considered. When considering metastatic patients, they are usually
treated with the most active chemotherapy to reduce tumors. If a resectable state
is achieved, surgery should be considered. The chemotherapy backbone for first-
line treatment of spread disease is typically a combination of 5-FU, and either
oxaliplatin (FOLFOX) or irinotecan (FOLFIRI). In the first case, 5-FU is usually
replaced by capecitabine, as it is oral administrated, which is preferred by patients.
Oxaliplatin is an alkylating agent that produces DNA damage through DNA
crosslinking and irinotecan i1s a derivative of camptothecin which binds to
topoisomerase I, preventing the relegation of the single-strand breaks in the DNA.
A triplet (three chemotherapeutic agents), FOLFOXIRI, is usually administered in

metastatic patients, which confers high response rate (approximately 60%) [65].

Finally, some targeted agents are used for metastatic CRC treatment. These
include three major groups: monoclonal antibodies against epidermal growth
factor (EGFR), such as cetuximab and panitumimab; monoclonal antibodies
against vascular endothelial growth factor (VEGF-A), such as bevacizumab; and
fusion proteins that target multiple proangiogenic growth factors (for example,
aflibercept) or small molecule-based multikinase inhibitors (for example,

regorafenib).

Overexpression of EGFR correlates with reduced survival and increased risk of
metastasis. Cetuximab and Panitumimab are monoclonal antibodies that block
EGFR, and hence EGF signaling, showing efficacy in chemotherapy-naive patients
as well as in patients whose tumors are refractory to chemotherapy, thus
improving the overall response rate of tumors. A prerequisite for the efficacy of
these agents is that the tumors do not harbor mutations in KRAS and NRAS
[66,67].

The proangiogenic VEGF-A factor is produced by many tumor cells and promotes
proliferation and migration of cells. Bevamizumab, a monoclonal antibody that
block VEGF-A, has demonstrated efficacy in combination with chemotherapy in
metastatic patients; it is usually combined with 5-FU or irinotecan, improving the
overall survival of patients [68]. Aflibercept also targets angiogenesis and has been
shown to improve overall survival when used in combination with FOLFIRI in the

second line setting of treatment for metastatic disease [69].
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Finally, regorafenib is an orally available multikinase inhibitor that has shown
efficacy in patients who had previously been treated with all available therapies,

becoming the standard in pre-treated patients [70].

1.5.2.1. Methods to measure the efficacy of anticancer treatment

Cell viability assays have become instrumental tools for assessing the efficacy of
anticancer agents, particularly in the early stages of treatment studies. Diverse
methodologies have emerged, driven by the need for more comprehensive
understanding of cellular responses. Traditionally focused on survival or death,
these studies have expanded to analyze specific aspects of cellular function.
Advanced methods, including thiazolyl blue tetrazolium bromide (MTT) assays,
fluorescence microscopy, real-time cell analysis (RTCA) and flow cytometry, offer
detailed assessments, particularly relevant in studying tumor cells and
therapeutic compound efficacy [71]. The MTT assay, a widely used technique, is a
reliable and cost-efficient method that measures cellular metabolic activity. It
relies on the reduction of MTT to formazan in the mitochondria, providing a
colorimetric measure of cell viability by absorbance [72]. The fact that cell lines
grow exponentially has been widely studied since 1961 [73—75] and continues to be
used in recent studies [76,77]. In these experiments, absorbance is proportional to
the number of cells and is usually normalized to the control cell line, so the
evaluation of exponential growth in controls is essential to determine that there
are no external factors that affect the culture. The percentage of viability is usually

calculated as follows:

Population sample __ Absorbance sample

100

Population control " Absorbance control

Cell viability (%) = x100 (Eq.1)

Among these assays, the discovery of parameters to analyze and compare the
efficacy of treatments is essential. The determination of the half-maximal
inhibitory concentration (ICs0) has gained prominence in this point. The ICso value
denotes the concentration of a compound at which 50% of cell viability is inhibited,
serving as a parameter to assess the efficacy of potential therapeutic compounds
[78]. Its use in cell viability assays offers a quantitative measure, enabling
researchers to compare the efficacy of different compounds and make informed
decisions in the development of cancer treatments [79,80]. Determining ICso from
dose-response curves is essential but challenging. Various methods, including
nonlinear regression and statistical models, navigate curve complexities
[78,81,82].
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However, a major drawback of the ICs0 index is its time-dependent nature. Since
both the sample and control cell populations evolve over time at different growth
rates, performing the same assay with a different end-point can result in a
different I1Cso value. In optimal laboratory conditions cell cultures produce colonies
with exponentially growing populations, and a well-defined growth rate. When
these conditions are changed, for example, to study chemotoxicity, some cells die
and others reproduce at a slower rate; however, the change in colony population
growth dynamics can be modeled as proportional to colony population itself
(because it is a multiplicative phenomenon). The proportional constant is a new
effective growth rate, i.e., the growth rate that can be measured for a population
under given conditions. The colony population is an exponential function of time.
If the number of individuals in the population increases, the growth rate is
positive, but if the number of living individuals decreases, this corresponds to a
negative growth rate (exponential with negative exponent) [83,84]. Thus, a direct
way to evaluate the effect of a chemotoxic compound on cell culture is to study the

change in cells’ growth rate.

In this PhD thesis we propose a new method to measure the efficacy of
chemotherapeutics based on the calculation of the effective growth rate for a range
of drug concentrations. We also propose the use of two new parameters to evaluate
the response of cell lines to different treatments that are not time dependent. One
of them 1is the IC,o index, a value that represents the drug concentration at which
the effective growth rate is zero. The other, the IC;med, 1s the value that corresponds
to the drug concentration that reduces the control population’s growth rate by half.
Advancements in growth rate analysis offer a precise alternative for ICso
determination without succumbing to curve intricacies. These advancements will
be useful for a more accurate measurement of resistance to chemotherapy mainly
caused by CSCs.

1.6. Cancer stem cells

According to the traditional model of carcinogenesis, a tumor may arise from any
differentiated cell. This model is called the stochastic model and assumes that
every cell can become tumorigenic via somatic mutations in genes that control
proliferation and thus originate a tumor [85]. More recently, our understanding of
tumorigenesis has shifted to the CSC model. The CSC model suggests that only a
subpopulation of cells within the tumor, the CSCs, are able to proliferate and drive

tumorigenic growth [86,87]. Both models are represented in Figure 17.
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Figure I7. Models of carcinogenesis. The stochastic model assumes that tumor cells
come from somatic mutations in any cell (left panel) whereas the CSC model suggests
that a subpopulation can proliferate and promote tumorigenic growth (right panel).

Image reproduced from [88].

CSCs were first identified in 1994 in the blood of leukemia patients as a small
subpopulation of cells which could initiate leukemia in immune-deficient mice [89].
Although the origin of CSCs remains unclear, many studies have demonstrated
that they display self-renewal, unlimited proliferative potential, multipotency,
angiogenic and immune evasion features [86]. Moreover, CSCs are thought to be
responsible for tumor initiation as well as local relapses or metastasis and

resistance to therapy, thus playing an important role in tumor progression [90].
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Metastasis is produced when CSCs detach from the tumor, undergo epithelial-
mesenchymal transition (EMT) and invade into surrounding tissue. After entering
the bloodstream and lymphatic circulation, the cells seed into a new organ site,

commonly liver or lung in CRC [91].

In metastasis, the cell-cell junction architecture is compromised through
downregulation of cadherins and other cell adhesion molecules, as well as from the
secretion of enzymes that degrade the extracellular matrix (ECM) and the loss of
apicobasal polarity due to poor cadherin-catenin anchorage to the cytoskeleton
[92]. Mesenchymal characteristics are upregulated in EMT and controlled by
pathways that also regulate stemness of CSCs, which refers to their ability to self-

renew and differentiate into multiple cell types.

Despite the emergence of new targeted therapies and the use of therapeutic
combinations, the fact that relapse remains high in cancer patients supports the
model of CSCs. Most of the currently available therapies are directed against DNA
integrity and the arrest of the proliferative cell cycle. So, they only target the high
proliferating cells and not the CSCs, which will be able to re-initiate tumor growth

and causing both relapse and metastasis (Figure I8) [87,93].

Resistance of CSCs to conventional treatment can be explained due to quiescence
(a dormant or slow-cycling state in which cells remain metabolically inactive) and
self-renewal processes, the expression of detoxifying enzymes, drug transporters
and DNA repair mechanisms [94]. Although several treatments have
demonstrated efficacy against CSCs in preclinical studies [95], they have not had
success in clinical trial phases to date. For this reason, no CSC-targeted treatment
has been approved by the FDA nor the European Medicines Agency (EMA). One
example is Verastem (NCT05074810 and NCT06072781), an inhibitor of the
PISK/mTOR pathway that did not meet the efficacy standards required to progress
to later phases. This also happened to Tarextumab (NCT01859741 and
NCT01647828), which targets the receptors Notch2 and Notch3 or
Rosmantuzumab (NCT02482441), which targets the protein R-spondine-3, a key
regulator of the Wnt pathway. Further investigations are needed to make progress
in this area, with multiple groups working towards this goal. For example, the Vall
D’Hebron Hospital has recently administered the first treatment of AOP208 in a
clinical study in phase I called SERONCO-1, which blocks the receptor of serotonin
1B, a surface protein of CSCs [96].
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Figure I8. Conventional versus CSC-targeted therapy. Conventional treatment
eliminates tumoral cells while CSCs remain resistant, originating the tumor again.
However, CSC-targeted therapy eliminates CSCs and tumor degenerates. Image

reproduced from [88].

1.6.1. Biomarkers for CSCs

Both relapse and resistance to conventional treatments make further study of
CSCs essential. Surface markers play a crucial role in detecting CSCs, which could
help early diagnosis of relapse and predict resistance to treatments. Many surface
markers have been identified in CSCs in the last years. CD133, CD44, EpCAM and
ALDH are commonly expressed in CSCs in most cancers [16]. Beyond these widely
recognized markers, CSCs also display other markers such as LGR5, CD166,
DCAMKL1, TROP2, etc [16-19]. The main function of some relevant CSCs
biomarkers is shown in Figure 19 and further information for each one is included

below.
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Figure I9. Implication of different biomarkers in proliferation, migration, resistance
and angiogenesis. Colored wells indicate implication of the biomarker in the
corresponding pathway, blank spaces indicate the biomarker is not involved in the

pathway. Original figure created by the author.
- BCRP1

Breast cancer resistance protein isoform 1 (BCRP1, gene symbol ABCG2) is an
ATP-binding cassette (ABC) efflux transporter. Its name derives from its initial
cloning from a multidrug-resistant breast cancer cell line. The first hematopoietic
stem cell population, called side population (SP), was characterized by the capacity
to expel Hoechst from the cell. The experiments validated it by blocking the
transporter with Verapamil, an inhibitor of BCRP1. When Verapamil was added,
the side population decreased [97]. The SP population was also detected in tumor
cell lines. So, BCRP1 is responsible for the efflux of drugs in CSCs [98].

Moreover, it is reported as a CSC marker [99] and has demonstrated to confer
resistance to chemotherapeutic agents such as mitoxantrone, topotecan, and SN-
38. Several drugs currently used for CRC treatment, such as irinotecan and 5-FU,
are also substrates of BCRP1 [100,101]. Furthermore, the expression of BCRP1 in
the membrane is associated with both lymph node and distant metastasis in CRC
[102]. Together, these data suggest that BCRP1 may serve as a promising
biomarker for CSCs detection, as Giampieri et al showed in a study where a CSC

gene profile including ABCGZ2 was found to predict relapse [103].
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- CD133

Prominin 1 (CD133, gene symbol PROM]I) is a membrane glycoprotein, thus may
play a role in cell structure, cell recognition and cell signaling. CD133 is one of the
most well-known stem cell biomarkers and has been postulated to identify the CSC
population in numerous solid tumor types including colon cancer. Some studies
have found that a small population of CD133+ cells was able to generate a tumor
when transplanted in immunodeficient mice, whereas CD133- population could
not, revealing CD133’s role in cancer initiation [104,105]. Moreover, knockdown of
CD133 impairs cell migration, suggesting a role in CRC metastasis [106]. Elevated
CD133 expression also enhances resistance to chemotherapy and radiotherapy
[107,108]. CD133 can also modulate autophagy and apoptosis, so it is associated

with enhanced self-renewal, migration, invasion and survival in CRC [109].

Despite all these discoveries, the usage of CD133 as a colon CSC marker has
continued to be controversial, as some studies have found other markers to be
much more robust identifying CSCs [16] and some others determine a complex
regulation of CD133, with the AC133 epitope being responsible for CSC
identification and an adverse prognostic factor in CRC patients [110].
Nevertheless, numerous recent clinical studies have indicated that CD133 exhibits
significant prognostic value for predicting patient survival in CRC [111,112] and

some others are developing CD133 targeting therapies [113-115].
- CD34

CD34 (gene symbol CD34) is a transmembrane glycoprotein which is mainly
implied in angiogenesis. Angiogenesis is the formation of new blood vessels from
pre-existing ones, enabling tumor growth and spread. CD34 has been identified in
different types of cancer including CRC, although its correlation with overall
survival remains controversial [116,117]. Regarding CSCs, the first evidence was
demonstrated in acute myeloid leukemia. Interestingly, they were identified as a
CD34+CD38- subpopulation [118]. However, its expression in many cell types

makes its study necessary in combination with other biomarkers.

Moreover, CD34+ hematopoietic progenitor cells have been used for
transplantations where hematopoietic reconstitution was needed. It has been used
to treat heart-related diseases, cancer and autoimmune diseases [119].
Furthermore, a novel CD34/CD3 bi-specific T-cell engager (BTE), a small molecule
that consists of two single chain variable fragments that redirect T cells against

tumors, has been developed for leukemia treatment [120].
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- CD44 (and variant CD44v6)

CD44 (gene symbol CD44) is a type I transmembrane glycoprotein whose
overexpression has been related to poor prognosis for many cancer types including
CRC [121]. Its implication in cell proliferation, migration, angiogenesis, EMT and

drug resistance has been described [122—125].
Although CD44 has been identified as a CSC biomarker both by itself and in

combination with other biomarkers [126,127], its expression is not only limited to
this cell population. CD44 is also expressed in many cell types including all
hematopoietic cells, epithelial cells, fibroblasts and endothelial cells [128]. The full-
length CD44 consists of 20 exons, but the 10 central ones undergo alternative
splicing leading to different variants (CD44v). CD44v6 contains the variant exon
11 and is more specifically expressed in CSCs. It plays a role in cancer progression
as it is involved in EMT, cell migration and invasion, and accounts for the
metastatic phenotype of tumors. It has also been correlated with poor prognosis in
many cancers including CRC [129-132]. All these results have drawn much
attention, and some CD44v6-targeting strategies are being developed [133-135].

- EPCAM

Epithelial cell adhesion molecule (EPCAM, gene symbol EPCAM) is a type I
transmembrane glycoprotein, member of the TACSTD gene family. Although its
role in cell migration, adhesion and invasiveness has been described [136,137],
other authors state that the loss, rather than overexpression, of membranous
EpCAM is linked to tumor progression [138]. Further study of the cleavage of this
protein could aid in understanding this controversy. After cleavage, the N-terminal
remains bound to the protein by a disulphide bond preventing dimerization and
the interaction with claudin that is implied in ERK signalling [139]. Furthermore,
an intracellular fragment could also be cleaved, which is translocated from the
cytoplasm into the nucleus and form complexes that stimulate the expression of

genes involved in cell proliferation [140].

Regarding CSCs, EPCAM is expressed in this population but also in differentiated
cancer cells of epithelial origin. That is why a combination of biomarkers will be
preferred to detect CSCs [141]. Nevertheless, some EPCAM-targeting antibodies
and CAR-T cells are being studied [142,143]. Finally, a diagnostic technology called
CellSearch ® was developed by Veridex. Briefly, it detects the CSCs by detecting
EPCAM positive and CD45 negative cells. More details of this technology are

described 1in section 1.7.
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- TROP2

Trophoblast cell-surface antigen 2 (TROP2, gene symbol TACSTDY2) is a cell
surface glycoprotein which is a member of the TACSTD gene family. TROP2 and
EPCAM (TACSTD1, member of the same family) share 49% identity and 67%
similarity of the aminoacid sequence. Moreover, the distribution of hydrophobic
and hydrophilic residues is highly similar, and both dimerize. Thus, it is
reasonable to think that they present similar functions. However, some structural
differences have been found, such as TROP2 cleavage is possible in dimeric state

while EPCAM dimer destabilization is required prior to cleavage [144].

Similar to EPCAM, the overexpression of TROP2 has been observed in many types
of carcinomas including CRC [17]. However, other authors show that TROP2 is
downregulated in some other carcinomas such as lung [145]. It has also been
associated with cell proliferation, migration, drug resistance and EMT to varying
degrees, depending on cancer type [146—151]. Finally, membrane-localized TROP2
has been associated with lower survival rates while intracellular TROP2 has been
associated with higher survival rates in breast cancer patients [152]. That is why
the cellular localization of TROP2 could be important to understand the role of
TROP2 in tumorigenesis.

TROPZ2 undergoes intramembrane proteolysis, so the intracellular domain is
released and accumulates in the nucleus in a complex with B-catenin, this allows
for activated transcription of some genes that induces EMT [147,153]. Moreover,
the extracellular domain is cleaved by tumor necrosis factor-a converting enzyme
(TACE) [154]. Further studies on the mechanism that regulates this processing

and its role in tumorigenesis are needed.

Notwithstanding the debate regarding the role of TROP2 in some cancer types and
cell localizations, a TROP2-targeted antibody containing SN-38 (an active
metabolite of irinotecan) has been developed. It has been FDA approved in 2016
for breast cancer treatment although other clinical trials (NCT02574455) are being
developed [155,156]. Finally, several other TROP2-targeting immunotherapies are
being tested such as nanoparticles conjugated with anti-TROP2 antibody [157] or
TROP2 bispecific antibodies that target T cells to tumors [158].
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- CD166
Activated leukocyte cell adhesion molecule (CD166, gene symbol ALCAM) is a

protein that belongs to the immunoglobulin superfamily involved in cell-cell
interactions. CD166 has been identified as a CSC marker in various solid tumors
including CRC. Moreover, a combination of biomarkers including CD166 have been
found to better detect CSC populations [141,159,160].

In CRC patients, there is controversy about the role of CD166 in tumor prognosis.
Its high expression has been associated with short overall survival [161]. However,
reduced expression on the cell surface, cytoplasm accumulation or shedding has
been related to adverse outcome [138,162,163].

Although the role of CD166 in CRC prognosis remains unclear and further
investigation is needed, a CD166 targeting CAR-T cell therapy has been proved in
preclinical assays for CRC with promising results targeting CSCs [164]. Finally,
there are some clinical trials (NCT04596150) that study the effect of a CD166
monoclonal antibody conjugated to a cytotoxic agent called ravtansine for the

treatment of some tumoral types [165].
- LGR5

Leucine-rich repeat-containing G-protein coupled receptor (LGR5, gene symbol
LGR5) is a seven-transmembrane protein family of G protein-coupled receptors
(GPCRs). Thus, its main function is to transduce signals, in this case, involving the
Wnt pathway [166]. Many studies have demonstrated its role in proliferation,
tumor growth, migration, invasion and chemoresistance in CRC [167-170].
Moreover, LGR5+ populations have the capacity for colony formation, self-renewal,
differentiation and tumorigenicity and present higher expression of stemness
genes. All these together make LGR5 a CSC biomarker [171,172].

The plasticity of LGR5 in CRC has been studied, demonstrating that the majority
of disseminating cells are LGR5- cells, which have the capacity to re-establish the
LGR5+ population in the metastatic tumor requiring LGR5- cells for long-term
metastatic growth [173—-175]. Finally, some Spanish researchers have recently
developed a LGR5-targeted antibody that carries 5-FU or oxaliplatin as a targeted
therapy for CRC [176].
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- DCLK1

Doublecortin-like kinase 1 (DCLK1, gene symbol DCLK]) is a protein kinase that
is overexpressed in numerous cancers including CRC [19]. It is involved in cancer
growth, EMT, metastasis, cancer cell self-renewal and therapy resistance [177—
180]. Recent studies demonstrate that DCLK1 is able to distinguish between tumor
and normal stem cells, being downregulated in the bulk tumor and upregulated in
CSCs [181,182]. Thus, it is a good target for CSC-targeted therapy development.
In relation to that, several kinase inhibitor, sitRNA, monoclonal antibodies and
CAR-T cells are being developed against DCLK1 [183-187].

- CD36

CD36 (gene symbol CD36) is a transmembrane glycoprotein, well known for its
role in lipid homeostasis. Tumor cells demand lipid energy uptake from the tumor
microenvironment (TME) despite fatty acid biosynthesis. Several authors have
described that CD36 mediates the uptake of lipid metabolites secreted by cancer-
associated fibroblasts (CAFs) in cancer cells [188,189]. Furthermore, CSCs have
been proven to use the CD36 receptor to promote their maintenance, and this
protein’s expression has been negatively correlated to patient prognosis [190].
Moreover, CD36 expression has been related to tumor growth, cell proliferation,
invasion and metastasis in CRC [191-193]. However, Fang et al have recently
described the role of CD36 as a tumor suppressor [194]. Thus, more studies are

needed to confirm its role in CRC tumorigenesis.

Due to its broad expression patterns in many cancer types, some CD36-targeting
therapies have been developed, most of which are small molecule inhibitors or lipid
mimetics [191]. VT1021 is the only CD36-targeting agent in trials for cancer
therapy, which binds to CD36 and CD47 and induce tumor apoptosis as well as
immune modulation in the TME [195].

- RAGE

Receptor for advanced glycation end products (RAGE, gene symbol RAGE) is a
receptor from the immunoglobulin family involved in inflammation-related
disorders. Some studies have determined that RAGE is overexpressed in some
cancers including CRC. Some others have shown the direct relation between high
expression of the receptor and a bad prognosis in CRC [196-198]. It has also been
demonstrated that there are several RAGE ligands. These activate multiple

signaling pathways that are involved in chemoresistance [199], angiogenesis [200],
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migration [201], invasion and proliferation [202—204]. Furthermore, an aptamer (a
short, single-stranded DNA or RNA molecule that can bind to a specific target)
against RAGE has been demonstrated to inhibit proangiogenic and proliferative
features of CRC, providing knowledge for development of novel drugs for CRC
treatment [205].

1.7. Detection of circulating tumor cells (CTCs)

CTCs are tumoral cells that detach from a primary or metastatic solid tumor and
intravasate into the bloodstream. These cells provides a valuable tool for studying
cancer progression, metastasis and response to treatment, however their
concentration in blood is very low (1-10 cells per ml of blood), making their
detection difficult. Several studies have demonstrated that the detection of CTCs
predicts survival in different cancer types such as breast, prostate, colon, rectal,

lung and pancreatic cancer [206—209].

The CellSearch® system, developed by Veridex, is the first and only technology
approved by the FDA for detecting CTCs in patients with metastatic tumors. It
consists of an immunomagnetic separation of the cells by using nanoparticles
coated with antibodies targeting EPCAM and a negative selection of CD45 cells.
CD45 is a membrane protein that is usually expressed in immune cells. Although
the CellSearch® system can detect CTCs in several metastatic carcinomas [210],
some studies have shown that a combination of biomarkers improves the detection
of CTCs [211].

Moreover, the CellSearch® system is not approved for evaluation of solid tumors,
as in the early stages of the disease the number of CTCs is low, and the system is
not able to detect them. For this reason, new methods that combine biomarkers
and improve sensitivity and specificity of the method should be studied. Finally,
methods that detect CTCs in early stages of cancer are also relevant for detecting

cancer relapse sooner [212].

Previous work carried out in the Cancer Stem Cell laboratory focused on
developing a new method (CMT) to detect CTCs both in metastatic and early stages
of cancer [213]. This study was based on the quantification of the expression of four
biomarkers: BCRP1, CD133, AC133 and EPCAM, along with a ROC curve to
determine a threshold of high and low expression of biomarkers. 44 samples were
then analyzed with this new method and with the approved CellSearch® system to

predict relapse.
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Several metrics were used to compare the methods:
- Positive predictive value (PPV). It expresses the percentage of correctly
classified instances in the set of the instances classified as positive.

PPV = P € [0,1
" TP + FP [0.1]

- Negative predictive value (NPV). It expresses the percentage of correctly
classified instances in the set of the instances classified as negative.

NPV = N €[0,1
"~ TN +FN 10.1]

- Sensitivity. It expresses the percentage of correctly classified instances in

the set of the truly positive instances.

TP

Sensitivity = TP+—FN

€ [0,1]

- Specificity. It expresses the percentage of correctly classified instances in

the set of the truly negative instances.

Specificity = € [0,1]

TN + FP

Where TN represents the true negative instances, TP the true positive instances,
FN the false negative instances and FP the false positive instances.

The CellSearch® system was 93.8% successful in detecting positive samples
(positive predictive value, PPV) although its negative predictive value (NPV, the
likelihood that a sample that is considered negative by a method is in fact negative)
was of only 42.9%. In contrast, the newly established method achieved positive

predictive values of 81.1% and negative predictive values of 85.7%.

Moreover, if we analyze the percentage of real positives that the model predicted
as positive (sensitivity) it was 48.4% for CellSearch® system and 96.8% for the new
method. This result shows that the new method is able to assign a positive result
(patient will relapse) to almost all positive patients for relapse. However, if we
analyze the specificity of the model, or the percentage of negative samples that the
model was able to predict as negative, it was 92.3% for the CellSearch® system and
46.2% for the new method. This is the weak point of the method, and further

investigation is needed to improve the specificity.
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All these results suggest that the laboratory’s prior prediction model (CMT) is an
improvement over the established method and is more likely to guess the correct
outcome. However, further investigation is needed to accurately identify patients
who will not relapse, as the model predicted relapse in 53.8% of negative cases
(patients that will not relapse). This new method improves the CellSearch®
detection model to predict relapses independently of the stage of the tumor, but

requires some improvements in sensitivity and specificity.

In the current study, we broaden this approach by developing an updated method
that increases the number of samples and biomarkers analyzed, while integrating

Al algorithms to improve the parameters of sensitivity and specificity.

1.8. Machine Learning as a tool for biomedicine

Mathematical tools play a crucial role in biomedicine, enabling the modeling and
understanding of complex biological systems. These tools have been widely used to
simulate several biological processes, including disease dynamics, cellular
interactions, and treatment responses [214,215]. Moreover, Al has revolutionized
biomedicine, particularly in oncology, by providing advanced tools for cancer

diagnosis, treatment and monitoring [216,217].

In this PhD thesis, we build upon these advancements to develop a mathematical
model for predicting relapses in CRC patients. To achieve this, we used ML, a
subfield of AI, which consists of a collection of techniques and technologies that
enable machines to simulate human intelligence. Among Al technologies, ML
focuses on enabling systems to learn from data and improve their capabilities over
time without direct human intervention. This thesis will focus on two main types

of ML: supervised ML and unsupervised ML.

On the one hand, supervised ML models (Figure 110) learn from labelled data, that
is, a variable is the target, and we already know the result. The model will be
trained with this data and the database is divided into two (training and prediction

databases) to train and evaluate the model several times.

The main supervised ML techniques are classification and regression with the
principal difference between them being that classification predicts a categorical

variable while regression predicts a numerical variable.
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In our study, an example of a classification problem arises when data includes the
biomarker expression levels and a target called relapse, with outcomes categorized
as True/False (categorical). In this case, the model uses the biomarker expression
data to classify samples and predict the likelihood of relapse. Conversely, an
example of a regression problem occurs when the data contains biomarker
expression levels, but the target variable is numerical, such as the number of days
to relapse. Here, the model aims to predict a continuous outcome based on the

biomarker data.

Supervised ML (labelled input)

Classification Regression
Target: time to relapse (number of days, numeric)
TRAINING

128332&# s

Target: relapse (True/False, categorical)
TRAINING

True True
e iy, b
0 ML MODEL Eilzz ML MODEL
° False
False
INPUT DATA (labelled) INPUT DATA (labelled)
PREDICTION PREDICTION

%};é ML MODEL %é False &# ML MODEL &fz‘r’“ays
I

INPUT DATA (Unknown) OUTPUT DATA , INPUT DATA (Unknown) OUTPUT DATA

Figure 110. Supervised ML. Supervised ML includes classification and regression
models. In both cases, the input consists of labelled data. A training dataset is used
to generate a model which can then be used to predict the value of the target for any
unknown data. In the classification models the target is a categorical variable while
in the regression models it is a numerical variable. Original figure created by the

author using symbols designed by Freepick (https://www.freepik.es/).

On the other hand, unsupervised ML models (Figure I11) learn from unlabeled
data by identifying patterns or structures within it. There are different types of
unsupervised ML, such as clustering or dimensionality reduction. Clustering is an
unsupervised technique that is used to group data in clusters based on similarity

or proximity between data.
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An example of clustering is to generate groups of samples of patients depending on
the expression of biomarkers. In this case, we do not have any target, but we can
cluster the samples and then analyze the characteristics of each cluster. For
example, we can evaluate if the generated clusters separate patients that are

receiving treatment from those who are not.
Unsupervised ML (unlabelled input)

Clustering

| {\t% MLDEL

INPUT DATA (unlabelled) OUTPUT DATA

Figure I11. Unsupervised ML. In the case of unsupervised ML, the input data are
unlabeled. Clustering is an unsupervised ML model that groups data in clusters
based on similarity or distance between data. Original figure created by the author

using symbols designed by Freepick (https:/www.freepik.es/).

Different models have been developed for each type of ML (Figure 112) [218]:
- Supervised ML models:

o Logistic Regression. It is usually employed for binary classification
(true/false, yes/no) by predicting probabilities using a logistic function

(sigmoid curve).

o Decision tree. It splits the data based on the variables values to
maximize the information, i.e., finding at each node a threshold for a

feature that provides the maximum entropy reduction.

o Random Forest. It builds multiple decision trees and combines the
outputs. It reduces the risk of overfitting when compared to a single

decision tree.

o Support Vector Machine (SVM). It tries to find the optimal
hyperplane that separates data points of different classes with the

maximum margin.
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o K-Nearest Neighbors (kNN). It is a simple non-parametric algorithm
that classifies data points based on the class of the nearest points in
the variable space. It assumes that similar data are likely to belong

to the same class.

o Linear regression. It is a simple algorithm that assumes a linear

relationship between input variables and the output variable (target).

o Gradient boosting. It is an ensemble method that builds a series of
weak learners iteratively and each new learner corrects the errors of

the previous ones by minimizing a loss of function.

o Neural Network. It consists of layers of interconnected nodes that
process input data and learn complex relationships between variables

and the target.
- Unsupervised ML models:

o K-means. It generates K cluster centroids and assigns each data point
to the nearest centroid based on a distance metric (commonly
Euclidean distance). Then, centroids are recalculated by considering
the mean of all the points assigned for each cluster. This process is
iterated several times until the centroids no longer change

significantly.

o Hierarchical clustering. It builds a hierarchy of clusters using a tree-
like structure, called dendrogram. It first calculates the pairwise
distances between all data points using a distance metric (commonly
Euclidean distance) and saves the results in a matrix. It is iterated
by updating the clusters based on their distance. The main difference
with K-means is that the number of clusters is not predesigned, a
dendrogram is plotted and you can decide where to set a threshold. If

the threshold is defined at a higher level, fewer clusters are defined.
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Figure 112. Supervised and Unsupervised ML models. Logistic Regression,

Tree, Random Forest, SVM, kNN, Linear regression, Gradient boosting, Neural

network, k-Means and hierarchical clustering methods are represented. Original

figure created by the author.
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Finally, several metrics are used for evaluating the different models [219]:

- Classification accuracy (CA). It expresses the percentage of correctly
classified instances in the set of all the instances.

TP + TN

A= P T TN+ FP T FN

€ [0,1]

- Precision (Prec). It expresses the percentage of correctly classified instances
in the set of the instances classified as positive.

Prec= —©_ ero01
rec = 1 pp © L0

- Sensitivity (usually referred as recall). It expresses the percentage of
correctly classified instances in the set of the truly positive instances.

Recall= — & €01
ecall = 5=y € [01]

- F1 Score. It is an harmonic mean of precision and recall.

_ 2 X Prec X Recall

Prec + Recall 0.1]

- Specificity (Spec). It expresses the percentage of correctly classified
instances in the set of the truly negative instances.

Spec = € [0,1]

TN + FP

- Area under the curve (AUC). It is the area under the receiver operating
characteristic (ROC) curve, obtained by plotting sensitivity against the false
positive rate (1-specificity) at all possible threshold values. The closer to the
diagonal reference line, the lower the predictive capacity. The area under

the ROC curve, AUC, is another evaluation metric with values from O to 1.
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2. Objectives

The main objective of this PhD thesis was to develop a mathematical model for the
early prediction of relapses in CRC patients, with the goal of implementing a novel
diagnostic tool that integrates the expression levels of multiple CSCs biomarkers
measured in blood samples. Additionally, this work also focused on exploring
resistance to chemotherapy by developing an innovative analytical strategy to
evaluate treatment efficacy and identifying a new biomarker candidate for

resistance detection.

To achieve these main objectives, we established several specific objectives for

each:

1. Development of a mathematical model for the early prediction of relapses in
CRC patients.

1.1. Selection of CSCs biomarkers previously described in the literature for this

population.

1.2. Expression of selected CSCs biomarkers in blood samples from patients

previously diagnosed with CRC.

1.3. Correlation analysis between clinicopathological characteristics of CRC

diagnosed patients and the expression of CSCs biomarkers.

1.4. Training ML models to develop a mathematical model for prediction of

relapses in CRC patients.
1.5. Evaluation of the obtained ML predictive model.
2. Study of resistance to chemotherapy in CRC.
2.1. Generation of patient-derived xenograft tumors.
2.2. Development of a novel strategy to evaluate treatment efficacy.

2.3. Identification of novel biomarker candidates for resistance detection.
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3. Materials and methods

This section provides a detailed description of the experimental procedures
employed in this PhD thesis. It is divided into two main subsections, corresponding
to the main objectives of the PhD thesis: a) development of a mathematical model
to predict relapses in CRC patients, and b) study of resistance to chemotherapy.
Further sections were included to structure the conducted experiments and

address specific objectives of the thesis.

3.1. Mathematical model to predict relapses in CRC patients

Briefly, this section describes the procedures employed to assess the development
of a mathematical model for early prediction of relapses in CRC patients by
measuring the expression of multiple CSCs biomarkers. To achieve this, we first
selected the biomarkers for study and analyzed their expression in CRC cell lines.
Then, we processed blood samples from patients with CRC from different centers
and from healthy people, isolated the cells and measured the expression of the
selected biomarkers. Finally, we processed and analyzed all the clinicopathological

information together with the experimental data in different databases.

3.1.1. Selection of CSC biomarkers

We first searched for references on PubMed to identify biomarkers previously
reported in the literature as CSC markers, focusing specifically on markers of CRC,
given its relevance to this study. For this, we conducted a PubMed search using
the terms “CSC biomarkers” and “CRC”, reviewing a total of 116 articles. From
these, 13 biomarkers were selected, prioritizing membrane proteins, as flow
cytometry was the chosen technique in this PhD thesis. We considered those better
characterized specifically in CRC and included previously used biomarkers from
the CMT method. Then, we quantified their expression in established CRC cell

lines before proceeding with patient samples.
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3.1.1.1. Cell lines

Five human CRC cell lines were employed: SW-480 (CCL-228), SW-620 (CCL-227),
DLD-1 (CCL-221), HCT116 (CCL-247), HT29 (HTB-38). All of them were
purchased from the American Type Culture Collection (ATCC, Manassas, VA,
USA). The experiments were conducted immediately after purchase, ensuring the
quality of the cell lines. We included CRC cell lines with diverse mutational
backgrounds (Table M1) to better capture the intratumoral heterogeneity observed

in patients, thus providing a more accurate representation of the disease.

The cells were cultured in Dulbecco's Modified Eagle Medium (DMEM, Corning,
New York, NY, USA) supplemented with 10% fetal bovine serum (FBS, PAN
Biotech, Aidenbach, Germany), 1% L-glutamine (Cytiva, Washington, DC, USA),
and 1% penicillin/streptomycin (Corning, New York, NY, USA) in a 37°C
humidified incubator (Series II Water Jacket, Thermo Scientific, Waltham, MA,
USA) with 5% COs.

Table M1. Characteristics of CRC cell lines. Data obtained from [220].

Characteristic SW480 SW620 DLD-1 HCT116 HT29

Tissue of origin Colon Colon Colon Colon Colon

Type Primary Metastatic Primary Primary Primary

Dukes' stage B C C C C

Year of establishment 1976 1976 1979 1979 1964

Patient's sex Male Male Male Male Female

Patient's age 50 50 58 48 44

CEA expression High High High Moderate High

Tumorigenic capacity  Yes Yes Yes Yes Yes

Heterogeneity in Moderate Moderate High Low High

culture

MSI status MSS MSS MSI MSI MSS

APC mutation Mutated Mutated  Mutated Wild- Wild-
type type

p53 mutation Mutated Mutated Mutated Mutated Mutated

KRAS mutation Mutated Mutated Mutated Mutated g]l_ole(zl

BRAF mutation Wild- Wild-type Wild- Wild- Mutated

type type type

Nuclfaar B “catenin Yes Yes Yes No Yes

localization

c¢-MYC expression High Moderate High Moderate High
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3.1.1.2. Gene expression analysis by RT-qPCR

Cells were harvested with trypsin for 5 min at 37°C and centrifuged at 300 g for 5
min. Total RNA from cultured cells was extracted using the RNeasy Mini1 kit
(Qiagen, Hilden, Germany) and used immediately for reverse transcriptase
reactions or stored at -80°C until use. RNA concentration was measured in a
Nanodrop spectrophotometer (ThermoFisher, Walthman, MA, USA). c¢cDNA
synthesis was performed using the RevertAid First Strand cDNA Synthesis kit
(Fermentas, Waltham, MA, USA). The reaction was prepared according to the
manufacturer’s instructions: a mixture containing 1 pg of RNA, 1 uL of random
hexamers and Milli-Q H20 until 12 uLL was incubated at 70 °C for 5 min. Then, 4
uL of buffer 5X, 1 pL ribonuclease inhibitor, 2 pl. 10 mM dNTP and 1 uL reverse
transcriptase were added to each tube. The reaction mixture was then incubated
at 25 °C for 5 min, 42°C for 1 h and inactivated at 70 °C for 10 min. All cDNAs were

stored at -20 °C until further use.

The quantitative PCR reaction was performed using the KiCqStart SYBR Green
kit (Sigma, St. Louis, MO, USA) according to the manufacturer’s instructions.
KiCqStart SYBR Green predesigned primers (Sigma, St. Louis, MO, USA) were
employed for the genes listed in Table M2 except CD44V6 and RAGE that were
designed in Primer3 Plus [221]. All primers were used in a final concentration of
300 nM, and 10 ng of cDNA were used per well, for a total volume of 10 pL. All
cDNA samples were measured in triplicate in a 96-well plate covered with adhesive
seals in the thermocycler Roche LightCycler 480 (Roche, Basel, Switzerland).
Reactions started with 10 min at 95°C, followed by 45 cycles of 15 s at 95 °C, 1 min
at 60°C and 10 s at 72°C. The 2-ACT method was used for calculating the normalized
mRNA expression. 8-ACTIN was used as a housekeeping gene (a gene that is
constitutively expressed across all cells and is usually employed to normalize the

quantity of genetic material between samples).

39



Marta Sanchez Diez

Table M2. Oligonucleotides used for RT-qPCR.

Gene Oligo name Tm (°C) Sequence (5'>3)
ABCG2 FH1_ABCG2 57.6 AAAGCCACAGAGATCATAGAG
RH1_ABCG2 56.1 GATCTTCTTCTTCTTCTCACC
PROM1 FH3_PROM1 60.0 GTAAGAACCCGGATCAAAAG
RH3_PROM1 59.0 GCTCTGGAGTTTCATTCAAG
LGRS FH1_LGR5 58.3 AAATGCCTTATGCTTACCAG
RH1_LGR5 58.3 ATCTTGAGCCTGAAACATTC
ALCAM FH2_ALCAM 58.8 GATACCATTATCATACCTTGCC
RH2_ALCAM 61.6 ATCGGGCTTTTCATATTTCC
CDs34 FH1_CD34 58.2 ACCAATCTGACCTGAAAAAG
RH1_CD34 60.1 GATTCATCAGGAAATAGCCAG
CD36 FH1_CD36 58.4 AGCTTTCCAATGATTAGACG
RH1_CD36 55.6 GTTTCTACAAGCTCTGGTTC
EPCAM FH1_EPCAM 56.3 GTATGAGAAGGCTGAGATAAAG
RH1_EPCAM 58.9 CTTCAAAGATGTCTTCGTCC
TACSTD2 FH2_TACSTD2 59.2 AAGTAACTGAATCCATTGCG
RH2_TACSTD2 58.9 ACAAACGATGGTAAATGAGG
CD44Ve6 FW_CD44Ve6 63.4 AACAGCTACCCAGAAGGAACAG
RV_CD44V6 63.4 CTTTGGGTGTTTGGCGATA
DCLK1 FH1_DCLK1 58.7 GAATGTATTGGATAAGACCACC
RH1_DCLK1 59.3 GGTCTTATTAAAAGGGCGAG
CD44 FH1_CD44 56.6 TTATCAGGAGACCAAGACAC
RH1_CD44 61.5 ATCAGCCATTCTGGAATTTG
RAGE FH1_RAGE 63.5 GACTCTTAGCTGGCACTTGGAT
RH1_RAGE 64.0 GTCTCCTGGTCTGTTCCTTCAC
B-ACTIN FH1_ACTB 59.7 GACGACATGGAGAAAATCTG
RH1_ACTB 58.0 ATGATCTGGGTCATCTTCTC
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3.1.2. Blood samples processing

3.1.2.1. Ethical committee evaluations

Evaluation of the project by the corresponding ethical committees was requested
and approved for all five centers: Jimenez Diaz Hospital (JDH), Ramon y Cajal
Hospital (RCH), Ciudad Real Hospital (CRH), Toledo University Hospital (TUH)
and Daroca Health Center (DHC). Ethical approval of the project was also obtained
from the Universidad Politécnica de Madrid as samples were processed on the

university’s premises. All the approved ethical evaluations are attached to Annex
Al.

3.1.2.2. Samples

Samples were obtained from patients previously diagnosed with CRC. The

inclusion criteria for this project were:

- Adult patients (>18 years old), previously diagnosed with colon or rectal
cancer.

- Accepted and signed consent form for each patient.

- Availability for periodic extraction of blood samples.

- Absence of any other neoplasia.

The exclusion criteria for this project were:

- Prior infection with hepatitis B, human immunodeficiency virus (HIV), etc.
- Aplastic anemia.

Blood samples were collected in 4 ml EDTA conventional tubes (Grenier Bio-One,
Frickenhausen, Germany) from patients previously diagnosed with CRC and from
healthy people (25 samples). We received samples from five centers: JDH, RCH,
CRH, TUH and DHC. The number of patients and samples are shown in Table M3.

Table M3. Number of patients and samples included in the study.

Center Number of patients Number of samples
JDH 16 17

RCH 11 31

CRH 54 85

TUH 23 31

DHC 88 225
TOTAL 192 389
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The samples were extracted from patients during their routine hospital visits and
sent by courier to the laboratory for analysis. Samples were stored at room

temperature in agitation and were processed within the 24 hours post-extraction.

3.1.2.3. Peripheral blood mononuclear cells (PBMCs) isolation

A Ficoll gradient was performed to isolate the PBMCs from blood samples. Blood
was diluted 1:1 in PBS 1X (Cytiva, Marlborough, MA) and added slowly on a 2 ml
Ficoll® (Cytiva, Marlborough, MA) layer dispensed in a 15 ml tube. Then, it was
centrifuged at 400 g for 30 min without acceleration nor braking. The layer of cells

was extracted by pipetting without disturbing the gradient and centrifuged at 400

g for 5 min. The pellet was washed twice in PBS 1X and then resuspended in PBS
with 0.5% bovine serum albumin (BSA) (Sigma, St. Louis, MO, USA). A schematic
workflow is shown in Figure M1. The cell yield in this procedure ranged from 2 to
3 million PBMCs.

Figure M1. Schematic workflow to isolate PBMCs. Blood was diluted in PBS and
disposed on a Ficoll layer. After centrifugation, the cells were isolated by pipetting,
washed and resuspended in PBS-BSA 0.5%.

3.1.2.4. Immunostaining and flow cytometry

The expression of the different biomarkers was analyzed by flow cytometry.
Approximately 250,000 cells per condition were incubated with the corresponding
antibody in a volume of 50 ul in PBS-BSA 0.5% for 15 min at room temperature in
darkness and agitation. Required dilution and commercial brand for each antibody
are shown in Table M4. Next, the antibody was removed by centrifugation at 400
g for 5 min and fixed with Glyo-fixx™ (Thermo Scientific, Waltham, MA, USA) in
a 1:1 proportion with PBS-BSA 0.5% for a final volume of 50 ul per tube. Cells
were finally detected in a FACS Canto cytometer (Becton Dickinson, Franklin
Lakes, NJ, USA). All the data was analyzed with FlowJo™ v10.8 Software (BD
Life Science, Franklin Lakes, NdJ, USA).
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Table M4. Antibody dilution and commercial brand for flow cytometry application.

Antibody Commercial Dilution Antibody Commercial Dilution
brand brand

Anti-BCRP1 Miltenyi 1:10 Anti-TROP2 Becton 1:100
Biotec Dickinson

Anti-CD133 Miltenyi 1:50 Anti-CD166 Becton 1:10
Biotec Dickinson

Anti-AC133 Miltenyi 1:50 Anti-LGR5 Miltenyi 1:50
Biotec Biotec S.L.

Anti-CD34 Miltenyi 1:50 Anti- Abcam 1:50
Biotec DCAMKL1

Anti-CD44 Becton 1:50 Anti-CD36 Miltenyi 1:50

Dickinson Biotec

Anti-CD44V6 Miltenyi 1:50 Anti-RAGE Abcam 1:500
Biotec

Anti-EPCAM Miltenyi 1:50
Biotec

3.1.3. Data processing

Two different databases were created, one for the biomarkers’ expression and the
other for clinicopathological characteristics.

- Biomarkers’ expression database.

All the samples were acquired in the flow cytometer and analyzed by the
FlowdJo® program. Figure M2 shows an example of the analysis of a sample that
corresponds to the BCRP1 biomarker in a patient from CRH. First, we selected
lymphocytes population by its forward scatter (FSC) and side scatter (SSC)
parameters, as the CSC population is expected to have similar shape and size.
Then, single cells were selected by representing the FSC-A (area) and FSC-H
(height) parameters. As single cells have the same area (FSC-A) and height
(FSC-H), cells in the 45° angle were selected.
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Next, we established a threshold from which expression will be considered
positive by using the negative control (sample without staining) as a reference.
The same threshold is applied to the rest of the biomarkers, and the cells above

this threshold are considered positive. In the example, 41.6% of the population

1s positive for BCRP1.
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Figure M2. Analysis of biomarkers’ expression by Flowdo®. Lymphocytes were first

selected considering their size (FSC) and complexity (SSC). Then, single cells were

selected considering they would present the same area (FSC-A) as height (FSC-H).

Residual fluorescence is shown in the control (unstained) sample was used to

establish a threshold from which samples were considered positive. The red line

represents this threshold, and a positive sample is shown as an example on the right.

All the cells that present higher fluorescence intensity than the control were

considered positive. The percentage of cells above this threshold is also shown in the

graphic.
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Data was exported in two Excel sheets, one containing the threshold defined for
each sample and the other containing the percentage of positive cells from the
total of single cells, as well as the mean and median fluorescence for each
biomarker. A third Excel file was used to register sample number, date of

sample extraction, and corresponding patient ID.

A python script was developed to read the registration document along with the
documents exported from FlowdJo®, to process the data and to generate three
corresponding Excel documents with filenames that include cito, BD and report

as a prefix and which contain the following information:

o Cito: Combines the information provided by the three input Excel
documents. It contains the sample ID, sample extraction date and the
expression data for each biomarker, including the threshold,
percentage of expression, mean and median of fluorescence. One
document is generated for each patient which includes all the
corresponding samples. The file contains eight rows per sample as
each acquisition tube in the flow cytometer corresponds to a row. As
we measure 13 biomarkers (in pairs) and acquire a negative control,
each sample vial is processed in 8 acquisition tubes. This high number
of rows per sample in the file complicates the analysis and requires

further processing, via the BD file.

o BD: The eight rows per sample of the previous file are consolidated
into a single row per sample, preserving all the information, as this
format enhances data analysis. One document is generated for each

patient (including all the samples for this patient).

o Report: A representation of the percentage of expression, mean and
median 1s exported for each patient with all the samples included on
it. The information in this output report is of use for medical
practitioners to check the evolution of the biomarkers over time for

each patient.

This script uses the pandas, numpy, and os libraries.
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- Clinicopathological characteristics database.

A database including all the clinicopathological characteristics was needed at

this point of the project. We prepared a template to ensure that all doctors

recorded the data in a consistent manner, using dropdown menus. This

approach prevented manual entry, which could lead to inconsistencies when

different doctors registered certain data. The information registered in this

database is cumulative and is continuously updated.

The following considerations were taken into account:

©)

Due to the participation of several centers and doctors, an easy to use

and guided document was needed.

Further computational analysis could not consider free text, only

concrete options.

Treatment information could vary across samples over the course of
the study.

Patients could relapse and be treated several times over the course of
the study.

The database was thus generated as follows:

o

Each column corresponds to a variable of interest and each row

corresponds to a sample.

The first 50 rows are the options to select from a dropdown list for

each column.

The options are standardized across all centers, but additional ones

can be added if needed, making it a flexible database.

Some columns are designed to add comments in case any information

that 1s not considered in the dropdown options is needed.

There are some columns that do not vary between samples. They are
situated at the beginning of the table. Examples: stage at diagnosis,

smoker, localization of primary tumor, etc.

There are some columns that do vary between samples, as the
different lines of treatment. Different columns are displayed for the

different lines of treatment, to collect all the data.

All the data from diagnosis and treatment are registered by date.
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Once the two databases were created, one for the biomarkers’ expression and

another for the clinicopathological characteristics, we developed two more Python

scripts that integrate the data from all the hospital centers.

Patients database. This database contains the last sample for each patient
(as it contains the most complete information). We selected variables that
remain constant across samples, which will be used to analyze correlations
with the variable relapse. These variables include the sex, body mass index
(BMI), family background, smoker, stage, T. N, M, localization and
differentiation. T, N and M columns were processed to generate three
cohorts: NOMO contains patients without nodules affected nor metastasis at
diagnosis, N1IMO contains patients with nodules affected but without
metastasis at diagnosis and M1 contains patients with metastasis at

diagnosis.

Samples database. This database contains all the samples of each patient
(one sample per row) and integrates the data from all the hospital centers.
It includes time-dependent variables, such as diagnostic and treatment
information. To study possible correlations between the biomarker
expression levels (which also vary over time) and the time-dependent

variables, we defined and calculated several variables:

o HRelapse. We compared the date of the sample with the one for the
diagnosis of each line of treatment for each sample. The lowest
positive value was registered in a variable called 7" for relapse. This
calculation was carried out in days, and another variable was
generated to calculate in trimester and semester. Finally, a variable
called Relapse (True/False) was generated. True was registered in
cases in which 7" for relapse exist and False in cases in which it does

not exist.

o T since surgery. For each sample, we compared the date of the
surgery of each line with the date of the sample. The lowest positive

value was registered in a variable called 7’ since_surgery.

o T since treatment (chemotherapy, radiotherapy or biological
treatment). For each sample and line of treatment, the date of the
treatment (beginning and end) was subtracted from the sample date,
and these were consigned n the variables

T since_ treatment_beginning and T since_treatment_end.
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In the case of chemotherapy, this was carried out both for
neoadjuvant and adjuvant treatment. We only considered the lowest
positive 7' since treatment beginning, as it is the nearest to the
sample and we do not considered negatives because it means that the
treatment was given after sample processing. Different possibilities

emerged:

» If 7 since treatment end values for the different lines of
treatment were all positive, the lowest value was registered in

T since treatment.

» If 7 since treatment end values for the different lines of
treatment were all negative, the highest value was registered

in 7" since treatment.

» If 7T since tratment end values for the different lines of
treatment had negative and positive values, the lowest value
of positives was compared to the higher negative value. We
compared it in absolute value and register the lowest in

T since treatment.

Treatment in this part corresponds to chemotherapy, radiotherapy
and biological treatment, as the same procedure was carried out. So,
T since chemotherapy, 1" since radiotherapy and T since_biological

variables were generated.

o Treatment (categories). We created a new variable called
Treatment_sample with three categories: Sx (surgery) alone, Sx +

other, other without Sx. We considered different possibilities:

» If T since surgery had a value and the rest were empty, we

assigned Sx alone to this variable.

» If T since surgery had a value and minimum one of the rest

had a value, we assigned Sx + others.

» If 7 since _surgery did not have a value and minimum one of

the rest had a value, we assigned others without Sx.

o In_treatment (True/False). If T since treatment end was higher
than the date of the sample we consigned True and if it was lower, we
consigned False. We proceed the same for chemotherapy,

radiotherapy and biological treatment.
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If one of them was True, we assigned the value True to the variable
In_treatment. If all of them were false, we assigned the value False

to the variable.

o In_treatment since last_sample (True/False). We first calculated the
time between a sample and the previous one for the same patient. If
this difference was higher than the 7 since treatment, with
treatment corresponding to surgery, chemotherapy, radiotherapy or
biological treatment, the value True was assigned. If it was lower or
there was no value in this variable, the value False was assigned.
Moreover, the difference between the percentage of positive cells in
that sample and the previous sample was calculated for each
biomarker. The mean (dif mark mean), maximum (dif mark max)
and minimum (dif mark min) value of these differences were also

calculated.

The Python scripts and an example of the databases are available in github
(https://github.com/JJ-Lab/CSC_ONCOREC). Data was now prepared to analyze

correlations between variables and to generate a model for relapse prediction.

3.1.3.1. Correlation between variables

We first analyzed the variables that do not change between samples, that is sex,
BMI, family background, smoker, stage, cohort TNM, localization and
differentiation. We wanted to know if there was any correlation between all of them
and relapse. For that purpose, we used the patient database and generated a
boxplot in Graphpad Prism and a Chi Square test was carried out to analyze

significant differences between groups.

Then, we analyzed the variable that does change between samples, which is mainly
the treatment. The aim was to check whether any of the variables influenced the

biomarkers’ expression. We carried out the following procedures:

- Type of treatment: we evaluated if the type of treatment received until the
date of the sample influenced biomarker expression. For that, we used the
variable Treatment sample which contains three groups: Sx alone, Sx +
other or other without Sx (for more details read the previous subsection). In
this case we used both supervised ML (taking the variable
Treatment _sample as a target) and unsupervised ML (clustering). Further

details are provided below.
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- In treatment: we evaluated if biomarker expression was influenced if the
patient was in treatment at the date of the sample or not. For that, we used
both supervised ML (taking the variable In_treatment as a target) and

unsupervised ML (clustering). Further details are provided below.

- In_treatment previous_sample: we evaluated if the difference in biomarker
expression between a given sample and the previous one was influenced if
the patient had received any treatment during this time. For that, we used
the variables difference biomarkers and the variable
In_treatment previous sample (for more details read the previous
subsection). In this case we used both supervised ML (taking the variable
In_treatment _previous sample as a target) and unsupervised ML

(clustering). Further details are provided below.

Finally, we developed a mathematical model for relapse prediction. For that, we
used different supervised ML models (more details below). The input was the
biomarker” expression and the target was the variable relapse (True/False). We
also included the variable status (Treatment, Discharge, Follow-up) as input to

check whether it improves the model.

We cropped the database into two new ones, the training database and the
prediction database. The last one included 25 random samples and the training
one the rest of the samples. This was used to train and probe the model and was

carried out in a Python script by using the pandas and random libraries.

Finally, we also checked whether we were able to predict the time to the next
relapse, using the same input but establishing the variable 7ime_to_relapse as the
target (for more details read the next subsection). All these models were generated

in Orange software [222] and will be explained in the following subsection.

3.1.3.2. Supervised ML

The supervised ML models were carried out in Orange software. A workflow
diagram is shown in Figure M3. Data was first imported from the database
generated by the Python script. A data table was generated to check whether the
results were well imported and to consult them in case needed in the analysis.
Then, a column selection was performed. Input and target variables were selected
in this widget. Normalization of the data was also carried out before testing and
scoring different supervised ML based algorithms. SVM, kNN, Logistic regression,

Random Forest, Gradient Boosting and Tree models were used for that purpose.
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We performed stratified 5-fold cross-validation to evaluate the model's
performance. The evaluation of the results was performed with the score widget, a
confusion matrix and a ROC curve. The score widget calculates all the metrics
described above in the introduction section: AUC, CA, F1, Prec, Recall and Spec.

For more information refer to section 1.8.
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Figure M3. Workflow diagram to generate a mathematical model based on
Supervised ML. Data was imported from the database and normalized. Then,
different models (SVM, kNN, Logistic regression, Random Forest and Tree) were
tested, and confusion matrix and a ROC curve were generated to evaluate the

results.

3.1.3.3. Unsupervised ML

The unsupervised ML models were carried out in Orange software. In particular,
we focused on clustering model. We tried to generate clusters with different inputs
as described in the previous subsection and evaluated whether the clusters
generated were defined based on the variable of interest. A workflow diagram is

shown in Figure M4.
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Data was first imported from the database generated by the Python script. A data
table was generated to check whether the results were well imported and to consult
them in case needed in the analysis. Then, a column selection was performed.
Input variables were selected in this widget. The k-Means model was used to
cluster the samples based on the selected input. This widget permits selection of
the number of clusters based on the Silhouette score. Additionally, we applied
Hierarchical Clustering, which first measures distances between samples to
construct a clustering structure. Unlike k-Means, where the number of clusters is
predefined, Hierarchical Clustering generates a dendrogram, allowing clusters to
be selected based on a distance threshold rather than a fixed number. Results were
visualized in boxplot and scatter plots for the variable of interest and the data that
corresponded to each cluster was shown in a data table by first selecting the rows

of interest in case we wanted to select a single cluster.
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Figure M4. Workflow diagram to cluster samples based on Unsupervised ML. Data
was imported from the database. Then, K-means model was used to generate
clusters. The Silhouette score was used to select the number of clusters and a

boxplot, scatter plot or data table were used to visualize the results.
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3.2. Resistance to chemotherapy in CRC

The second main objective of the PhD thesis was to evaluate resistance to
chemotherapy in CRC. To achieve this, we first analyzed the resistance and
toxicity profiles of the patients included in the study. Subsequently, we cultured
patient-derived tumors using various techniques and animal models.
Furthermore, we developed a novel method to assess the efficacy of chemotherapy,
addressing the limitations of the conventional ICs0 method. Lastly, we investigated
the role of the biomarkers selected for the relapse prediction model in
chemotherapy resistance, aiming to identify new biomarker candidates for

resistance detection.

3.2.1. Evaluation of resistance and toxicity in patients

We analyzed the variables resistance and toxicity (defined in the
clinicopathological database) for the different lines of treatment and
chemotherapeutic agents. For that purpose, we used the patient database and
generated a boxplot in Graphpad Prism. A Chi Square test was carried out to

analyze significant differences between groups.

3.2.2. Culture of patient-derived tumors

The purpose of this section was to generate patient-derived tumors using cells
1solated from blood of CRC patients. They could then be used to carry out viability
assays with different chemotherapy agents and determine the treatment that best
fits each patient (precision medicine). Moreover, they could also serve to discover
new biomarkers for resistance detection. To achieve this specific objective, we first
selected those patients whose tumor samples were more likely to progress. Then,
we enriched the CSCs population by immunomagnetic separation and finally
injected the cells into different animal models that lack active immune systems,
such as nude and NSG mice or chicken embryos. The tumors were then dissected
and cultured in special conditions to establish patient-derived cultures. Finally, we

also tried to grow tumors directly in culture without the use of animal models.
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3.2.2.1. Selection of patients

A total of five patients were selected to generate patient-derived cultures. The
main consideration for selection was the stage of the primary tumor, with stage IV
patients preferred. Another consideration was if the patient relapsed in the last
year. These requirements aimed to increase the probability of success as we

considered more CSCs would be present in blood.

The blood was processed as previously described in section 3.1.2, and PBMCs were
1solated. Then, an immunomagnetic separation was performed before seeding or

injecting the cells into immune deficient mice.

3.2.2.2. Immunomagnetic separation

To enrich the population of CSCs in the sample, we selected CD45 leukocyte
common antigen negative cells by immunomagnetic separation. PBMCs were
incubated with CD45 antibody (Miltenyi Biotec, Bergisch Gladbach, Germany) in
a 1:10 dilution in PBS for 15 min at 4°C. Then, two washes with 2 ml PBS and
centrifuging at 400 g for 10 min were carried out. After that, the cells were
resuspended in 80 ul of PBS and 20 ul of anti-mouse magnetic beads were added
(Miltenyi Biotec, Bergisch Gladbach, Germany). They were incubated for 15 min
at 4°C and washed twice in 2 ml PBS and centrifuged at 400 g for 10 min. The
pellet was resuspended in 1 ml of PBS.

The immunomagnetic separation was performed in a MACS® Manual separator
(Miltenyi Biotec, Bergisch Gladbach, Germany) with MS Columns (Miltenyi
Biotec, Bergisch Gladbach, Germany). First, the column was washed with 500 pl
of PBS. Then, 1 ml of cells resuspended in PBS were added and allowed to pass
through it. A tube was positioned below the column to recover the CD45 negative
cells. Three washes with 500 pl of PBS were carried out. The washes were collected
in the same CD45 negative cells tube. Finally, the column was removed from the
magnet and 1 ml of PBS was added to elute with the syringe into a new CD45

positive cells tube.

3.2.2.3. Confocal microscopy

After selection of CD45 negative cells to enrich the CSC population, the separation
was checked by confocal microscopy. Fixed cells were seeded in 9-well microscope
slides (Thermo Scientific, Waltham, MA, USA) with poly-L-Lysine in a dilution
1/20 (Sigma, St. Louis, MO, USA).
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After an incubation of 15 min at room temperature (RT), the supernatant was
removed, and a mix of antibodies was added. Hoescht was used in a 1:1000 dilution
to stain the nuclei, CD45 and CD68 conjugated to FITC (Miltenyi Biotec, Bergisch
Gladbach, Germany) in a 1:50 dilution were used to stain the cytoplasm of immune
cells and pan-cytokeratin and keratin-8 cojugated to PE (Miltenyi Biotec, Bergisch
Gladbach, Germany) in a 1:50 dilution were used to stain the cytoplasm of possible
tumoral cells. Microscope slides were incubated for 30 min at RT. Images were
acquired in a Stellaris 8 Laser Scanning Confocal Microscope (Leica, Wetzlar,
Germany) with Depletion Lasers (STED) at 592, 660, and 775 nm.

3.2.2.4. Mice handling

NSG and nude mice (Charles River, Wilmington, MA, USA) were maintained at
the facility in the UCM School of Biology. Nude mice were used because they are
immunodeficient rodents lacking thymus, resulting in little to no T-cell function.
This makes them incapable of rejecting foreign cells, which is a requirement for
this experiment as human cells are injected. We also used NSG mice, a strain
characterized by its highly immunodeficiency. They lack T cells, B cells, and
natural killers, which confers a higher success rate in the generation of human
tumors. Mice were housed in cages placed on racks with assisted ventilation. They
were bred in cages with water and sterile food pellets (Envigo, Huntingdon, United
Kingdom) ad libitum. Mice were exposed to light-dark cycles of 12:12 hours.
Temperature and humidity were also controlled by the facility. All the procedures
were carried out under the ethical committee number 365-3-21 respecting all the

European and Spanish regulation for animal handling.

3.2.2.5. Injection of tumoral cells in immune deficient mice

PBMCs or CD45 positive and negative selected cells were injected into the flank of
nude mice or into the flank and the vein tail of immune deficient NSG mice.
Approximately 2 million PBMCs were isolated from blood. However, the number
of CD45-selected cells was not counted, as their quantity was too low, and we aimed

to prevent any loss during counting.

Before the placement in the laboratory of Dr. Frédéric Hollande, who helped us to
optimize the process, we injected cells isolated from 24 patients in the flank of nude
mice. After optimization, CD45-selected cells isolated from 5 patients were injected
into NSG mice, both in the flank and in the tail vein. Three independent repetitions

were carried out. The survival rate of the animals was 100% in all cases.
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In the case of the flank injection, a total volume of 100 plin 1:1 Matrigel® (Corning,
New York, USA) and DMEM medium (Corning, New York, NY, USA) was injected
with a 1 ml insulin syringes (Becton Dickinson, Franklin Lakes, NJ, USA). In the
case of vein tail, the tail was first warmed with warm water to dilate the veins.
Then, a total of 100 ul were injected with a 1 ml insulin syringe in the tail vein. A

representative image of the procedure is shown in Figure M5.

FLANK INJECTION TAIL VEIN INJECTION

vy

Figure M5. Injection of tumoral cells in immune deficient mice. Cells were injected

both in the flank and in the tail vein. A total volume of 100 ul was employed.

3.2.2.6. Tumor cell seeding onto the chorioallantoic membrane of chicken embryos

All experiments were performed in accordance with the ethical committee number
2022-112. Fertilized eggs were provided by the farm of the National Institute for
Agricultural and Food Research and Technology (INIA-CSIC) and incubated in a
96 eggs automatic rotary incubator (Expondo, Berlin, Germany) at 38°C and 60-
70% humidity. On day 10 of incubation, a small hole was perforated in the blunt
end, where the air is usually localized. Then, another hole was perforated at 90
degrees, and a small window was made to introduce the PBMCs over the
chorioallantoic membrane (CAM) [223,224]. Approximately 2 million PBMCs were
1solated from blood and seeded onto the CAM using both the drop method and a
sterile ring. The DLD1 cell line was used as a positive control, with 250,000 cells
seeded and following the same procedure. The windows were then sealed, and the
embryos were returned to the incubator. Daily monitoring was performed to detect
potential tumor growth. After seven days, the embryos were macroscopically
examined to assess tumor development. A representative image of the procedure

is shown in Figure M6.
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Figure M6. Injection of tumoral cells in chicken embryos. Cells were injected over

the CAM after opening a small window in the shell.

3.2.2.7. Tumor dissection and culture

Tumors were dissected from the mice, washed in PBS 1X, disaggregated into small
pieces using a scalpel and added to a 50 ml Falcon tube containing 10 ml of
dissociation medium and incubated at 37°C for 1h 30 min. The dissociation medium
contained DMEM-F12 (Corning, New York, NY, USA) and collagenase (Thermo
Scientific, Waltham, MA, USA) at 1 mg/ml. Every 20 min, we mechanically
dissociated by vortex at 4°C during 1 min. Then, DNase (Qiagen, Hilden, Germany
was added to the suspension and incubated for 1 min at RT. The reaction was
stopped by adding 10 ml of DMEM-F12 + 10% FBS, filtered in a 100 pm cell
strainer and centrifuged at 220 g for 5 min. After removing the supernatant, we
resuspended the pellet in DMEM-F12 and seeded in a dome of 40 ul in a proportion
70% Matrigel — 30% medium on a 24-well plate. Plates were incubated for 45
minutes and 500 pul of COM were added over the domes. Finally, the cells were
incubated in a 37°C humidified incubator (Series II Water Jacket, Thermo
Scientific, Waltham, MA, USA) with 5% CO2 until growing. Medium was changed

every 3 days. This procedure is shown in Figure M7.
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Figure M7. Dissection and culture of patient-derived tumors. (A) Tumor dissected
from a NSG mouse (B) Tumor disaggregated with a scalpel into small pieces (C)
Tumor in dissociation medium before enzymatic and mechanical dissociation (D)
Tumor after enzymatic and mechanical dissociation (E) Pelleted cells after filtering

(F) Seeding on a 24-well plate.

3.2.2.8. Patient-derived cell culture

We also tried to culture patient-derived cells directly in cell culture by two

methods: in suspension and in Matrigel® growing.

In the suspension method, the CD45 positive and negative cells were seeded in
M12 Medium (100 ul/well) in ultralow attachment 96-well plates (Clearline, Paris,
France). M12 medium contains DMEM-F12 2 mM of L-glutamine, 100 Unit/ml of
penicillin and streptomycin, N2 supplement (Pan-Biotech, Aidenbach, Germany),
20 ng/ml of epidermal growth factor (EGF, Corning, New York, NY, USA) and 10
ng/ml of fibroblast growth factor (FGF, Corning, New York, NY, USA). Cells were
then maintained in a 37°C humidified incubator (Series II Water Jacket, Thermo

Scientific, Waltham, MA, USA).

In the Matrigel® method, the CD45 positive and negative cells were resuspended
on 1:1 Matrigel® and BOM medium in a total volume of 40 ul. BOM medium
contains DMEM-F12, 2 mM of L-glutamine and 100 Unit/ml of penicillin and
streptomycin. Matrigel® was always stored on ice until seeded in a pre-warmed 24-

well plate.
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A sphere of Matrigel® and cells was formed and left to rest in a 37°C humidified
incubator for 30-45 min before adding 500 pl/well of pre-warmed COM medium.
COM medium contains BOM medium, B27 supplement 2X (Thermo Scientific,
Waltham, MA, USA), NAC 1 mM (MedChem Express, Shenzhen, China), YP27632
10 pM (MedChem Express, Shenzhen, China),, SB202190 10 nM (MedChem
Express, Shenzhen, China), Gastrin 1 pg/ml (MedChem Express, Shenzhen,
China), A8301 500 nM (MedChem Express, Shenzhen, China), and EGF 50 ng/ml
(Corning, New York, NY, USA). Cells were then maintained in a 37°C humidified

incubator.

3.2.3. New growth rate-based indices to measure resistance to

chemotherapy

We also developed a method to evaluate the efficacy of chemotherapy, with the aim
of studying resistance. Our method serves as an alternative meant to address the
main limitation of the conventional ICs0 method: its time-dependent nature. We
applied this method in the experiments of the last section, whose purpose is to

discover new candidates as biomarkers for resistance detection.

To achieve this specific objective, we first performed viability assays for different
cell lines and end-time points. Then, we analyzed the data by fitting the effective
growth rate in an exponential and calculating different parameters to measure

resistance, called ICso, ICro and IC;med.

3.2.3.1. Cell lines

Five human CRC cell lines were employed: SW-480 (CCL-228), SW-620 (CCL-227),
DLD-1 (CCL-221), HCT116 (CCL-247), HT29 (HTB-38). All of them were
purchased from the American Type Culture Collection (ATCC, Manassas, VA,
USA). The cells were cultured in Dulbecco's Modified Eagle Medium (DMEM,
Corning, New York, NY, USA) supplemented with 10% fetal bovine serum (FBS,
PAN Biotech, Aidenbach, Germany), 1% L-glutamine (Cytiva, Washington, DC,
USA), and 1% penicillin/streptomycin (Corning, New York, NY, USA) at a 37°C
humidified incubator (Series II Water Jacket, Thermo Scientific, Waltham, MA,
USA) with 5% CO:s.
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3.2.3.2. Viability assays
First, Thiazolyl blue tetrazolium bromide (MTT, BioChem, PanreacApplichem,

Barcelona, Spain) was used to detect the viability to different concentrations of
oxaliplatin (50 pg/mL, 10 serial 1:2 dilutions starting from the maximum doses) or
irinotecan (20 pg/mL, 4 serial 1:2 dilutions starting from the maximum doses).
Oxaliplatin and irinotecan were purchased from Accord Healthcare S.L.U.,
Barcelona, Spain. Briefly, cells were seeded in 96-well plates (Deltalab S.L,
Barcelona, Spain) at a concentration of 100,000 cells/mL in a volume of 100 L.
Next, the chosen chemotherapeutic drug was added to each well. Three replicates
per condition were performed on each plate with three independent experiments
in total (conducted separately in time and materials to ensure reproducibility).
After 0 (seeding time), 24, 48 and 72 h of the treatment, the medium was removed,
and 50 pL of 0.5 mg/mL MTT was added. Then, plates were incubated for 4 h at 37
°C, and finally, the medium was removed and resuspended in 100 pL of dimethyl
sulfoxide (DMSO, Labkem, Barcelona, Spain) before detection of absorbance in a
BIOBASE-EL 10A (Biobase, Shandong, China) spectrophotometer at 546 nm.

3.2.3.3. Mathematical model

As shown in Figure M8, colony population can be fitted as an exponential growth
for short times, with an effective growth rate that can be positive or negative

(indicating a population that increases or declines over time, respectively).
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Figure M8. Exponential growth in HCT116 cell line in control and treatment
conditions. (A) MTT absorbance reading over time fits with an exponential curve in
control conditions. The inset shows this growth on a semi-logarithmic scale. (B)
Exponential fitting of MTT absorbance readings on a semilogarithmic scale for
different oxaliplatin concentrations (0, 3.12, and 25 pg/ml).
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In cell viability experiments, the population of a colony subjected to a given
concentration of chemotherapy drug, N, , will also follow an initial exponential
growth, whose effective growth rate could be positive or negative. Then, cell
viability can also be written as an exponential growth with an exponent equal to
the difference between the sample growth rate and the control growth rate:

N¢(t) _ Noce'C* _ Noc

— — fJoc | S(r¢-ro)t
N = Noeol = wp© (Eq. 1)

V() =

where Ny and Nj are the respective initial populations of the colony under
treatment and the control (c=0); and r¢ and r, are the effective growth rates of the
colony under treatment and the control, respectively. In this expression one can
see the time-dependence of the viability. The greater the difference between r, and

19, the faster the viability will change over time.

In any case, from this equation the sample growth rate can be calculated for any

viability value:
e =19+ % In (Vc(t) NN—O"C) (Eq. 2)

The absorbances measured from controls and treated cells were used to calculate
the growth rates in each condition. First, the data were normalized to the
absorbance obtained in the seeding time (t0). Then, the absorbances from 24h (t1),
48h (t2) and 72h (t3) were plotted and the effective growth rates were obtained
from linear fits by the least squares method. To estimate the confidence intervals
of the effective growth rate bootstrap methods with 1,000 bootstrap samples were
used [225].

Bootstrapping is a technique to estimate the properties of a population statistic
from the properties of a sampling data from an approximating distribution. The
bootstrap idea is to use the sample distribution, instead of the population
distribution. The sample distribution is made empirically by resampling from the
original data. For each bootstrap sampling the same amount of data is randomly
selected with replacement from the original sample. With each bootstrap sample
the statistic of interest is calculated and finally a distribution of the statistic is

obtained.
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When data distribution is known or can be estimated, bootstrap sampling can be
drawn from this distribution. In this case the bootstrap method is called
parametric. In regression problems, with a covariate and a response variable,
observed data are formed by pairs (X_i, Y_i); in this case the empirical bootstrap
method (also called nonparametric bootstrap) consists of randomly sampling with
replacement the pairs from the observed data (in the regression model empirical
bootstrap is also called paired bootstrap). In an empirical bootstrap, covariate data
values are independently randomly selected, so if one needs to sample all the
predictors as fixed values, the residual bootstrap model may be used. In this
instance one fits the observed data and determines the residuals for each
observation. With the residual bootstrap technique, one selects bootstrap samples
from the residuals and the new y; is determined by y; = 3, + e, , where 3, is the
fitted value for x; and e, is an independently randomly selected bootstrap residual
[226].

The effective growth rate is obtained from the slope distribution of all linear fits of
the logarithm of MTT values versus time (one fit for each bootstrap sample), from
a total of 1,000 bootstrap samples. This slope distribution can be fitted to a
Gaussian distribution. From the bootstrap distribution one can obtain the effective
growth rate (its mean, 7) and its standard error (SE). After verifying the statistic

is roughly normally distributed a 100 (1-a) % confidence interval can be estimated:
T =T 24/,SE (Eq.3)
where z,/,, 1s the standard normal value with probability a/2 to the right.

Curve fittings simulations were carried out in Python (Python Software
Foundation, Wilmington, DE, USA) with the scipy [227] and pandas[228] libraries.
Graphics were carried out with the matplotliblibrary [229]. The Python scripts are
available in github (https://github.com/JJ-Lab/CSC_IC50).

3.2.3.4. Calculation of the ICso, ICro and ICrmed indices

As can be seen in Figure M9, the plot of growth rate vs. drug concentration shows
a rapid initial decrease followed by a slower decrease for high concentrations. In
most of the experiments (shown in semi-logarithmic scale and shifted to avoid
negative values), one can observe that the logarithm of the growth rate decreases
approximately linearly with time, so it can be fitted by linear regression (see inset
of Figure M9).
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Figure M9. Concentration dependence of the effective growth rate in HCT116 cell

line. The inset shows the same plot on a semilogarithmic scale.

When this fit is adequate, a mathematical model of the dependence of the growth
rate on the drug concentration can be obtained. With this model the concentration

for a given growth rate can be calculated:
r(C) = A-e"*C + 1, (Eq.4)

where 1, is the negative shifted value (at very high drug concentrations the growth
rate is negative) and « is the exponent. By applying logarithms and inverting Eq.4,
the drug concentration for a given effective growth rate can be determined as

follows:

Ln (r(C)T_r“’) =—a-C (Eq.5)

cr) == (=) (Eq.6)
Let us maintain that we have calculated an effective growth rate for different drug
concentrations using the bootstrapping technique. The bootstrapping technique
provides a distribution of the effective growth rate from which we can obtain its
mean and confidence intervals. Now we can also use the bootstrapping technique
in the exponential fit of growth rates across different drug concentrations with this
empirical distribution. In this instance we have performed a mixed bootstrap
regression model: we have fixed the regressor values (as in the residual bootstrap
method) and the response variable, 7;* is generated by Monte Carlo simulation from
the slope distribution as a parametric bootstrap (obtained in the previous effective

growth rate calculation).
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From each bootstrapping regression we get the fitting parameters (A, , 7, ) needed
in Eq. 6 to obtain the corresponding concentration for the ICs0 and other indices.
With the N, bootstrap simulations an index distribution can be obtained, from
which the expected value and the confidence intervals can be calculated. Monte
Carlo simulations were carried out with the same libraries as described in the

Bootstrap method.

We have found an expression (derived from Eq.2) for the effective growth rate

corresponding to 50% viability, rycso (BEq.7).
1 Ny
rICSO = ro + ? . lTl (05 . N_ooc) (Eq 7)

The 1Cs0 index 1s defined as the drug concentration that will produce 50% cell

viability, so Eq.6 can be used to calculate ICso (substituting rby r;cs0).
C(ricso) = — In (M=) (Eq.8)

The ICy index is a value that represents the drug concentration at which the
effective growth rate is zero. The other, the ICymeq, 1s the value that corresponds to
the drug concentration that reduces the control population’s growth rate by half.
Similarly, ICyo and ICrmea can be calculated substituting in Eq.6 r by 0 and r./2,

respectively.

C(0) = 2 in (=) (Eq.9)

C(re) = _71 In (%) (Eq.10)

In summary, in order to obtain the ICso index (and the other new indices) the
following steps are required: i) determine the distribution of the effective growth
rates for each concentration (previous section); ii) from the growth rate distribution
get a sample of r for each drug concentration and perform a shifted exponential fit;
iii) determine the corresponding effective growth rate for that index; iv) using Eq.8-
10 calculate the concentration for C(rcso) or C(0) or C(r,/z) 5 v) repeat steps ii) to
iv) a large number of times (1000-5000 times is recommended [230]) to get a
distribution of concentrations for 7;c5o. From this distribution we can obtain the

mean and confidence intervals.

In order to compare the ICs0 index value obtained with this new procedure, the
ICs0 parameter was calculated by two conventional methods: GraphPad Prism 8.0
(GraphPad Software Inc., San Diego, CA, USA) and the ICso calculator web

program (https://www.aatbio.com/tools/ic50-calculator).
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Both tools perform data fitting by assuming that the response curve follows a
symmetrical sigmoidal shape, using a four-parameter logistic regression model
(this value is also referred to as the relative ICso parameter):
Y = Yopip + 220 (Eq.11)
14(72s)
where Y 1s the dependent variable, viability in this case. Ymin and Ymax are the
minimum and maximum values of Y. X is the independent variable, in this case
the concentration of a drug. ICso1s the half-maximal inhibitory concentration, or
the value of X at which Y is halfway between Ymin and Ymax. Finally, H is the Hill

coefficient, which determines the steepness of the curve.

3.2.4. Novel biomarker candidate for resistance detection

We finally searched for novel candidates as biomarkers for resistance detection.
We first evaluated the expression of the biomarkers used in the study and found
that TROPZ2 correlates with the resistance to chemotherapy calculated by the new
proposed method IC,med. Then, we carried out some experiments to confirm this
correlation, such as a chronic treatment with oxaliplatin to generate resistant cells
and probe whether the resistant cells increased the levels of TROP2. We evaluated
its expression both at gene and protein expression levels. Lastly, we silenced the
gene to evaluate if the absence of the gene originated a cell culture that was more

sensitive to chemotherapy.

3.2.4.1. Chronic treatment with oxaliplatin

The cells were grown in p100 plates for several days until exponential growth, to
avoid the lag phase. Then, two different plates were seeded: a control plate
containing non-treated cells (DMEM without oxaliplatin (Accord Healthcare
S.L.U., Barcelona, Spain)) and a plate with treated cells (DMEM with 10 pg/mL
oxaliplatin). The cells were exposed to oxaliplatin at 0.5 and 5 pg/ml for two weeks
in the preliminary assay and at 10 pg/ml for 8 weeks in the broadened study. These
treated and non-treated cells were then evaluated in viability (details in section

3.2.3.2) and gene/protein expression assays (for more information see below).
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3.2.4.2. Silencing of TACSTDZ2

For TACSTDZ2 silencing, SW480, SW620, DLD1, HCT116 and HT29 human CRC
cell lines were transfected with a siRNA designed by Sigma to target that gene
(Sigma, St. Louis, MO, USA). The reference SASI_Hs02_00333686 was used to
silence TACSTDZ2 and the reference SIC001, consisting of siRNA that does not bind
any sequence, was used as a control of the transfection. Cells were plated in a 6-
well plate at a concentration of 250,000 cells/ml in 2 ml of total volume in DMEM.
24 hours later, 90 pmol of sSiRNA were prepared in 150 ul DMEM per well. This
volume was then added to a mixture containing 9 ul of lipofectamine RNAimax
(Thermo Scientific, Waltham, MA, USA) and 150 ul of DMEM per well. After
incubation of 5 min, 150 ul were added per well and 72-hours post-incubation, the

cells were trypsinized for their use in viability assays (details in section 3.2.3.2).

3.2.4.3. Gene expression by RT-qPCR

Cells were harvested with trypsin for 5 min at 37°C and centrifuged at 300 g for 5
min. Total RNA from cultured cells was extracted using the RNeasy Mini kit
(Qiagen, Hilden, Germany) and used immediately for reverse transcriptase
reactions or stored at -80°C until use. RNA concentration was measured in a
Nanodrop spectrophotometer (ThermoFisher, Walthman, MA, USA). cDNA
synthesis was performed using the RevertAid First Strand cDNA Synthesis kit
(Fermentas, Waltham, MA, USA). The reaction was prepared according to the
manufacturer’s instructions: a mixture containing 1 pg of RNA, 1 uLL of random
hexamers and Milli-Q -H20 until 12 pL. was incubated at 70 °C for 5 min. Then, 4
uL of buffer 5X, 1 pL ribonuclease inhibitor, 2 pl. 10 mM dNTP and 1 uL reverse
transcriptase were added to each tube. The reaction mixture was then incubated
at 25 °C for 5 min, 42°C for 1 h and inactivated at 70 °C for 10 min.

The quantitative PCR reaction was performed for 7ACSTDZ using the KiCqStart
SYBR Green kit (Sigma, St. Louis, MO, USA) according to the manufacturer’s
instructions. KiCqStart SYBR Green predesigned primers (Sigma, St. Louis, MO,
USA) for TACSTD2 and BACT were employed, see Table M1 for details of the
sequence. All primers were used in a final concentration of 300 nM, and 10 ng of
cDNA were used per well, for a total volume of 10 uL. All cDNA samples were
measured in triplicate in a 96-well plate covered with adhesive seals in the
thermocycler Roche LightCycler 480 (Roche, Basel, Switzerland).
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Reactions started with 10 min at 95°C, followed by 45 cycles of 15 s at 95 °C, 1 min
at 60°C and 10 s at 72°C. The 2-AACT or 2-ACT method was used for calculating the
normalized mRNA expression. 8-ACTIN was used as a housekeeping. In the case

of 2-8ACT gnalysis, treated samples were also normalized to control samples.

3.2.4.4. Protein expression by flow cytometry

The cells were incubated with anti-TROP2 conjugated to PE antibody (Becton
Dickinson, Franklin Lakes, NJ, USA) in a dilution 1:50 and a total volume of 50 ul
for 15 min at room temperature in darkness and agitation. Next, the antibody was
removed by centrifugation at 400 g for 5 min and fixed with Glyo-fixx™ (Thermo
Scientific, Waltham, MA, USA) in 1:1 proportion with PBS-BSA 0.5% for a final
volume of 50 pl per tube. Cells were finally detected in a FACS Canto cytometer
(Becton Dickinson, Franklin Lakes, NJ, USA). All the data was analyzed with

FlowdJo® program.

3.2.4.5. Protein expression by confocal microscopy

Control cancer cell lines and chronic treated cells were seeded in 9-well microscope
slides (Thermo Scientific, Waltham, MA, USA) with poly-L-Lysine in a 1:20
dilution (Sigma, St. Louis, MO, USA). After an incubation of 15 min at RT, the
supernatant was removed, and a mix of antibodies was added. Hoescht was used
in a dilution 1:1000 to stain the nuclei, anti-TROP2 conjugated to PE (Becton
Dickinson, Franklin Lakes, NJ, USA) also used in a 1:50 dilution and pan-
cytokeratin and keratin-8 cojugated to APC (Miltenyi Biotec, Bergisch Gladbach,
Germany) in a 1:50 dilution were used to stain the cytoplasm of the cells.
Microscope slides were incubated for 30 min at RT. Images were acquired in a
Stellaris 8 Laser Scanning Confocal Microscope (Leica, Wetzlar, Germany) with
Depletion Lasers (STED) at 592, 660, and 775 nm.

3.3. Statistical analysis

The t-Student test was used to compare two independent groups, while the
Wilcoxon signed-rank test was applied for paired data, such as in MTT assays
where different drug concentrations were tested within the same groups. ANOVA
was employed to compare more than two groups, with Tukey’s test used to identify
significant differences among all groups and Dunnett’s test to compare each group
against the control. Finally, the Chi-square test was applied to analyze categorical

variables. All statistical analyses were performed using GraphPad Prism 8.
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4. Results

The purpose of this section is to expose the main results obtained throughout this
PhD thesis. As it consists of a multidisciplinary thesis, some explanations are
included. We divided the section into two subsections. The first one is focused on
developing a mathematical model to predict relapses in patients diagnosed with
CRC. For that, we selected thirteen biomarkers from literature. After testing their
expression in CRC cell lines, we measured their expression in cells isolated from
blood of CRC. The clinicopathological characteristics of all the patients were also
registered, which allowed us to study the correlation between variables. We finally

developed a mathematical model for relapses.

Once we were able to detect relapses in CRC patients, the aim was to evaluate the
resistance to chemotherapeutics. First, we developed tumors derived from patient
cells. We used several techniques such as injections in different animal models
(nude mice, NSG mice and chicken embryos) and culture directly in plates
(Matrigel and in suspension cultures). We also improved the method by depleting
CD45+ cells, thereby enriching the CSC population. While we successfully
generated two patient-derived tumors, no primary patient CRC cultures are yet
available for use in resistance experiments as they require additional time to
establish a stable culture. For that reason, we conducted resistance studies using

five human CRC cell lines.

For that purpose, we developed a new growth rate-based method and established
two new parameters that overcome the disadvantages of the standard ICso method,
which is both method and time-dependent. Then, we carried out a preliminary
assay to check whether any of the selected biomarkers were candidates to measure
resistance and discovered that TROP2 was overexpressed in a more resistant cell
line. We broadened this result and studied the correlation between resistance and
the expression of this biomarker by the new developed method. Moreover, we
established chronic cultures to develop resistant cell lines and evaluate the
differences in expression of this biomarker. Finally, we silenced the gene to check
differences in resistance. All these results suggest that TROP2 is a good candidate
to detect resistance although more experiments will be carried out in the future to

confirm this, especially in patient samples.
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4.1. Development of a mathematical model to predict relapses
in CRC patients

4.1.1. Selection of CSC biomarkers

The aim of this section is to develop a mathematical model which predicts relapses
in CRC patients. Several biomarkers have been described in the literature for
CSCs, although none of them are exclusive for this population. That is why in this
study we propose the use of a combination of biomarkers. First, we conducted a
selection of biomarkers from the literature, identifying those that meet the

following criteria:

- The expression should be related to CSCs as our purpose is to predict
relapses by finding this population of cells in blood from CRC patients that
may have evaded from the primary tumor.

- The expression should be related to CRC since we are focused on this type
of cancer in this study. The idea is to develop the model and then try to
extrapolate to other cancer types, with some modifications that may apply
and will be considered in the future.

- They should be membrane proteins as the main technique that we are using

to detect the CSC population is flow cytometry.

Considering these requirements, we selected a total of thirteen biomarkers. The

gene and protein symbols are shown in Table R1.

Table R1. Gene and protein symbols of the thirteen biomarkers selected for this

study.

Gene Symbol Protein Symbol Gene Symbol Protein Symbol
ABCG2 BCRP1 TACSTD2 TROP2
PROM1 CD133 ALCAM CD166
PROM1 AC133 LGRS LGR5

CD34 CD34 DCLK1 DCLK1

CD44 CD44 CD36 CD36
CD44v6 CD44v6 RAGE RAGE
EPCAM EPCAM
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4.1.2. Expression of CSC biomarkers in CRC cell lines

Then, the expression of all of them was quantified by RT-qPCR in five human CRC
cell lines: SW480, SW620, DLLD1, HCT116 and HT29. 6-ACTIN was used as a
housekeeping gene to normalize the data. Results were analyzed by the 2-ACT

method and are shown in Figure R1.

ABCGZ was highly expressed in HT29 cell line, which is consistent with the fact
that it 1s a more resistant cell line. Significant differences were determined
between SW480 and HT29 cell lines in relation to PROM1 expression, being HT29
the one with more expression. In relation to CD34 expression, it was lowly
expressed in all the cell lines, although significant differences were detected in
SW480 cell line when compared to the rest.

On the contrary, CD44 was highly expressed in all the cell lines, HCT116 and
HT29 being the ones with more expression. A similar pattern was found in

CD44V6, a variant of the previous one, although less expressed.

Moreover, EPCAM and ALCAM were both expressed in the five cell lines although
EPCAM expression was higher, and no significant differences were found between
the cell lines in both cases. Regarding TACSTDZ2, the SW620 cell line did not
express this gene. The rest of the cell lines expressed it, with HT29 showing higher
expression. Further analysis of this will be carried out in section 4.2.3 as a relation

to resistance could be considered.

In relation to LGRS, it was highly expressed in the SW620 and DLD1 cell lines.
Additionally, DCLK1 was highly expressed in the SW480 cell line when compared
to the rest of the cell lines. Finally, CD36 was more expressed in the SW480,
HCT116 and HT29 cell lines.

Based on these results, we decided to further consider all of them for

immunodetection in blood samples from patients previously diagnosed with CRC.
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Figure R1. Gene expression of CSC biomarkers in five human CRC cell lines.
ABCG2, PROM1, CD34, CD44, CD44V6, EPCAM, TACSTDZ2, ALCAM, LGRS,
DCLK1, CD36 and RAGE gene expression were measured in SW480, SW620, DLD1,
HCT116 and HT29 CRC cell lines. RNA was extracted from cell lines and
retrotranscribed prior to performing a qPCR. 6-ACTIN was used as a housekeeping
gene. Results were analyzed by the 2-2CT method. One-Way ANOVA and Tukey’s
multiple comparison test was carried out to evaluate differences between cell lines

for each biomarker. Different letters indicate statistically significant differences

between groups (p-value < 0.05). N= 3.
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4.1.3. Expression of CSC biomarkers in patients previously diagnosed
with CRC

A schematic workflow of this section is shown in Figure R2. Briefly, after the
selection of thirteen biomarkers, we proceeded to immunodetect CSCs in blood
from patients previously diagnosed with CRC. As this study includes the use of
human samples, we first obtained approval from the ethics committee. It was
approved in all four hospitals and the health center involved in this study, as well
as by the Universidad Politécnica de Madrid, as it is the center where the samples
were processed (Annex Al). Different centers’ inclusion in the project was not
simultaneous but progressive. Then, we selected patients to be included in the
project in collaboration with the doctors from each center. The patients were
required to fulfill the inclusion criteria and not meet any of the exclusion criteria

(for more information, see the Materials and Methods section — 3.1.2.2).

1 ETHICS COMMITTEE 2 SELECTION OF PATIENTS 3 PBMCsISOLATION

El

4.1 EXPRESSION OF BIOMARKERS 4.2 CLINICOPATHOLOGICAL CHARACTERISTICS
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Figure R2. Schematic workflow to develop a mathematical model to predict relapses
in CRC. After the ethics committee approval and the selection of patients, PBMCs
were isolated by a Ficoll® gradient. The data from the expression of biomarkers
together with the clinicopathological characteristics were considered to generate a

mathematical model to predict relapses in CRC.
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Once the ethics committees were approved and after selecting the patients, we
scheduled appointments for them and extracted a 4 ml EDTA blood tube. PBMCs
were 1solated after a Ficoll® gradient and further inmunostained with antibodies
for the thirteen biomarkers previously selected. An unstained control was also
carried out. The expression of all the biomarkers was measured by flow cytometry
and the results were processed by a Python script that was developed for this
purpose. A database was also developed to register all the clinicopathological
characteristics for each patient and variations between samples. Together, the
expression of biomarkers and clinicopathological characteristics were considered

to develop the mathematical model to predict relapses in CRC patients.

4.1.3.1. Detailed information about the patients included in the study

First, we are going to detail some information about the clinicopathological

characteristics of the patients included in the study (Figure R3).

Regarding the age, the median age across all the centers was 71 years old, the
youngest patient being 36 years old and the oldest one 92 years old, both from the
DHC. Most of the population was above 50 years old, with only 7 patients below
this age.

In relation to the BMI, the median was 26.9 kg/m?, the patient with the lowest BMI
had 16.4 kg/m? and the patient with the highest BMI had 46.9 kg/m?. In the
Spanish population, people are considered underweight at a BMI of less than 18.5,
normal weight between 18.5 kg/m? and 25 kg/m?, overweight between 25 kg/m? and
30 kg/m? and obesity from 30 kg/m?. Considering these parameters, 3.7% of the
population of study was underweight, 32.8% was of normal weight, 37% was

overweight and 26.5% were obese.

Concerning the sex, 57.3% of the patients were male and 42.7% were female, so it
was almost balanced and representative of the CRC patient’s population. However,
some differences were detected between centers. The JDH population were 56%
male and 44% female, in the RCH they were almost all male (91% male versus 9%
female), in CRH they were 65% male and 35% female, in TUH they were 48% male
and 52% female and finally in DHC they were 51% male and 49% female,

respectively.
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Regarding the family background, 40% of the population of study presented
relatives with cancer and 45% did not. The family background was unknown for
the remaining 15%. So, the population was also balanced in this regard. However,
some differences were detected between centers, as the relatives with cancer were
higher in the JDH (50% vs 12.5%), RCH (54.5 vs 9.1%) and TUH (34.8 vs 13%) and
lower in the CRH (35.2 vs 54.7%) and DHC (40.9 vs 55.7%).

We also registered if the patients were active smokers, exposed smokers (smokers
in the past) or never smokers. Considering all the centers together, 45.8% had
never smoked, 37.5% had previously smoked but are no longer currently smoking
(exposed) and 8.3% were active smokers. We did not have data for the remaining
8.3%. This indicates that the population under study was smoke-free, as most of
them had never smoked or decided to quit smoking. However, some differences
were detected between centers, as the exposed smokers were higher than never
smokers in the RCH (63.6% vs 9.1%) and TUH (39.1 vs 17.4%), similar in the CRH
(44.4 vs 37%) and DHC (40.9 vs 55.7%) and lower in the JDH (31.3 vs 62.5%).

In relation to the hospital status of the patient, we classified it into three main
groups: In treatment, follow-up or discharge. When considering all the centers,
34.6% of patients were in treatment, 58.6% of patients were in follow-up and 6.8%
of patients were discharged. The proportion of follow-up patients was higher than
in treatment patients in all the centers except for CRH where 77.8% of patients
were in treatment and 22.2% were in follow-up. Note that all RCH patients and

the majority of DHC patients were in follow-up.

As described in the clinical guides for diagnosis of CRC, the most widely used
diagnosis technique in all the centers was colonoscopy (80%), followed in 8.3% of
the cases by other techniques such as CT. As expected, the localization of the
primary tumor was detected in a different location depending on the center
because it depends on the patient. In the JDH, 56.3% of tumors were located in the
descending colon, followed by 25% in the ascending colon and 18.8% in the rectum.
In the case of RCH, 36.4% of tumors were located in the ascending colon followed
by 27.3% both in the transverse colon and the rectum and 9.1% in the descending
colon. CRH presented a 42.6% of tumors in the rectum followed by 27.8% of tumors
in the descending colon, 13% in the ascending colon and 3.7% in the transverse
colon. In the TUH, 52.2% were located in the rectum and 4.3% in the transverse
colon. Finally, 26.1% of tumors were located in the rectum, 25% in the ascending

colon, 9.1% in the descending colon and 1.1% in the transverse colon in the DHC.
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Figure R3a. Clinicopathological characteristics of the patients included in the study.
Age and BMI were represented as boxplots. Sex, Family Background, Smoker,
Hospital status and Diagnosis technique were represented as bar plots. Data is

shown for each center and the total represents the mean of the data from all centers.
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Moreover, the stage of the patients included was almost equal (approximately 40%)
for NOMO and N1MO cohorts, not presenting affected lymph nodes or with affected
lymph nodes, respectively. Cancer had not spread to distant organs in either case.
However, 20% of patients presented metastasis at diagnosis (M1 cohort). These
latter are those in which progression is more probable as CTCs are likely to evade
the tumor, be present in blood and disseminate to other organs. The distribution
of patients among these cohorts was different in each center, with CRH and TUH
having a greater proportion of M1 patients, of 40.7% and 27.3%, respectively.
Additionally, most patients presented large tumors at diagnosis, with 60.3%
classified as stage T3 and 15.6% as stage T4.
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Figure R3b. Clinicopathological characteristics of the patients included in the study.
Localization of the tumor, Treatment and TNM stage were represented as bar plots.

Data is shown for each center and the total represents the mean of the data from all

centers.
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Finally, surgery was the most frequent treatment (91.7% of patients, almost all of
them) followed in most cases by chemotherapy (67.7% of patients). In some cases,
radiotherapy (24.5%) or biological (10.9%) treatment was added. This pattern was
maintained for all the centers although biological treatment was most frequently
provided in CRH (29.6%).

4.1.3.2. Expression of CSC biomarkers in PBMCs

To assess the expression of the selected CSC biomarkers, 4 ml of blood was
extracted in EDTA tubes from all patients included in the study at various stages
of disease progression. Moreover, blood from healthy people was also extracted as
a control for the experiment. The percentage of total single cells (PBMCs) that
expressed each biomarker is shown in Figure R4, both for the control (healthy

subjects) and for the patient (previously diagnosed with CRC) samples.

The distribution of the percentage of positive cells presented a similar pattern in
almost all the biomarkers, being zero for control samples and near zero but with a
small number of samples with higher expression for patient samples. With one
exception, as the CD44 biomarker was expressed in 100% of cells from control
samples and the expression was distributed from 0 to 100% in the patient samples.
Note that there are patients whose expressions of BCRP1, CD133 and CD34 varied
between 0 and 100% but the patient with the maximum expression of AC133,
EPCAM, CD166 and RAGE was around 60%. Moreover, the expression levels of
CD44V6 and CD36 in patient samples ranged from 0 to 100%, with no samples
clustering at 0%. Finally, the expression levels of LGR5 and DCLK1 were elevated
in patient samples, with some patients expressing this protein in the 100% of cells,
especially for DCLK1. However, the expression of DCLK1 was also higher in

control samples when compared to other biomarkers, reaching a maximum of 40%.

The results show that all the biomarkers except DCLK1 and CD44 were not
expressed in controls, but expression was detected in some samples from patients.
These results demonstrate that these biomarkers are useful for the project, as the
samples with higher expression of biomarkers could be the ones with less prognosis
and with more probability of relapse. If this is the case, the model will determine
whether the levels of these biomarkers predict relapses. Moreover, note that the
expression of TROP2 is rather modest in patients when compared to control

samples, which will be important for its resistance role explained in section 4.2.3.
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Figure R4. Expression of CSC biomarkers in PBMCs. The expressions of BCRP1,
CD133, AC133, CD34, CD44, CD44Ve6, EPCAM, TROP2, CD166, LGR5, DCLKI1,
CD36 and RAGE were measured by flow cytometry in PBMCs isolated from blood
samples by Ficoll® gradient. Expression is shown as the percentage of total single
cells both in control (healthy subjects, in blue) and patient (previously diagnosed
with CRC, in red) samples. N=192 patient samples and N=25 healthy control

samples.

79



Marta Sanchez Diez

Before going to the development of a mathematical model for relapse prediction,
we studied the correlation between variables, both clinicopathological

characteristics and the biomarkers’ expression.

4.1.3.3. Correlation analysis of the variables studied in this project

To analyze the correlation between variables, we first developed Python scripts to
process all the clinicopathological characteristics and biomarkers’ expression (for

more information, see the Materials and Methods section — 3.1.3). Once the data

were processed, we first studied the correlation between relapse (True/False) and
the clinicopathological characteristics that do not vary between samples. We
considered the variable relapse as True if the patient relapsed at any time from
diagnosis until the end of the study period for the project. In Figure R5, each
variable was represented for patients that relapsed (True, in red) and did not

relapse (False, in blue).

We started evaluating personal characteristics such as sex, BMI, family
background and smoking condition. In relation to sex, differences in relapse were
not detected between males and females (41.8% of males and 36.6% of females
relapsed). The BMI was also not different when comparing patients that relapsed
and did not relapse (the median for patients that relapsed was 26.2 kg/m?2 and 27.9
kg/m? for the patients that did not relapse). Significant differences were not
detected when evaluating the family background or smoking conditions. Patients
without familiar backgrounds relapsed in 39.5% of patients and the ones with
familiar backgrounds in 35.10% of the cases. Although there were no significant
differences, a slight increase in relapse was observed in active smoker patients
(50%) followed by exposed smokers in 38.9% of patients (patients who smoked in

the past, but they are no longer smokers) and never smokers (33%).

We also evaluated characteristics of the tumor at diagnoses such as stage,
localization and differentiation. Significant differences were detected in all of them
between patients that relapsed or did not relapse. In relation to the stage, both in
the stage I to IV and TNM, the patients who were less likely to relapse were the
stage I and II or cohort NOMO (20%, 19% and 23% respectively), which correspond
to patients with more prognosis as lymph nodes nor distal disease were detected.
Then, stage III patients or N1MO patients presented a higher probability of relapse
(39% and 37.9%, respectively). These patients present lymph nodes affected but
disease has not spread to distal organs. Finally, patients with distal disease at

diagnosis, stage IV and M1 cohort, presented a higher rate of relapses (83.3% and
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83.8% respectively). The rate of relapses was also different depending on the
location of the primary tumor, being higher for transverse colon (57.1% of patients
with primary tumor located at the transverse colon relapsed), followed by rectum
(50%), descending colon (39.4%), ascending colon (27%) and sigma (18.5%).
Differentiation of the tumor was also studied. Patients with moderately
differentiated tumors relapsed in a lower proportion (28.3%) when compared to
poorly differentiated tumors (66.7%). However, patients with well differentiated
tumors relapsed in a higher proportion (53.7%) when compared to moderately
differentiated tumors (28.3%).
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Figure R5. Correlation between the clinicopathological characteristics from patients

and relapse variable. The percentage of patients for each condition was calculated

and compared by a Chi Square test (p-values are shown in the figure). Each variable

was represented for patients that relapsed (True, in red) and did not relapse (False,

in blue). Relapse means patients who relapse at any time from diagnoses until the

end of the study period for the project.

81



Marta Sanchez Diez

Until now, we found no correlations in our study between the sex, BMI, smoking
conditions and family background. However, correlation between the stage,
localization and differentiation of the tumor at diagnosis and if the patient
relapsed was found. The probability of relapse was higher when the tumor was
detected in a more advanced stage. Moreover, the rectum and the transverse colon
were the locations with higher probability of relapse in our population of study.
Finally, the poorly differentiated tumors were the ones with higher probability of

relapse.

Then, we studied the correlation between the biomarkers’ expression and the
clinicopathological characteristics that may have changed between samples. This
consists of treatment-related variables. First, we checked whether the type of
treatment received until the date of the sample influenced in the biomarkers’
expression. For that, we classified samples in three groups: Sx alone, Sx + other
treatment and other treatment without Sx. Other treatment usually refers to

chemotherapy, but radiotherapy and biological treatments were also included.

Supervised ML was used to check whether the percentage of biomarkers was able
to predict which of these groups corresponds to the sample. SVM, kNN, Logistic
Regression, Random Forest, Gradient Boosting and Tree models were employed.
The scores for evaluating the models (including AUC, CA, F1, Pec, Recall and
Spec), the confusion matrix for each model and the ROC curve, are shown in Figure
R6.

Regarding the scores for evaluating the models, all of them were around 0.5 points,
indicating that the models could not predict the type of treatment. Moreover, the
confusion matrices revealed low predictive capacity, as the percentages along the
diagonal were far from 100% (higher values on the diagonal indicate better model

accuracy and, therefore, greater predictive capacity).

The ROC curve further confirms the lack of predictive ability, as the values are
close to the diagonal reference curve (the closer to this line, the lower the predictive
capacity). Based on these results, we conclude that the type of treatment received

prior to sample collection was not correlated with the expression of the biomarkers.
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A Model AUC CA F1 Prec Spec Recall
SVM 0661 0551 0548 0561 0551 0.607
kNN 0662 0588 0576 0574 0588 0.571
Logistic 0685 0591 0580 0628 0591 0593
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Random 0.695 0601 0588 0585 0601 0.582
Forest
Gradient 0678 0606 0582 0576 0.606 0.563
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Figure R6. Correlation between biomarker expression and the type of treatment

received before sample extraction analyzed by Supervised ML. SVM, kNN, Logistic

Regression, Random Forest, Gradient Boosting and Tree models were used. The

scores (A), the confusion matrix (B) and the ROC curve (C) for all these models are

shown. AUC: Area under the curve, CA: classification accuracy, F1: F1 score, Prec:

precision, Recall, Spec: specificity.
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We also tried to cluster the samples depending on the biomarkers’ expression and
check whether the clusters generated were different in terms of the type of
treatment received. Unsupervised ML was used for this purpose. K-means and
Hierarchical clustering methods were employed, classifying the samples in two
clusters. The percentage of samples which correspond to each cluster for each type
of treatment was represented in Figure R7A. We found that the clusters did not
separate samples depending on the type of treatment previously received.
Although almost all the samples for other treatments without surgery were in
cluster 2, there were a lot of samples defined in this cluster for the other two
categories. This analysis also confirms that the type of treatment received before

sample extraction did not influence biomarkers’ expression.
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Figure R7. Correlation between biomarker expression and the type of treatment
received before sample extraction analyzed by Unsupervised ML. Unsupervised ML
was used to generate clusters depending on the expression of biomarkers. (A) The
percentage of samples which correspond to each cluster for each type of treatment.

(B) Difference in LGR5 expression among clusters.
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However, Cluster 1 could be described as the one which corresponds to the samples
that received surgery, especially when using the k-means method. We broadened
on that and represented different biomarker expressions combinations. The aim is
to determine if any biomarker was responsible for the classification of samples in
cluster 1. Each dot corresponds to a sample, each cluster is colored different (C1 in
blue, C2 in red) and the background is colored based on cluster distribution. As an
example, in Figure R7B, a blue background was observed on the right side of the
plot. This means that LGR5 expressions (X-axis) higher than 40% defined cluster
1 (blue). Although further analysis is required, this result suggests a possible
influence of surgery on high LGR5 expressions, as cluster 1 was the one which

includes the samples that received surgery.

We also evaluated whether there were differences in the percentage of biomarker
expression between samples that were undergoing treatment at the time of sample
collection and those that were not. The use of these biomarkers could be useful to
evaluate the response to treatment, generally being lower when the response is
good. For that purpose, we classified samples as True or False for a variable called
Treatment. Supervised ML was used to determine whether the percentage of
biomarkers could predict if the patient was undergoing treatment (True) or not
(False) at the time of sample collection. SVM, kNN, Logistic Regression, Random
Forest, Gradient Boosting and Tree models were employed. The scores for
evaluating the models (including AUC, CA, F1, Pec, Recall and Spec), the confusion
matrix for each model and the ROC curve, are shown in Figure R8. SVM and
Logistic Regression were the ones that best predicted if the patient was undergoing
treatment at the time of sample collection, with an AUC of 0.786 and 0.792, a
sensitivity (Recall) of 0.784 and 0.712 and a specificity of 0.715 and 0.787,
respectively. The confusion matrices also confirmed this result. Note a 67-83%
success for both models in the confusion matrices (see the diagonal values, as
higher values on the diagonal indicate better model accuracy and, therefore,
greater predictive capacity). The ROC curves further confirmed the predictive
ability, as the values are far from the diagonal reference curve (the closer to this
line, the lower the predictive capacity. The nearer to the upper left part of the
graph, the higher the predictive capacity).

Based on these results, we conclude that whether a patient is receiving treatment
at the time of sample collection influences the percentage of expression of the
biomarkers. That is why we considered the inclusion of this variable in the model

of relapse (section 4.1.3.4), to check whether it improves or not.
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Figure R8. Correlation between biomarker expression and whether the patient was
undergoing treatment at the time of sample collection analyzed by Supervised ML.
SVM, kNN, Logistic Regression, Random Forest, Gradient Boosting and Tree models
were used. The scores (A), the confusion matrix (B) and the ROC curve (C) for all
these models are shown. AUC: Area under the curve, CA: classification accuracy, F1:
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F1 score, Prec: precision, Recall, Spec: specificity.

We also evaluated whether the clusters formed based on the biomarkers’
expression (explained in the previous analysis regarding type of treatment) were

different in terms of whether the patient was in treatment at time of sample

collection.
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The percentage of samples which correspond to each cluster for samples from
patients undergoing treatment (True) and those not undergoing treatment at the
time of sample collection (False) was represented in Figure R9. We found that the
clusters did not distinguish samples based on treatment status, as samples from
both categories were present in both clusters. Therefore, this analysis did not

provide additional insights.
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Figure R9. Correlation between biomarker expression and whether the patient was
undergoing treatment at the time of sample collection analyzed by Unsupervised
ML. Unsupervised ML was used to generate clusters depending on the expression of
biomarkers. The percentage of samples which correspond to each cluster for each
condition: samples from patients undergoing treatment (True) and those not

undergoing treatment (False).

Finally, we calculated the difference in expression for each biomarker between
each sample and the previous one. We also included a variable called
In_treatment from_previous_sample and checked whether any treatment was
received for that patient between these samples. We assigned True if there were
treatment in between and False if there were not. Then, Supervised ML was used
to check whether the difference in percentage of biomarkers was able to predict if
any treatment had been received between the sample and the previous one. The
scores for evaluating the models (including AUC, CA, F1, Pec, Recall and Spec),
the confusion matrix for each model and the ROC curve, are shown in Figure R10.
Regarding the scores for evaluating the models, the sensitivity (recall) was high in
some models, but the specificity was low. Moreover, the confusion matrices
revealed a low predictive capacity for the True condition, as the percentage of true
positives was low. The ROC curve further confirms the lack of predictive ability,
as the values are close to the diagonal reference curve (the closer to this line, the

lower the predictive capacity).
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Actual
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Figure R10. Correlation between the difference in biomarker expression and if any
treatment was received between a sample and the previous one by Supervised ML.
Supervised ML was used to predict the type of treatment with the biomarkers’
expression. SVM, kNN, Logistic Regression, Random Forest, Gradient Boosting and
Tree models were used. The scores (A), the confusion matrix (B) and the ROC curve

(C) for all these models are shown. AUC: Area under the curve, CA: classification

Model AUC CA F1 Prec  Spec Recall
SW 0.494 0782 0787 0791 0782 0.350
kNN 0.604 0.833 0.811 0797 0.833 0274
Logistic
Regression 0,558 0620 0.676 0772 0.620 0.436
Random
Forest 0.611 0.755 0.77 0.788 0.755 0.373
Gradient
Boosting 0.506 0.764 0.762 0.761 0.764 0.235
Tree 0.611 0759 0765 0772 0759 0.290
Predicted Predicted
SVM False True N KNN False True N
False 86.6% 13.4% 186 § False 94.1% 5.9% 186
True 73.3% 26.7% 30 E True 83.3% 16.7% 30
N 183 33 216 N 200 16 216
Predicted Predicted
LogReg False True N RF False True N
False 65.6% 34.4% 186 § False 88.7% 11.3% 186
True 60.0% 40.0% 30 g True 66.6% 33.3% 30
N 140 76 216 N 185 31 216
Predicted Predicted
GB False True N Tree False True N
False 86.6% 13.4% 186 § False 84.9% 15.1% 186
True 86.7% 13.3% 30 3 True 80.0% 20.0% 30
N 187 29 216 N 182 34 216
1
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=
‘2 06 cdli Pl
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0 0.2 0.4 0.6 0.8

FP Rate (1-Specificity)

accuracy, F1: F1 score, Prec: precision, Recall, Spec: specificity.

Based on these results, we conclude that the difference in the set of biomarkers

between a sample and the previous one does not correlate to treatment in that

time.
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We also tried to cluster the samples depending on the difference of biomarkers’
expression between a sample and the previous one and check whether the clusters

generated were different depending on whether any treatment was received
between these samples (Figure R11).
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Figure R11. Correlation between the difference in biomarker expression and
whereas treatment was received between a sample and the previous one by
Unsupervised ML. Unsupervised ML was used to generate clusters depending on the
difference of expression of biomarkers. (A) The percentage of samples which
correspond to each cluster for samples that received a treatment between the sample

and the previous one (True) or did not (False). (B) Difference in LGR5 expression

versus the mean difference for all biomarkers.
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Unsupervised ML was used for this purpose. K-means and Hierarchical clustering
methods were employed, classifying the samples into four clusters. The percentage
of samples which correspond to each cluster for samples that received a treatment
between the sample and the previous one (True) or did not (False) was represented
in Figure R11A. We found that the clusters did not separate samples depending on
if any treatment was received between samples. Although there were samples for
both groups in all the clusters, almost all the samples that did not receive
treatment between samples were in cluster 3 in both clustering methods. We tried
to analyze if any biomarker was responsible for that, and LGR5 was found to have
an effect. A scatter plot showing the difference in percentage of LGR5 between a
sample and the previous one was plotted versus the mean of the differences for all
the biomarkers (Figure 11B). Each dot corresponds to a sample, each cluster is
colored different (C1 in blue, C2 in red, C3 in green and C4 in yellow) and the
background is colored based on cluster distribution. In Figure R11B, a green
background was observed on the bottom side of the plot. This means that a
decrease of more than 40% of LGR5 (Y-axis) defines the cluster 3 (green). The same
result was obtained both by k-Means and Hierarchical clustering. Although
further analysis is required, this result suggests a possible influence of the absence

of treatment on a decrease of LGR5 expression.

Considering all the results obtained in this subsection, we decided to include the
variable status (treatment, follow-up or discharge) as input for the model of
relapses in the following section, as patients that were in treatment influenced on

the biomarkers’ expression.

4.1.3.4. Mathematical model for relapse prediction

Finally, a mathematical model was generated to predict relapse. A Python script
was developed to obtain an input file with the variables of interest (expression of
the different biomarkers and time from sample extraction to relapse). See more

information about this Python script in the Materials and Methods section — 3.1.3.

Then, Orange software was used to generate the model by applying different ML
algorithms such as SVM, kNN, Logistic regression, Random Forest and Tree. We
trained the model with the percentage of expression for the 13 biomarkers, and we
also included the variable status (treatment, follow-up or discharge) as input as
previous correlation analysis revealed a possible influence on the biomarkers’

expression.
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We used a stratified split to ensure that the proportion of each category remained
similar. The purpose was to evaluate if any of these models predicts relapse and if
so, which one predicts it better. We evaluated the models by different parameters
(Figure R12), including AUC, CA, F1 score, Precision, Recall and Specificity.
Logistic Regression, SVM, kNN Random Forest and Gradient Boosting models
provided good results. However, from a clinical perspective, Recall and Specificity
are the most relevant metrics, where Logistic Regression demonstrated better
results. Although Recall was higher in some models, we considered both Recall and
Specificity together, as it is not useful in this case to accurately predict negative
results (patients that do not relapse) but fail to predict positives (patients that
relapse). In fact, this last parameter (true positives, evaluated by Recall) is the
most important in this project. Moreover, the model which includes the status of
the patient at that moment improves the prediction. That is why we considered

this one for the next steps.

A Model AUC CA F1 Prec Spec Recall
SVM 0.780 0840 0.817 0.815 0840 0.405
kNN 0.785 0825 0.802 0.795 0825 0.379
Logistic
Regression 0822 0734 0763 0.83 0734 0.727
Random
Forest 0796 0777 0793 0.819 0777 0.632
Gradient
Boosting 0.729 0.807 0.806 0.806 0.807 0.513
Tree 0518 0789 0.787 0.785 0789 0.452

B Model AUC CA F1 Prec  Spec Recall
SWM 0.899 0895 0.891 0.889 0.895 0.669
kNN 0.863 0900 0.895 0.894 0900 0.670
Logistic
Regression 0,800 0.825 0.840 0.878 0.825 0.826
Random
Forest 0.877 0880 0.880 0881 0880 0.711
Gradient
Boosting 0.840 0872 0.867 0.864 0872 0.606
Tree 0751 0872 0.872 0871 0872 0.675

Figure R12. Score of the different models based on ML to predict relapses. AUC,
CA and Spec were the parameters we considered to check the best model. All these
parameters range from 0 to 1. Different models (SVM, kNN, Logistic regression,
Random Forest, Gradient Boosting and Tree) were tested. Two different inputs were
considered: (A) 13 biomarkers’ expression (B) 13 biomarkers’ expression and the
status of the patient at that time. The scores which evaluate the different models are
shown. AUC: Area under the curve, CA: classification accuracy, F1: F1 score, Prec:

precision, Recall, Spec: specificity.
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Subsequently, we evaluated the results by a confusion matrix and a ROC curve
(Figure R13). The predicted values are shown in the columns of the confusion
matrix and the correct values are shown in the rows. The confusion matrix
confirms that the best model was Logistic regression, with 17 % of false positives,
18 % of false negatives, 82 % of true negatives and 83 % of true positives. The rest
of the models are better at predicting the false positive rate but less accurate at
predicting the true positive rate. For this reason, we did not select those ones. The
ROC curve showed the same result, the best model was Logistic Regression, as it

1s the closest to the top-left corner, representing 100% sensitivity and specificity.

A Predicted Predicted
SVM False True N kNN False True N
S False 95.5% 4.5% 330 g False 96.1% 3.9% 330
E True 39.1% 60.9% 69 & True 39.1% 60.9% 69
N 342 57 399 N 344 55 399
Predicted Predicted
LogReg False True N RF False True N
§ False 82.4% 17.6% 330 § False 92.1% 7.9% 330
& True 17.4% 82.6% 69 & True 33.3% 66.7% 69
N 284 115 399 N 327 72 399
Predicted Predicted
GB False True N Tree False True N
§ False 90.9% 9.1% 330 § False 92.4% 7.6% 330
§ True 44.9% 55.1% 69 E True 37.7% 62.3% 69
N 331 68 399 N 331 68 399
B
1 RS FRETATERREE B
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02 B Tree
0 Gradient Boosting
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Figure R13. Evaluation of the different models based on ML to predict relapses. (A)
Confusion matrix showing the false positive/negative and true positive/negative
rates for each model. (B) ROC curve including all the models. The models used in
this project were: SVM, kNN, Logistic regression, Random Forest. Gradient Boosting

and Tree.
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Although this model will be used with any new arriving samples, we simulated the
model’s capacity at predicting relapse, as we do not have new test samples at this
moment. We randomly cropped the database into two subsets, one of them
containing 25 samples and the other the rest. A Python script was also developed
for that purpose. The bigger database was the one used to train the model and
predict, and the smaller one to test it. The sampling and testing process was
carried out ten times, and the average of each parameter was calculated. The
parameters to evaluate the different models are shown in Figure R14A. Although
slightly different results were obtained when compared to the one exposed in
Figure R12, Logistic Regression is also the one with the best results. The
worsening of the outcome is because a smaller number of samples was considered,
as the samples were cropped in two lists (training and prediction), but the values
still indicate a good model. The confusion matrix of the training data showed that
80.2% of samples were true negative and 83.4% were true positive (Figure 14B).
Then, the model was tested with the database containing 25 random samples that
were not used before in the training model. The confusion matrix calculated by the
weight average of ten iterations is shown in Figure R14B. 72.7% of patients that

will relapse were detected and 82.5% that will not relapse were also detected.

A Model AUC CA F1 Prec Spec  Recall
SVM 0.887 0.898 0.893 0.893 0.898 0.669
kNN 0.867 0.892 0.890 0.889 0.885 0.711
Logistic
Regression (0.897 0.807 0.826 0.875 0.807 0.829
Random
Forest 0.883 0.878 0.881 0886 0.878 0.736
Gradient
Boosting 0.796 0.839 0.843 0.849 0.839 0.621
Tree 0.677 0.861 0.860 0.854 0.861 0.632

B
Training | False True Prediction | False True
False 80.2% 19.8% False 82.5% 17.5%
True 16.6% 83.4% True 27.3% 72.7%

Figure R14. Evaluation of results from the generation of a new model after cropping
the database into two new ones (training and prediction). (A) Confusion matrix for

the training model (B) Confusion matrix for the test samples.
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These results confirm that the model can predict relapses which is a promising
result as relapse conditions the life of patients with CRC patients. We also tried to
predict the time to relapse by regression models and clustering, but it was not
possible due to the low number of samples with relapse (data not shown). More

samples will be needed to use this prediction model in clinics.

Finally, we evaluated the influence of the biomarkers on the model for relapse
prediction (Figure R15). We do not disclose the names of the biomarkers for
confidentiality reasons, as we are currently in the process of patenting the relapse

prediction method.

To understand this figure, we should consider that the greater the distance of the
values from 0, the stronger the influence of the biomarker on the model.
Conversely, the closer the values are to 0, the weaker the biomarker’s influence on
the model.

Moreover, the color scale, ranging from red to blue, represents the feature values
(in this case, the percentage of expression of the biomarker). It is important to note
that the figure is plotted with a focus on the true condition of the variable relapse.
This means that if the red values are located on the right side, it indicates that

higher feature values are associated with an increased likelihood of relapse.

Considering this analysis, the biomarkers 1 to 4 presented the greatest influence
on the model, as their values were furthest from 0. Following them, biomarkers 5
to 8 also contributed significantly to the model. Meanwhile, biomarkers 9 to 11
displayed a moderate level of influence, whereas biomarkers 12 and 13 had a

minimal impact, being positioned close to O.

Regarding the feature values, higher expression levels of biomarkers 1, 5, 6, 8, 9
and 11 were associated with an increase likelihood of relapse whereas lower
expression levels of biomarker 2, 3, 4, 7 and 10 contributed to a higher likelihood

of relapse.
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Figure R15. Influence of the biomarkers on the model for relapse prediction. The
biomarkers are ordered according to their impact on the model output, with those
positioned higher in the graph having greater influence. The farther the values are
from O, the stronger their impact on the model. The color scale which ranges from

red to blue represents the feature values.

4.2. Resistance to chemotherapy

Once the mathematical model for relapse prediction was developed, our aim was
to study the context of resistance. For that purpose, we calculated the percentage
of patients that presented resistance for each treatment line: localized disease
(LD), first line (1L), second line (2L) and third line (3L). Resistance was observed
in 39.8% of the patients in LD. This percentage increased for the 1L and 2L to
67.10% and 60.8%, respectively. Then, the percentage of patients resistant to
treatment decreased to 35.5% probably because it has been a short time since that

diagnosis was made and most of these patients are now in treatment for this line.
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Not only resistance but also toxicity was high in these patients. Most of them (from
50 to 70% approximately) presented toxicity to the treatment administered.
Differences were not found between lines of treatment, but they were found
depending on the chemotherapeutic. FOLFOX was the one which produced a
higher proportion of patients with toxicity followed by capecitabine and FOLFIRI.

All these results are shown in Figure R16.

RESISTANCE TOXICITY (LINES OF TREATMENT) TOXICITY (TYPE OF TREATMENT)
p=0.000 x?=21.52 p=0.909 x?=0.54 p=0.024 ¥°=9.40

3L [ [n=31 311 [ | n=3 Others- | | n=10
2L [ |n=51  2L- [ | n=22 FOLFIRI [ | n=30
1L [ |n=76  1LA [ |n=33  Capecitabine- [ | n=26
LD [ |n=191 LD- [ | n=01 FOLFOX- [ | n=83

. . I — : ,

0 50 100 0 50 100 0 50 100
Number of patients (%) Number of patients (%) Number of patients (%)
RESISTANCE [0 True [0 False TOXICITY [ True O False TOXICITY [ True [ False

Figure R16. Resistance and toxicity analysis in CRC patients. The percentage of
patients for each condition was calculated and compared by a Chi Square test (p-
values are shown in the figure). Each variable was represented for patients that
presented resistance/toxicity (True, in red) and did not (False, in blue). Different
lines of treatment (LD: local disease, 1L: first line, 2L: second line, 3L: third line)
and chemotherapies (FOLFOX, Capecitabine, FOLFIRI and others such as TAS102
and irinotecan) were evaluated. Resistance means patients who did not respond to
treatment and progressed. Toxicity refers to patients who developed side effects due

to treatment.

Given the increasing number of patients who develop resistance after
chemotherapy, we aimed to generate patient-derived tumors to establish new
patient-derived cultures useful for studying resistance to various chemotherapy
agents. Additionally, we developed a novel growth rate-based method to measure
chemotherapy resistance, addressing several limitations of the conventional ICso
method. Finally, we explored potential biomarker candidates for resistance
detection. As part of a preliminary study, we identified TROP2, a biomarker used
in the relapse prediction model, as potentially involved in resistance. Using the
newly developed method, we investigated the correlation between TROP2
expression and resistance in five CRC cell lines. To further confirm its role in
resistance, we examined whether chronic oxaliplatin treatment affected TROP2

expression and whether gene silencing influenced resistance.
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4.2.1. Culture of patient-derived tumors

The purpose of this section was to grow tumors in animal models by injecting
PBMCs i1solated from blood of patients that may content the CSC population. Once
the tumors grew, we would dissect them, disaggregate and establish a culture in

vitro. These cultures will serve to study efficacy and resistance to treatments.

For that, we first tried to inject the higher number of PBMCs as possible. We
selected some patients implied in the study that may have more probability to
present CSCs in blood, that is stage IV patients or patients with a higher
percentage of positive cells for the biomarkers studied in a previous sample. We
used nude mice and injected the cells in a 1:1 proportion in Matrigel. We injected

PBMCs from a total of 24 patients, but tumors did not grow in any of them (Figure
R17A).

Next, we tried the same strategy but changed the animal model to chicken embryos
(Figure R17B). Their immune system is not developed because of their condition of
being embryos, allowing human cells to grow. Previous researchers have used this
animal model for the same purpose [231], it consists of opening a window in the
shell and injecting the cells over the CAM. If the injected cells have CSCs, a tumor
1s supposed to be grown on the site of injection. Moreover, if they have the capacity
to migrate and invade, they will evade from the tumor and travel through the veins
to the embryo. Metastasis could be analyzed in the organs of the embryos, usually

in the liver and lungs as CRC usually metastasize there.

PBMCs were isolated and seeded onto the CAM using both the drop method and a
sterile ring. The DLD1 cell line was used as a positive control. The windows were
then sealed, and the embryos were returned to the incubator. Daily monitoring
was performed to detect potential tumor growth. After seven days, the embryos
were macroscopically examined to assess tumor development. No tumor growth

was observed in any case, including the DLD1 positive control.

Although we have not yet achieved tumor growth, it is a tedious technique which
requires a lot of experience. We have improved the method and have practice on
that. Further attempts, incorporating varying cell line concentrations and in
collaboration with experienced laboratories, will be essential to ultimately

achieving the objective.
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Figure R17. Representative image of animal models injected with PBMCs from CRC
patients. The growth of the tumor was not achieved by injecting the highest possible
number of PBMCs with Matrigel in a 1:1 proportion in nude mice (A) nor chicken

embryos (B).

Taking into account these results, we considered profitable a placement in the
laboratory of Dr. Frédéric Hollande, in the University of Melbourne, Australia.
They are experts on culturing organoids and have developed organoids from tumor
tissue from patients. Moreover, they have also managed to generate cultures from
liquid biopsy [212]. In my placement in the laboratory of Frederic Hollande, he
and his group taught me about these techniques. Unfortunately, I did not have
access to the samples from my patients in there, so I carried out the experiments

with my patient’s samples when I came back to Spain.
In my placement, they advised me to incorporate the following improvements:
- Enrichment of CSCs by depleting the CD45 positive cells.

- Use the NSG model rather than the nude mice model as they have
demonstrated to be a better model to generate Xenografts [232].

- Try to do tail vein injections to maintain the environment of CSCs, that are

in suspension and travel through blood from one to another organ.

- Directly grow the enriched cells in culture plates, either in Matrigel domes

or in suspension, using medium supplemented with growth factors.

To achieve these suggestions, we first depleted the CD45 positive cells
corresponding to the immune cells present in blood. We incubated with CD45
antibody and then with a secondary anti-mouse antibody with magnetic beads to
retain them in a MS Column. A MACS® magnetic separator was used to generate
the magnetic field and CD45 negative and positive cells were collected in different

tubes.
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Then, they were processed separately for the following procedures:

- Confocal microscopy to check the magnetic separation and to detect some
CSCs if possible.

- Injection in mice flank and vein tail from NSG mice.
- Culture directly with Matrigel and in suspension with M12 Medium.

For that purpose, we selected a total of five patients that were Stage IV at
diagnosis as they will present CSCs in blood with a higher probability. After CD45
magnetic separation, cells were stained with Hoechst to stain the nuclei,
CD45/CD68 conjugated to FITC to stain the immune cells and 8- and pan-keratin
conjugated to PE to stain the cytoplasm of possible CSCs. Results are shown in
Figure R18 where CD45 positive selected cells present a higher number of immune

cells when compared to CD45 negative selected cells.

Figure R18. Immune-magnetic separation of positive and negative CD45 expressed
cells. CD45 positive selected cells are shown on the left and CD45 negative selected
cells are shown on the right. Depletion of CD45 positive cells allows to deplete most
of the immune cells. The scale bar represents 100 um for the full image and 25 pm

for the inset.

Although we did not find keratin-stained cells compatible with a CSCs, we can
conclude the experiment by saying that it is an effective way to enrich the
population of CSCs by depleting the immune cells. If we deplete most of the
immune cells, we now are more likely to inject the CSCs if considering the same
number of cells in each injection. We first injected all the cells extracted from 4 ml
blood tube, but another possibility is that the cells did not grow because there were
such a large number of cells that they clumped, and the CSCs could not grow. The
depletion of CD45 could also help in this aspect. That is why we considered it a

positive result and included this depletion in the next experiments.
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Next, we injected CD45 positive and negative isolated cells into NSG mice both in
the flank and in the tail vein. The same selected patients were used for this
procedure. Figure R19 shows the mice three months post-injection. In the case of
flank injection, tumor growth was not observed in most cases (Figure R19 - upper
left), but tumors developed in two mice (Figure R19 - lower left). For tail vein
injection, no tumor growth was detected in any organs of the mice (Figure R19 -
right).

FLANK INJECTION ! TAIL VEIN INJECTION

Figure R19. Injection of CD45 positive and negative PBMCs from CRC patients into
NSG mice. Tumor growth was observed in two out of five mice following flank
injection (left) whereas no tumor growth was observed in any mice after tail vein

injection (right). A representative image is shown for each condition.

We dissected the tumors from the mice and cultured the cells both in Matrigel and
in suspension. Figure R20 shows the growth of one-month post-seeding. While the

cells remain viable, additional time is required to establish a stable culture.
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Patient 1 Patient 2

MATRIGEL

SUSPENSION

Figure R20. Growth of cells dissociated from patient-derived tumors. Tumors were
dissected and seeded both in Matrigel and in suspension for two patients. A
representative image is shown for each condition. The scale bar represents 100 pm

for the full image and 25 um for the inset.
Meanwhile, we also tried to establish cultures directly from CD45 positive and
negative selected PBMCs in Matrigel domes and in suspension with M12 medium.
Figure R21 shows the growth for suspension growth in a day, a week, three weeks
and a month post-injection.

1 day post-seeding 1 week post-seeding 3 weeks post-seeding 1 month post-seeding

CD45 positive

CD45 negative

Figure R21. Growth of CD45 positive and negative PBMCs from CRC patients in
suspension. Cells were isolated and seeded in M12 medium. They were maintained
for a month and pictures were taken at different times. Some clumps were formed in
the first weeks but then the cells died. We were not able to establish a suspension
culture from CRC patients. A representative image of one patient is shown. The scale

bar represents 100 um for the full image and 25 um for the inset.
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Although some clumps were formed in the first week for CD45 positive cells, the
cells finally died, and tumors were not established. In the case of CD45 negative

cells, the number and size of the cells is too small, and they also finally died.

We also tried to generate patient-derived tumors in Matrigel. For that, we isolated
the cells in the same way and seeded the cells in a 1:1 proportion in Matrigel. A
dome of Matrigel was seeded in a 24-well plate and COM medium was added to
cover it. The cells were maintained for a month. Although some clumps were
formed in the first week, the cells then died so we were not able to establish the

culture (Figure R22).

1 week post-seeding 1 month post-seeding

CD45 positive

CD45 negative

Figure R22. Growth of CD45 positive and negative PBMCs from CRC patients in
Matrigel domes. Cells were isolated and seeded in a 1:1 proportion in Matrigel. They
were maintained for a month and pictures were taken at different times. Some
clumps were formed in the first week but then the cells died. We were not able to
establish a culture in Matrigel domes from CRC patients. A representative image of
one patient is shown. The scale bar represents 100 pm for the full image and 25 um

for the inset.

In conclusion, we improved the method and successfully achieved tumor growth
for two patients. Since additional time is needed to establish the cultures for use
in resistance experiments, we conducted several experiments on CRC cell lines,
including the development of a novel method to measure resistance to

chemotherapy.
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4.2.2. New growth rate-based indices to measure resistance to

chemotherapy

Cell viability assays have become instrumental tools for assessing the efficacy of
anticancer agents, particularly in the early stages of treatment studies. Diverse
methodologies have emerged, including MTT assays. Among these assays, the
discovery of parameters to analyze and compare the efficacy and/or resistance to

treatments is essential.

Our findings show (Figure R23), in five different CRC cell lines, that there are
significant differences in the calculated ICso value depending on the end-point at

which the percentage of viable cells was calculated (24, 48 or 72 hours).
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Figure R23. Response to chemotherapy is time dependent in different cell lines. (A)
Viability was quantified in five cancer cell lines at three different endpoints (24, 48
and 72 hours). Differences between the curves were evaluated using the Wilcoxon
test. The probability is indicated by * p<0.05, ** p<0.01 and *** p<0.001.
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In addition, when comparing two different methods of ICso calculation (GraphPad
Prism [233] and ICso Calculator [234]), the results for the same time-point and cell
line also varied (Figure R24).
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Figure R24. Response to chemotherapy is method dependent in different cell lines.
I1Cso0 value was calculated by GraphPad Prism and ICso calculator programs in five

cancer cell lines for three endpoints (24, 48 and 72 hours).

In this thesis we have addressed this issue by proposing a new time-independent
method based on the calculation of the effective growth rate for a range of drug
concentrations. We also propose the use of two new parameters to evaluate the
response of cell lines to different treatments that are not time dependent. One of
them is the ICyo index, a value that represents the drug concentration at which the
effective growth rate is zero. The other, the ICymeq, is the value that corresponds to

the drug concentration that reduces the control population’s growth rate by half.

To determine whether a cell colony is proliferating or declining, the population
evolution was assessed. Here, we calculated the effective growth rate both in the

control (without treatment) and in a range of drug concentrations.
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First of all, the exponential growth condition had to be verified: control data are
plotted on a semi-logarithmic scale to verify this exponential trend. The HCT116
cell line was used as an example in Figure R25A for this purpose; in this figure we
see exponential growth in HCT116, as it depicts a linear trend when plotting on
the semilog scale. This result ensures that external factors were not affecting the
experiment, and the effect was due to the variable of interest. The experimental
data are shown as orange dots and the fit for these data is shown as a red line. For
each experimental condition, 1,000 bootstrap linear regressions were performed to
obtain the growth rate distribution (each gray line corresponds to the linear fit of
one bootstrap sample). The distribution of the bootstrap linear regression slopes is
shown in Figure R25B, presenting a normal distribution of the data. Similar
results were obtained at different drug concentrations (as an example, a
concentration of 1.56 pg/ml of oxaliplatin is shown in Figure R25C and D). The
same procedure was performed for the rest of the cell lines and drug

concentrations.
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Figure R25. Growth rate calculation and distribution in HCT116 CRC cell line. (A)
Growth rate calculation for HCT116 control condition. 1,000 linear regressions
performed over the paired bootstrap samples of the experimental data (shown as
orange dots). Each gray line corresponds to each bootstrap linear regression and the
red line represents the mean of these fits. (B) Distribution of the bootstrap linear
regression slopes in HCT116 control data. (C) Growth rate calculation for HCT116
with oxaliplatin at 1.56 pg/ml concentration (D) Distribution of the bootstrap linear

regression slopes in HCT116 with oxaliplatin at 1.56 pg/ml concentration.
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The effective growth rate for the HCT116 cell line under different oxaliplatin
concentrations is shown in Table R2. The growth rate turns from positive to
negative as the oxaliplatin concentration gets higher. The control growth rate of a
cell line can be determined under drug-free conditions (C=0), and changes in the
growth rate pattern observed with increasing drug concentrations can be used to

characterize the treatment response.

Table R2. Effective growth rate and confidence intervals at 90% for HCT116 cell line
under different oxaliplatin concentrations.

Concentration Effective growth rate Standard error
(ng/ml) (days?)

0 0.30 0.04
0.1 0.30 0.04
0.2 0.27 0.03
0.4 0.25 0.03
0.8 0.20 0.03
1.6 0.14 0.04

3.13 0.08 0.03
6.25 -0.01 0.04
12.5 -0.05 0.04
25 -0.21 0.06
50 -0.44 0.04

An exponential dose-dependent decrease of the growth rate was found in all the
studied cell lines. Then, 1,000 Monte Carlo shifted exponential regressions
considering the slope distribution obtained in the previous effective growth rate
calculation were simulated. The shifted exponential fit for the five cell lines is
shown in Figure R26, where each gray line is a shifted exponential regression fit.
The dose-dependent reduction in growth rates in this model, as observed in all five
of our cell lines, thus allows for a more robust method of study of in vitro response
to drugs, as the use of bootstrapping methods means that values are the result of
thousands of iterations of the fit to the curve. This larger number of iterations

helps to reduce the error of the fitting parameters.
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Figure R26. Effective growth rate decreases in an exponential dose-dependent
manner. 1,000 Monte Carlo exponential regressions were performed from the slope

distribution obtained in the previous effective growth rate calculation (shown as

orange dots). Each gray line corresponds to each bootstrap exponential regression

and the red line is the mean of these fits. The parameters to measure resistance are
shown in different guide lines: ICso (dotted blue), IC:x (dashed green) and ICrmea
(dashdot purple). Five CRC cell lines were used: SW480 (A), SW620 (B), DLD1 (C),

HCT116 (D) and HT29 (E).
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This data was employed to calculate indices that may be useful to compare the
response to treatment between cell lines or different culture conditions. ICso value
was calculated using the new method proposed in this thesis which uses the cell
growth rate. As this parameter is the dose at which cell viability is 50%, we
estimated the growth rate in which this assumption was met. Then, we calculated
the concentration of oxaliplatin that corresponds to this growth rate for each of the
1,000 shifted exponential fit iterations. We finally obtained the mean and the
confidence interval for all these iterations. The results for all the cell lines and a
comparison with the values obtained by conventional methods are shown in Table
R3. As the ICs0 method provided values that differ from each other as well as from
the value proposed in this PhD thesis, we conclude that it is not only time-

dependent but also method-dependent.

Table R3. Parameters to measure cell lines’ resistance to drugs. ICso was calculated
by three methods: GraphPad Prism, ICso calculator and the new method described
in this PhD thesis.

Cell line ICs0 GraphPad Prism  ICso Calculator ICso New method

(pg/ml) (pg/ml) (pg/ml)

SW480 7.89 [5.61 - 11.11] 13.52 5.8+ 1.3
SW620 5.83 [3.90 - 8.71] 11.26 5.5+ 2.1
DLD1 10.85 [8.57 - 13.76] 10.92 7.8+2.2
HCT116 5.37 [3.95 — 7.29] 8.22 5.5+ 1.0
HT29 22.88 [15.90 — 33.31] 31.54 25.5+4.7

Moreover, two new parameters are proposed to study drug resistance in this thesis.
I1C,o value is the dose at which the population is neither growing nor dying, so the
growth rate is 0 (called r¢). On the other hand, the ICymed value corresponds to the

dose at which the population is growing at half the rate of the control (called rmed).
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These parameters are not time-dependent by definition as they are calculated from
the growth rate. ICso, ICyo and ICrmea values were obtained for each Monte Carlo
exponential regression, resulting in the distribution shown in Figure R27 for all

the cell lines.

Sw480 SW620 HCT116 DLD1 HT29
200 160 200 160 140
175 140 175 140 120
150 120 150 120 100
8 c125 §100 :125 :100 580
@) 0100 o 80 0100 380 s}
U60 U U60 60
| 2 ;8 | |
20 20
I| II % 3 I|| III I| Il. N I |II| 0 ..III III
0 " 05 0 567 04t 7822 26 30
Concentratlon (ug!ml) Concentratlon (pg.fml) Concentration (ug/ml) Concentratlon pg/ml) Concentration (ug/ml)
160 160 200 350
140 140 175 300
120 120 150 250
o E100 £100 125 g1%0 500
S 380 380 olOO 3100 g
-_— U60 U6O U o '-.J‘ISO
40 40 ‘00
20 20
A0, -.|| il | ly, | i, .. o M.,
0 6 8 10 12 0 6 8 10 520 25 30 .50 70
Concentration (pug/ml) Concentratlon (pg/ml) Concentration (ug/ml) Concentratlon (ug/ml) Concentration (pg/ml)
250 175 160
e
T o «150 4.. 125
U S50 c :1 00
= O u]OO U u
o “100 75 60
50 50
| ||- | 0] I I 0 II. - | h 2 _.III III-_
0o . ~ 0 5 : 0 g 12 16
Concentratlon (ug!ml) Concentratlon p.g."ml) Concentranon pg/ml) Concentratlon (ug/m” Concentration (pg/ml)

Figure R27. Distribution of the parameters to measure cell lines’ resistance to drugs.
1Cs0, ICimed and ICyo distributions are shown for the five CRC cell lines.

The means of these values and the 90% confidence intervals are shown in Table
R4. I1C,0 and ICymea classify the cell lines in terms of resistance, maintaining the
same ranking pattern and yielding consistent results when compared to the
conventional ICso method. It is worth noting that although similar, we recommend
the use of the ICimed value over the I1C,o value for classification, as the IC,o can be
difficult to define for highly resistant cell lines. Use of the ICimea allows for
evaluation of resistant cell lines that might never reach ICso or ro values in the
experimental timeframe, and avoids the need to extrapolate this value, as would
be done in conventional ICs¢ calculations. When using both ICyo and ICymea, cell
lines with higher values are classified as more resistant. This allows for direct
comparison between cell lines or culture conditions, depending on the desired

experimental outcome.
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Table R4. Parameters to measure cell lines’ resistance to drugs. ICso, ICro and ICrmea
were calculated by the new method described in this article. Means and 90%

confidence intervals are shown.

Cellline ICso(ug/ml) ICio(ug/ml)  ICrmed (ug/ml)

SW480 5.8+ 1.3 8.9+2.0 2.7+ 0.6
SW620 55=+2.1 6.3+24 1.8+ 0.7
DLD1 7.8+22 16.0 £ 5.0 4.3+1.2
HCT116 5.5+ 1.0 83+1.5 2.9+0.5
HT29 25.5+4.7 37.0+10.0 12.0+£ 3.0

4.2.3. Novel biomarker candidate for resistance detection

Once we have developed a robust method to evaluate resistance, we searched for
novel biomarkers to detect resistance. For that purpose, we carried out a
preliminary study by measuring the expression of the selected biomarkers in three
CRC cell lines and compared to resistance. This preliminary assay allowed us to
select TROP2 as a candidate biomarker for resistance detection, so we broadened
on this. We increased the number of cell lines and evaluated the correlation
between its expression at gene and protein levels and the resistance by the new
ICimeda method. We also carried out chronic treatment to evaluate differences in
expression in resistant cells and silenced the gene to check whether silenced cells
caused changes in resistance. All these experiments are detailed in the next

subsections.

4.2.3.1. Preliminary study of correlation between biomarkers and resistance

To check whether any of the biomarkers of study were related to resistance, we
measured the expression of each biomarker in three CRC cell lines: SW480, SW620
and DLD1 (Figure R28A).
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Figure R28. Expression of biomarkers in three CRC cell lines (SW480, SW620 and
DLD1). (A) Flow cytometry was carried out for all the biomarkers in the three cell
lines. The percentage and standard error are shown. N=3 (B) The expression of
TACSTDZ2 was measured by RT-qPCR. -ACTIN gene was used to normalize the
gene expression. N=3. Significant differences are indicated (ANOVA test, **** p <
0.0001).

DLD1 is characterized as being a more resistant cell line, so TROP2 seems to be a
candidate for measuring resistance as its expression by flow cytometry in DLD1
was higher when compared to SW480 and SW620 (0.05% in SW480, 0.14% in
SW620 and 98.94% in DLD1). Then, we evaluated its expression by RT-qPCR. The
TACSTDZ expression profile was similar to that observed in the flow cytometry
assay, with no expression in the SW480 and SW620 cell lines and significantly

different expression in DLD1, confirming the previous results (Figure R28B).

In order to evaluate the resistance of each of the cell lines to oxaliplatin, we exposed
cells for two weeks to oxaliplatin and evaluated the behavior of each cell line.
Figure R29A shows micrographs of each cell line and condition, where a decrease
in the number of cells was observed comparing oxaliplatin-treated cell lines to
control untreated cell lines. The number of cells was represented in Figure R29B
for all the conditions. A significant decrease of the number of cells was found when

comparing oxaliplatin treated cells to control non-treated cells in all the cell lines.
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Figure R29. Representative images and cell count of non-treated and previously
oxaliplatin treated cells in SW480, SW620 and DLD1 cell lines. Cells were treated
for two weeks at a concentration of 0.5 pg/ml oxaliplatin. A concentration of 5 pg/ml
was also used in the DLD1 cell line because of its known resistance to drugs (A)
Micrographs of each cell line and condition (B) Number of cells comparing treated
versus non-treated cells in SW480, SW620 and DLD1. Three measures were carried
out. Significant differences are indicated (ANOVA test, ** p<0.01, **** p< 0.0001).

The number of cells for each passage was also represented (Figure R30). An
exponential curve was obtained in controls, as expected for cell growth. The growth
curve was flattened when cells were treated with 0.5 pg/ml oxaliplatin in the case
of SW480 and SW620. Negative growth was even observed in SW620, confirming
cell death. A specific behavior was seen in DLLD1 cell line as a consequence of being
a more resistant cell line, as this concentration of oxaliplatin (0.5 pg/ml) reduced
the number of live cells, thus the growth rate, but was not enough to flatten the
DLD1 cell line growth curve. For that purpose, a higher dose of oxaliplatin was
employed (5 pg/ml oxaliplatin), obtaining similar results to those obtained in the

other cell lines with the 0.5 pg/ml dose.
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Figure R30. Growth pattern of non-treated and previously oxaliplatin treated cells
in SW480, SW620 and DLD1 cell lines. Cells were treated for two weeks at a
concentration of 0.5 pg/ml oxaliplatin. A concentration of 5 ug/ml was also used in
the DLD1 cell line because of its known resistance to drugs. The accumulative
number of cells for each passage and condition was plotted. Note a different scale in
the left and right axis. The left axis corresponds to SW480 control, SW620 control,
DLD1 control and DLD1 0.5 pg/ml oxaliplatin conditions The right axis corresponds
to SW480 0.5 ug/ml oxaliplatin, SW620 0.5 pg/ml oxaliplatin and DLD1 5 pg/ml

oxaliplatin conditions Three measures were carried out.

We carried out viability assays to evaluate if the cell lines were more resistant once
treated with oxaliplatin. There were significant differences between non-treated
and previously oxaliplatin treated cells in all cell lines. The cell viability
percentages were significantly higher in previously oxaliplatin treated cells when
compared to control non-treated cells on all the studied cell lines (Figure R31A),
which means that they are more resistant to oxaliplatin. In order to discard the
possibility of presenting general resistance, another chemotherapy drug was also
evaluated. The results in Figure 31B show that non-treated and previously
oxaliplatin treated cells presented no significant differences in relation to the
response to irinotecan. All these results lead us to conclude that previously
oxaliplatin treated cells are resistant to the same drug to which they were exposed

(oxaliplatin) but not to others (irinotecan).
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Figure R31. Evaluation of resistance to chemotherapy of SW480, SW620 and DLLD1
cell lines after treatment with 0.5 or 5 pg/ml of oxaliplatin for two weeks. (A)
resistance to oxaliplatin was evaluated in a range of 0 to 50 pg/ml (B) resistance to
irinotecan was evaluated in a range of 0 to 20 ug/ml. Differences were evaluated by
Wilcoxon test. The probability is indicated by * p<0.05 and ** p<0.01. N=3

We have already shown that TROP2 was the biomarker with higher expression in
DLD1, with this line being the most resistant to oxaliplatin. Moreover, we have
demonstrated that cells previously exposed to oxaliplatin were more resistant than
non-exposed cells. Now we want to test whether the expression of TACSTDZ2 has
increased its expression or not in previously exposed cells to evaluate the role of
TROP2 in the resistance to oxaliplatin. Figure R32 shows the normalized
expression of TACSTDZ2 versus B-ACTIN (reference gene). The SW480 and SW620
cell lines did not present TACSTDZ2 expression in non-treated nor treated cells.
However, significant differences were found between previously oxaliplatin treated

DLD1 cells (at both doses: 0.5 and 5 ug/ml oxaliplatin) and non-treated cells.
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Figure R32. TACSTDZ expression of SW480, SW620 and DLD1 previously
oxaliplatin treated and non-treated cells with 0.5 or 5 pg/ml of oxaliplatin for two
weeks. 8-ACTIN was used as a housekeeping gene and data were normalized to it.
One-Way ANOVA and Tukey’s multiple comparison test was carried out to evaluate
differences between cell lines for each biomarker (**** p< 0.0001). N= 3.

We have shown a significantly higher expression of TROP2 (or TACSTD2) in the
DLD1 cell line when compared to the SW480 and SW620 cell lines, being a more
resistant to chemotherapy cell line. Moreover, we have demonstrated that
previously oxaliplatin exposed cell lines are more resistant to oxaliplatin and, in
the case of DLDI1, present higher expression of TACSTDZ2 All these results
together show a correlation between the expression of this protein and a drug-
resistant phenotype, a promising result for predicting the response to oxaliplatin
in patients. However, further experiments to confirm the role of TROP2 in

resistance were carried out.

4.2.3.2. Correlation between gene/protein expression of TROP2 and resistance to

chemotherapy

In the preliminary study, we discovered that the expression of TROP2 (TACSTDZ2
gene) correlated with the resistance of the cell lines to oxaliplatin. We measured
TACSTDZ expression by RT-qPCR and protein expression by flow cytometry in
three cell lines. In this section we broadened the scope of the study to include two
additional cell lines, HCT116 and HT29. HCT116 is a chemotherapy sensitive cell
line and HT29 is a chemotherapy resistant cell line. Moreover, we analyzed the
resistance to chemotherapy by the new growth-rate based method implemented in
this study.
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Figure R33 shows that the expression of TROP2 correlated with the resistance of
cell lines measured by the new growth rate parameter proposed in section 4.2.2 of
this thesis, ICimea). This parameter was selected for analysis because HT29, a
highly resistant cell line, does not reach 1.5, or ro, highlighting the importance of
discovering this new parameter. A higher value for 22ACT or percentage of protein,
indicates a greater expression of the gene and protein, respectively. Similarly, a
higher ICrmea value implies higher resistance. So, the most resistant cell line was
the HT29 cell line, which was also the one that expressed the highest levels of
TROP2 at both the protein and gene levels. Then, DLD1 followed by SW480 were
the ones that presented an intermediate TROP2 expression which also correlated
with the ICimed, being the next more resistant cell lines. Finally, HCT116 followed
by SW620 were the ones that least expressed TROP2 and presented the lowest

value for ICymed, though being more sensitive to oxaliplatin.
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Figure R33. Correlation between TROP2 expression and resistance to oxaliplatin.
The expression was measured both at the gene level (by RT-qPCR) and protein level
(by flow cytometry). Resistance to oxaliplatin was measured with the previously
described parameter ICrmea. Means and standard deviation are represented in bar
plots. ANOVA and Tukey’s multiple comparison test was carried out to evaluate
differences between cell lines for each condition (p<0.05). N=3 for gene expression,
N=5 for protein expression and ICimea was calculated with 1,000 iterations from three

independent MTT experiments.

This broadened study confirms the preliminary findings, reinforcing TROP2 as a
potential biomarker of chemotherapy resistance, as both the gene and protein
expression correlate with the cell line’s resistance. Although promising results
were obtained, further studies need to be performed to confirm that. That is why
we checked whether chronic treatment to oxaliplatin changed the expression of

TROP2 and whether silencing the gene changed resistance patterns.
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4.2.3.3. Chronic treatment to oxaliplatin and TROP2 expression

To check whether this correlation could assign TROP2 as a good biomarker for
resistance, we performed a chronic assay. Cells were treated with oxaliplatin at a
concentration of 10 pg/ml for 2 months. A higher concentration of oxaliplatin and
an extended assay duration were used in this experiment compared to those
employed in the preliminary assay. SW620 and HCT116 cell lines died as they are
the more sensitive cell lines, confirming the results obtained in Figure R29. A
viability assay was carried out in the rest of the cell lines to check whether the
treated cells have developed resistance or not. Figure R34 shows the ICimed values
for SW480, DLD1 and HTZ29 cell lines. The treated cell lines were compared to a
control (without treatment). Significant differences were found in SW480, DLD1
and HT29 cell lines, meaning that all of them developed resistance after the

chronic treatment with oxaliplatin for 2 months.
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Figure R34. Evaluation of resistance to oxaliplatin of SW480, DLD1 and HT29 cell
lines after treatment with 10 pg/ml of oxaliplatin for two months. A range of 0 to 50
ug/ml of oxaliplatin was used. Untreated cells were used as control. Differences were
evaluated by the Student T test. The probability is indicated by **** p<0.0001.
N=1000.

Furthermore, the expression of TROP2 was measured both in the gene and protein
levels. The expression of TACSTDZ2 was measured by RT-qPCR and the 24 ACT
method was employed to analyze the data. Since this method compares the sample
to a control and normalizes with a housekeeping gene, the treated cell lines were
related to non-treated cell lines and normalized using 6-ACTIN. That means that
any expression which results in 1 (red line) means no changes in expression. Any
expression above 1 means an increase in expression and any expression below it

means a decrease in expression.
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Figure R35A shows that the SW480 and DLD1 treated cells overexpressed
TACSTDZ2. A higher increase was detected in the SW480 cell line (92% increase)
when compared to DLD1 cell line (16% increase). This could be explained by the
lower basal expression levels of SW480, which allows for a greater potential to
increase expression (Figure R35B). We inverted the Y-axis to facilitate
visualization, as higher Cr values correspond to lower expression levels. Although
HT29 showed a decrease in expression of TACSTDZ, the Cr analysis shows a
higher basal expression of TACSTDZ when compared to the rest of conditions,
which means that it is a cell line that highly expresses TACTSDZ2. Further analysis

1s found in the Discussion section — 5.2.3.
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Figure R35. Gene expression of TACSTD2 in SW480, DLD1 and HT29 previously
treated cells with 10 pg/ml of oxaliplatin for two months. RNA was extracted from
cell lines and retrotranscribed prior to performing a qPCR. 8-ACTIN was used as a
housekeeping gene and each treated cell line was related to its control (untreated
cell line). (A) Results were analyzed by the 2-2CT method. Any expression above 1
(red line) means an increase in expression in treated cells when compared to the
control untreated cells. Any expression below 1 means a decrease in expression in
treated cells when compared to the control untreated cells. (B) Cr values were also

plotted (a higher value means less expression). N= 3.

We subsequently measured differences in protein expression, both total protein by
confocal microscopy and membrane protein by flow cytometry. We found that
TROP2 was overexpressed in terms of total protein but differences were not found
at membrane level (Figure R36). In fact, HT29 showed a decrease in membrane

protein expression that will be discussed in the next section.
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Figure R36. Protein expression of TROP2 in SW480, DLD1 and HT29 previously
treated cells with 10 pg/ml of oxaliplatin for two months. (A) The protein was
measured both membrane protein by flow cytometry (left) and total protein by
confocal microscopy (right). (B) Representative confocal images for each condition.
The scale bar represents 50 um. Differences were evaluated by the Student T test.
The probability is indicated by ** p<0.01 and **** p<0.0001. N=3.
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4.2.3.4. TACSTDZ silencing and resistance evaluation

Finally, we also carried out some silencing experiments. We transfected siRNA
(RNA molecule that interferes with gene expression) for 7ZACSTD2 and siRNA
negative (control that does not bind any sequence). We confirmed silencing
measuring protein levels by flow cytometry. As shown in Figure R37, the
expression was depleted at 24 hours post-transfection and maintained until 72

hours post-transfection.
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Figure R37. Protein expression of TROP2 in TACSTD?Z2 silenced cell lines. Protein
expression was quantified by flow cytometry after 24, 48 and 72 h post-silencing.
ANOVA and Dunnett’s multiple comparison test (comparing all conditions to control
condition) was carried out and all of them were significant (p<0.0001). Significance

1s not shown in the graphic. N=3

Then, we conducted viability assays to check whether the TACSTDZ silenced cells
were more sensitive to oxaliplatin (Figure R38). If TACSTDZ is involved in
resistance, silencing the gene would render the cells more sensitive. In SW620 and
HCT116 cell lines we did not appreciate differences, as expected because of their
low/null expression of TROP2. Both the control and the silenced cells showed no
significant differences. However, the results obtained for the rest of the cell lines
were controversial, as the silenced cell lines were more resistant than the control

ones.
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Figure R38. Evaluation of resistance to oxaliplatin of SW480, SW620, HCT116,
DLD1 and HT29 cell lines after silencing of TACSTD2 (related to the control of each
condition). A range of 0 to 50 pg/ml of oxaliplatin was used. Non-silenced cells were
used as control. The viability was related to the concentration 0 of oxaliplatin for
each condition. Differences were evaluated by Wilcoxon test. The probability is
indicated by * p<0.05. N=3.
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We explored this result in greater detail due to its controversial nature and found
that the growth rate in control cells (without chemotherapy treatment) decreased
in silenced cells when compared to non-silenced control cells (Table R5). It is
important to note that the decrease correlated with TROP2 expression as the cell
lines with higher initial expression of TROP2, were the ones with a higher decrease
of the growth rate after silencing. This means that TROP2 is implied in

proliferation and viability assays are limited to study resistance in these cases.

Table R5. Effective growth rate in silenced and non-silenced control cell lines.
SW480, SW620, DLD1, HCT116 and HT29 cell lines were employed to calculate the
effective growth rate by bootstrap method.

Cell line Condition Effective growth rate (days™®)
SW480 Control 0.38+0.04
Silenced 0.30 + 0.06
SW620 Control 0.51 +0.08
Silenced 0.53 + 0.06
DLD1 Control 0.45+ 0.06
Silenced 0.32 £ 0.06
HCT116 Control 0.67 £ 0.06
Silenced 0.58 £ 0.07
HT29 Control 0.52 +0.03
Silenced 0.31+0.07

To check whether this was the cause of the increase in viability in Figure R35, we
related both the non-silenced control cells and the silenced cells to the non-silenced
control cells without oxaliplatin. As shown in Figure R39, the effect was nullified,
with no significant differences detected. A lower viability percentage was observed
under control conditions in silenced cells compared to non-silenced control cells
(e.g., 80% in DLD1). However, no significant differences were found at other
oxaliplatin concentrations, suggesting that the observed effect was due to inhibited

proliferation at 0 pg/ml of oxaliplatin.
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Figure R39. Evaluation of resistance to oxaliplatin of SW480, SW620, HCT116,
DLD1 and HT29 cell lines after silencing TACSTD2 (all conditions related to the

control). A range of 0 to 50 pg/ml of oxaliplatin was used. Non-silenced cells were

used as control. The viability was related to the concentration 0 of oxaliplatin for the

control of each cell line, both the treated and non-treated cell lines. Differences were
evaluated by Wilcoxon test. The probability is indicated by * p<0.05, ** p<0.01 and
**% p<0.001. N=3 except N=2 in HT29 cell line.

In conclusion, this PhD thesis presents the development of a mathematical model

for prediction of relapses in CRC patients. Additionally, we focused on evaluating

resistance to chemotherapy. First, we generated patient-derived tumors by

injecting enriched PBMCs into NSG mice. We also developed a growth rate-based

method to evaluate chemotherapy efficacy. Finally, we identified TROP2 as a

potential biomarker for resistance detection.
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5. Discussion

The purpose of this PhD thesis is to assess the early detection of relapses in CRC
patients and the study of efficacy and resistance to chemotherapy, both being
important issues in management of CRC. In this study we have focused on CRC
due to its high rate of incidence, mortality and recurrence. While the primary
tumor 1s effectively managed in most cases, approximately 20 to 40% of patients
experience recurrence within the first two to three years post-treatment [235,236].
A significant number of patients experience multiple recurrences, with the mean
time to recurrence estimated at 2 years [237,238]. On the one hand, this provided
us with the opportunity to collect positive samples for relapses during the thesis
project, making it viable. On the other hand, all these factors together highlight
the importance of rigorous postoperative surveillance and effective strategies for
early detection of recurrence, enabling timely treatment and improving patient

prognosis.

5.1. Early detection of relapses

Nowadays, relapses are detected in clinical follow-up through diagnostic imaging
by CT or PET and laboratory tests such as the measurement of the expression of
biomarkers CEA and CA19.9 in blood. Patients undergo regular follow-up visits
every 3-6 months for the first 2-3 years and every year after that. Imaging
techniques are useful to detect tumors from 5-10 mm diameter but may miss

smaller lesions.

Regarding laboratory tests, CEA and CA19.9 are biomarkers commonly used in
clinics. CEA is an oncofetal glycoprotein expressed at high levels during fetal
development and significantly reduced in adulthood. However, its levels can rise
in pathological conditions such as CRC. Although it is not specific to CRC, elevated
preoperative levels correlate with poor prognosis and advanced tumor stage [239].
It has also demonstrated to be useful for detection of recurrences [240]. Moreover,
the diagnostic accuracy of CEA for detecting recurrence depends on initial CEA
level [241]. However, CEA may also increase by other factors such as cigarette

smoking, alcoholism or chronic inflammatory disease [242,243].
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In relation to CA19.9, it is a tumor marker primarily associated with
gastrointestinal cancers including CRC. Several studies have demonstrated its
prognostic value in CRC [244,245]. Nevertheless, patients diagnosed with liver
cirrhosis, endometriosis or bronchiectasis also show increased levels of CA19.9
[246].

The sensitivity of these two biomarkers is estimated to be 87% and 96%,
respectively; however, their specificity is significantly lower, 36% and 23% [57].
This low specificity leads to a high rate of false negatives, meaning that while
elevated biomarker levels can reliably predict poor prognosis, many patients with
low biomarker levels may still develop cancer or experience relapse, remaining

undetected.

To address these challenges, innovative technologies such as liquid biopsies and
Al are emerging in early detection and monitoring of cancer. Liquid biopsies
provide a non-invasive method to detect circulating tumor DNA, RNA, and other
biomarkers, enabling real-time and dynamic insights into disease progression
[247]. Al-powered algorithms further enhance diagnostic accuracy by analyzing
vast and complex datasets to uncover patterns that might be missed by traditional
diagnostic approaches [248]. By integrating complex data, these algorithms can
provide more precise and personalized insights. Together, these technologies hold
the potential to early detect relapses, minimize false negatives, and significantly

iImprove patient outcomes.

5.1.1. Development of a new diagnostic method for early prediction of

recurrence

In this PhD thesis, we developed OncoRec, a novel method for early relapse
prediction. It consists of the measurement of 13 biomarker’s expression in blood
from patients previously diagnosed with CRC and the generation of a

mathematical model by ML, a subfield of AI, which predicts relapses.

CSCs are responsible for relapses as they escape from the tumor and initiate new
tumor formation, either at the original site or in distant locations. This occurs
when CSCs intravasate into the bloodstream and migrate to distant organs, where
they establish a new tumor. The detection of CSCs in blood from CRC patients is
a promising strategy for early detection of recurrence but is challenging due to
their phenotypic similarity to normal stem cells and the lack of a single marker
[249,250]. Consequently, identifying CSCs often requires a combination of multiple
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biomarkers to accurately distinguish them from other cell populations. Multiple
studies have already demonstrated that the combination of several biomarkers
enhances specificity and accuracy, providing more reliable identification of CSCs
[112,172,251,252].

In order to detect CSCs in the blood from previously diagnosed CRC patients, we
searched for biomarkers in the literature. In contrast to CEA and CA19.9
biomarkers, which are the ones currently used in clinics, we selected biomarkers
that were more specific to CRC and CSCs as described in the literature. So, they
are implied in resistance, proliferation, migration, self-renewal and angiogenesis.
We selected a total of 13 biomarkers from the literature and measured their
expression in CRC cell lines. All the biomarkers were expressed in at least one of
the cell lines, except for CD34. One possible explanation for the low expression of
this biomarker is that CD34 is a marker for hematopoietic progenitor cells,
typically expressed in suspension cells rather than in the adherent cell lines we
used [253]. Regarding the comparison of CD44 and its variant 6, CD44v6, a higher
expression of CD44 was observed in all the cell lines, which is consistent with the
fact that CD44 is a more general biomarker with expression in non-tumoral cells.
On the contrary, a more specific role in metastasis and invasion has been described
for CD44V6 [254]. It is worth noting that in most cases, the expression was
different among cell lines. This can be explained as they present different genetic

backgrounds leading to the same variability as is seen in patients [255,256].

Once the expression of biomarkers was studied in CRC cell lines, we moved on to
human samples. We measured the expression of them both in patients and control
(healthy people) samples. The expression in controls was null or low for all the
biomarkers except for CD44 that was highly expressed, as happened in cell lines
because of its expression in other non-tumoral cell types. It was first described in
1980 as a surface molecule on T-lymphocytes, cortical thymocytes and granulocytes
[257]. Regarding the rest of the biomarkers, the results showed that the expression
was increased in some patients maintaining low its expression in control samples.
This was the first encouraging result, as the biomarker levels demonstrated
potential not only for distinguishing patient samples from controls but also for
differentiating between patient samples themselves. Most patient samples
presented expression rates similar to the control, but some of them expressed
higher levels of expression of the biomarkers. This finding highlights the
importance of investigating whether these differences correlate with

clinicopathological characteristics as they may serve as indicators for relapse.
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Before addressing this by the generation of the mathematical model for relapse
prediction, we evaluated whether there were differences between patients who
relapsed and those who did not, considering several variables. Regarding sex, BMI,
smoking conditions and family background, they were not correlated with a higher

risk to relapse in our population of study.

BMI is of especial interest in CRC as an elevated BMI has been related to poorer
prognosis and higher mortality [258]. This may be explained by the increased
difficulty of surgical treatment. Open surgery is often the preferred technique, as
laparoscopy can be challenging due to mesenteric thickening [259]. Additionally,
longer operative times and greater blood loss are common, contributing to more

frequent side effects in these patients [260].

Moreover, a higher likelihood of recurrence has also been demonstrated in CRC
patients with a high BMI [261]. However, our population of study did not show
significant differences in relapse rates based on BMI, which may be attributed to
the fact that a single BMI value was recorded from the medical records. Weight
data can change throughout the course of the disease, as patients often experience
weight loss due to chemotherapy or disease progression. The absence of significant
differences in our analysis is likely due to BMI not being consistently measured at
the same timepoint for all patients. To more accurately analyze the correlation, it
would be essential to record weight both at the time of diagnosis and during the

progression of the disease, rather than relying on a single value.

We also evaluated whether our population, consisting of CRC patients, presented
a higher BMI when compared to the general population. For that purpose, we
categorized the patients in obese, overweight, normal weight and underweight and
compared the percentage of people in each category to the one for the general
population (Table D1). We did not find differences when studying all the categories
together (Chi Square test 4.7, p-value 0.2) as overweight and underweight
proportions were conserved. However, the percentage of obese people increased,
while the percentage of people with normal weight decreased when comparing our
population of study to the general population (Chi Square test 4.7, p-value 0.03).
Thus, obesity is more prevalent among CRC patients in our population of study
compared to the general population, as expected, given that high BMI has been
associated with an increased risk of developing CRC [262]. Although the precise
mechanism is not fully understood, some factors such as the presence of reactive

oxygen radicals, increased in obesity, contribute to cancer development [263].
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Table D1. Comparison of BMI variable in the population of study and the normal
population. Data obtained from the 2020 European Healthy Survey in Spain.

Population of General
BMI category .
study (%) population (%)
Obesity (BMI>30 kg/m?) 26.5 18.7
Overweight (25<BMI<30 kg/m?) 37.0 37.1
Normal weight (18.5<BMI<25 kg/m?) 32.8 40.5
Underweight (BMI<18.5 kg/m?) 3.7 3.7

In relation to the smoking condition, although a slight tendency to higher relapse
rates was shown in active smokers, followed by exposed (patients who smoked in
the past and are no longer smoking) and never smokers, we did not find significant
differences between groups. It is probably because the active group only includes
16 patients. This can be explained as patients with cancer diagnoses are more
likely to quit smoking, as it has been demonstrated that smoke cessation can
improve survival rates [264]. Therefore, a larger sample size may be required to
get reliable and robust conclusions. Furthermore, we have identified an
opportunity to enhance the analysis by distinguishing patients who quit smoking
more than 10 years before diagnosis from those with shorter cessation periods.
Patients who have been smoke-free for over a decade could be classified as never
smokers, while those who quit less than 10 years ago might be grouped as active
smokers or categorized into intermediate groups. This distinction is supported by
evidence showing that the benefits of smoking cessation in reducing the risk of
cancer become markedly evident after 10 years [265]. However, these data are not
registered in the clinical record as such, so we will need to ask each individual

patient in future appointments.

Although BMI, sex and smoking conditions did not show a correlation with relapse
in our study, correlations were found between relapse and tumor-related factors
such as stage, localization and differentiation grade. Advanced primary CRC (stage
IV) is significantly associated with higher rates of both locoregional and distant

recurrence, which is consistent with the results obtained in our population of study
[266].
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Moreover, relapses are more common in patients with rectal cancer than in those
with colon cancer [267], a trend also observed in our study population. It is worth
noting that the transverse colon showed a higher probability of relapse as well.
However, the sample size for this group was very small (only 7 patients). A larger

cohort will be required to confirm this.

In addition, poorly differentiated tumors also presented a higher probability of
relapse [268], which is in accordance with the results obtained for our population
of study. Nevertheless, moderately differentiated tumors exhibited a lower
relapsing rate compared to well differentiated tumors. This finding can be
attributed to the fact that 74.3% of the moderately differentiated tumors in our
study were from patients classified as NOMO stage, which may influence the

observed relapse proportion.

Furthermore, we also analyzed the influence of the clinicopathological
characteristics on the expression of biomarkers. For that purpose, we took
advantage of ML capacities. Among the key advantages, ML presents the capacity
to process large-scale and multidimensional data, enabling the identification of
patterns and correlations between multiple biomarkers that are otherwise
imperceptible to human analysis. Furthermore, ML offers a faster and more
efficient approach, substantially reducing errors and enhancing reliability of CSC
detection [269]. As biomarkers’ expression varies between samples, we focused on
clinicopathological characteristics that may also differ, such as treatment and

relapse.

In relation to treatment, we evaluated whether the type of treatment (Sx alone, Sx
+ other treatment or other treatment without Sx) influenced the percentage of
expression of biomarkers. We also evaluated if the biomarkers’ expression varies
if the patient has received any treatment from the previous sample or not. In both
cases, correlation was not observed. However, we found that treatment in the
moment of sample extraction could influence the biomarkers’ expression as
previously described in the literature for other biomarkers [270,271]. This is why
we included the variable status (treatment, follow-up, discharge) in the prediction
model for relapses as an input together with biomarker’s expression and compare
if it improves the model when compared to the biomarker’s expression alone as an

input.
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ML technology represents a significant milestone in the development of advanced
algorithms for detecting CSCs, thus, to predict relapses. We used several ML
models for prediction, such as SVM, kNN, Logistic Regression, Random Forest and
Decision Tree, obtaining better results when the statusvariable (treatment, follow-
up, discharge) was used in combination with the biomarker’s expression.
Regarding the different models, Logistic Regression exhibited the highest
sensitivity and specificity collectively. The rest of the models presented a slightly
higher sensitivity but significantly lower specificity, which means the negatives
are highly predicted, but positives were only truly predicted in 60-70% of the cases.
During the project, we were focused on improving both parameters altogether. In
fact, if we had to choose, the true positive rate is the most important one for us as
it predicts the patients that will relapse. This is the reason why we selected the
Logistic Regression model, obtaining a sensitivity of 82.5% and a specificity of
82.6%.

These findings demonstrate that the model can effectively predict relapses, which
is a significant advancement since relapses greatly impact the lives of patients
with CRC. Early prediction of relapse could influence doctors' decisions regarding
patient treatment, enabling timely intervention to address the tumor before it
becomes detectable through imaging tests, where its size is typically more
substantial. This early detection may also reduce the dosage and/or number of
chemotherapy cycles required, thereby minimizing the side effects experienced by
patients [272]. Furthermore, this approach could lower healthcare costs associated
with chemotherapeutic agents, as patients with a low predicted likelihood of

relapse would avoid unnecessary preventive treatments.

In summary, although each biomarker exerts a different influence on the model,
we advocate for the combined use of multiple biomarkers, as no single marker is
sufficient on its own. The predictive model demonstrates strong potential in
identifying complex patterns associated with relapse, offering a valuable tool for
anticipating patient outcomes. Its ability to provide early insights could
significantly enhance clinical decision-making, enabling more personalized and
timely interventions. This promising approach sets the stage for a comparison with

other predictive methods in the following section.
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5.1.2. Comparison with an FDA-approved method and prior research

results

Table D2 shows a comparison of sensitivity and specificity of our new proposed
method (OncoRec) compared to the method approved by the FDA (CellSearch®) and
the prior research results including 4 biomarkers and a ROC curve analysis of the
data (CMT). Note that the last methods analyzed 44 samples and the one proposed

here analyzed a total of 389 new samples.

The results show that CellSearch® method presents the highest specificity but fails
in the sensitivity, which means that it will truly detect the patients that will not
relapse but fails to detect the patients that will relapse. This method uses the
expression of only one biomarker, EPCAM, together with a classification of
CD45—/cytokeratint/DAPI+ cells, describing an epithelial phenotype and not a
tumor-specific phenotype. The mesenchymal tumor cells remain undetected by
EPCAM-based enrichment methods [273].

CellSearch® is only validated by the FDA for metastatic patients, and we tested
here whether it could be used for early detection in an heterogeneous population,
including different stages. That is why this method only detected the negative
samples for relapse, as the absence of expression determined correctly a good
prognosis. However, it failed in the positive samples, probably because the use of
a biomarker is not enough for detecting CSCs in early stages, and this method is

only useful for advanced stages.

For that reason, a previous thesis carried out in the laboratory [213] tried to solve
this problem and proposed a new method (CMT). This method included four
biomarkers, and a ROC analysis was carried out to distinguish patients that will
relapse and those that will not. Contrary to the results from the previous method,
this one improved the sensitivity, that is, that it could truly detect the positive
samples (relapse) in 96.8% of cases. However, it did not have the capacity to detect
the false samples. This is probably due to the low number of negative samples used

in this preliminary study (only 13 negative samples).

Then, we aimed to improve the method by incorporating the measurement of
expression of 13 biomarkers and a more complex analysis of the data with ML. We
found a sensitivity of 82.6% and a specificity of 82.4%, which improves both

parameters simultaneously.
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Moreover, we achieved an NPV of 96.1%, indicating that nearly all predicted
negative samples were truly negative. This is particularly important, as the
method can support clinical decision-making by helping identify patients who are
unlikely to relapse and may not require unnecessary treatment, thereby

minimizing secondary adverse effects and reducing healthcare costs.

Table D2. Comparison of sensitivity and specificity of different methods. CellSearch®
1s the FDA approved method, CMT corresponds to the preliminary study carried out
in a previous PhD project and OncoRec is the method developed in this PhD project.

Method Sensitivity (%) Specificity (%) NPV (%)
CellSearch® 48.4 92.3 42.9
CMT 96.8 46.2 85.7
OncoRec 82.6 82.4 96.1

We also cropped our data into two databases, one for training and the other for
prediction, to perform internal validation of the model. The results showed that
72.7% of patients who will relapse were correctly identified and 82.5% of patients
who will not relapse were also correctly identified. These are promising results

although a slight decrease was observed due to the reduced number of samples.

So, we have developed a new method, OncoRec, which predicts relapses with a high
sensitivity and specificity.

5.1.3. Other methods for early prediction of relapses

Several studies have been conducted in recent years to develop new methods for
the early prediction of relapses. Table D3 presents a comparative analysis of
studies focused on this objective in CRC. Most of these studies rely on detecting
cell-free circulating tumor DNA (ctDNA), while one study explores the use of ML

algorithms to analyze clinical characteristics of patients.

The European Society of Medical Oncology (ESMO) provided recommendations on
the use of ctDNA assays for cancer patients in a special article published in 2022
[274]. The article pointed out that while multiple studies report excellent
specificity values (>90%), sensitivity values are often low (<50%). In contrast, the
studies included in Table D3 demonstrated high values for sensitivity and

specificity, highlighting its potential as a predictive tool for relapses.

133



Marta Sanchez Diez

Regarding the use of ML algorithms for relapse prediction, the study showed in
Table D3 achieved a specificity of 70%. This result may be due to the use of clinical

characteristics, which may limit the model’s predictive power.

Table D3. Comparative analysis of methods for early prediction of relapses in CRC.

Population Number of Technique Sensitivity Specificity Reference

of study patients (%) (%)
Stage II
178 ctDNA 90.2 78.6 [275]
CRC

Stages I-1I1

94 ctDNA 88.7 82.4 [276]
CRC
Stages II-I11
102 ctDNA 82.6 94.1 [277]
CRC
Stages [-IV
309 ctDNA 64.6-75 94.8-94.9 [278]
CRC
Colon 396 ML 70 - [279]

Moreover, the studies based on detecting ctDNA emphasize the importance of
serial sampling (using multiple consecutive samples), as relying on a single sample
did not yield satisfactory results. Note that Table D3 shows the best results for
each study. As an example, Tarazona et al [276] obtained a 47.1% sensitivity in
the first individual sample and 88.7% when considering serial sampling. Single-
sample approaches often result in a longer interval between sampling and relapse
detection. In contrast, multiple sampling at different time points increases the
likelihood of capturing samples closer to the relapse, allowing for earlier and more
accurate detection. This suggests that ctDNA-based methods are more effective for

predicting relapses within shorter timeframes (Figure D1).
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Figure D1. Schematic representation of serial-sample versus single-sample

approaches. In the serial-sample approach, multiple samples from the same

patient, collected at different time points, are analyzed together, yielding

more robust results. In contrast, the single-sample approach, which relies on

a single sample per patient, is more likely to detect cases closer to relapse

while potentially missing those with a longer time to recurrence.

When comparing with the new proposed method in this thesis (OncoRec), we

improved the values obtained in the ML method because we used a combination of

biomarkers to detect relapses rather than clinical characteristics. Moreover, we

obtained similar values to the ones for ctDNA detection but solved the limitations

of the method, as we were able to detect relapses from 1 day to 17 months. Although

the follow-up of the patient is recommended, the model could predict an isolated

sample.

In summary, CTCs and ctDNA have shown to provide complementary information

about prognosis and treatment benefit, since they contribute differentially as they

refer to distinct cellular events.
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5.1.4. Next steps towards clinical translation

The next steps for the project involve an external validation of the model, which
requires testing with independent data. We are currently gathering additional
samples from the centers collaborating on the project and will proceed with this
step once enough samples are available. We also plan to refine the model by
incorporating additional CRC samples and expanding its scope to include other
cancer types, enhancing its cost-efficiency. Furthermore, the entire process will be

automated to improve scalability and reproducibility.

Additionally, we will publish the data to gain validation within the scientific
community and present our findings at conferences to increase visibility. We aim

to develop a user-friendly tool, making the model more accessible.

Finally, we will design a prospective clinical trial to evaluate the model’s accuracy
in predicting relapses and validate its efficacy. Once validated, we intend to certify
the model with regulatory agencies and work toward implementing it as a

diagnostic tool in the hospitals.

5.2. Resistance to chemotherapy

The main treatment for patients with CRC is surgery followed by adjuvant and/or
neoadjuvant chemotherapy depending on the stage at diagnosis. Although surgery
is especially effective in this type of cancer because of the anatomical accessibility
of the colon, chemotherapy is often needed. Chemotherapy triggers secondary
effects such as nausea, diarrhea, neutropenia or hand-foot syndrome, causing
toxicity. Moreover, cancer cells adapt to survive and proliferate despite
chemotherapy, reducing treatment efficacy and causing resistance. CRC patients
undergo multiple recurrences, so the correct use of chemotherapy to manage
resistance to treatment is especially important as several lines of treatment may
be necessary along the life of the patient. This reveals the necessity of personalized
medicine and evaluation of the best treatment for each patient. The study of

resistance is, therefore, essential for increasing the patients’ quality of life.

5.2.1. Culture of patient-derived tumors

In this PhD thesis we have developed tumors derived from patients to study the
efficacy of different treatments for each patient and contribute to this issue.
Patient-derived xenografts (PDX) are preclinical models in which tumor cells

obtained from a patient are injected into immunodeficient mice.
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When CTCs are injected, the models are known as CDX (CTC-derived xenograft).
The establishment of PDX from tumors is a technique that started in 1970s but is
still used nowadays [280]. However, the establishment of CDX is challenging due
to the lower success rate, which is influenced by the limited number of CTCs
available, the high associated costs and the extended time required for

engraftment and tumor development [281].

In this PhD project we tried to generate CDX from selected patients. We selected
stage IV patients or patients with a higher percentage of positive cells for the
biomarkers in order to increase the probability of success. Furthermore, we used
two different immunodeficient strains: nude and NSG mice. A higher success rate
has been demonstrated in NSG mice when injecting CSCs [282]. This is the reason
why we moved to this strain after the first attempts, achieving tumor growth in
two out of five patients. Moreover, alternative models have emerged in the last
years to solve the relatively low efficacy, high costs and large time. One alternative
model is the use of chicken embryos by injecting the cells over the CAM. The first
generation of CDX in this model was published in 2022 [283,284] and is currently
used [223,224]. We also tried to implement this strategy for our patients, although
we did not achieve tumor growth. This technique requires a high level of technical
expertise and meticulous optimization of various parameters, including incubation
time prior to injection and the number of cells to be injected. While we have
conducted numerous experiments and significantly improved the methodology,
further attempts are necessary to achieve consistent results. Additionally, we are
considering a future internship to gain comprehensive training and mastery of this

highly complex technique.

In order to increase the probability of success in the generation of patient-derived
tumors, we depleted immune cells (CD45+) to enrich PBMCs with CSCs. Confocal
images confirmed the depletion although some immune cells with lower expression
of CD45 were present in CD45 negative selected cells. CD45 is present in different
isoforms depending on the cell type [285,286]. Moreover, there are different CD45
expressions in granulocytes, lymphocytes and monocytes [287]. Hematopoietic
stem cells are also characterized by expressing less CD45 than mature stem cells
[288]. So, we probably have some low-CD45 expressed granulocytes and immune
precursors in the CD45 negative selected cells together with the CD45 negative
cells that would be the CSCs. We used these CD45-depleted cells to inject NSG

mice, successfully achieving tumor growth for two out of five patients.
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The tumors were dissected and seeded to establish stable cultures, which will be
valuable for studying resistance in patient-derived models. Finally, we tried to
directly culture the cells derived from the patient both in M12 medium (suspension
culture) and in Matrigel domes (PDO, patient-derived organoids). All these
strategies were implemented after a placement in the laboratory of Dr. Frédéric

Hollande in Melbourne, Australia.

They are used to generate PDO from biopsies and I had the opportunity to train in
this technique in his laboratory. Subsequently, we attempted to implement this
strategy in our laboratory using liquid biopsy. However, we have not yet succeeded
in generating PDOs. Further attempts will be made. Regarding suspension
culture, they successfully achieved it from liquid biopsy samples of their patients
and showed the procedure to me [289]. Although we have not yet been able to
replicate this in Spain, additional efforts are required as this technique is highly

challenging and has low efficacy.

Multiple strategies were implemented, successfully generating tumors in two
patients. The tumors have been dissected and are currently being cultured in
Matrigel and suspension cultures, awaiting further growth. We consider that the
procedure has been optimized, and further attempts will be conducted with other
patients. Our efforts are now focused on the enrichment of CTCs by using different
biomarkers and the optimization of the process in the in-ovo animal model.
Moreover, CTCs can be utilized for analyses that are challenging with ctDNA, such
as comprehensive molecular characterization, including whole genome sequencing,

epigenomic, proteomic, and metabolomic studies.

5.2.2. New growth rate-based indices to measure resistance

Since additional time is needed to establish the cultures for use in resistance
experiments, we considered using human CRC cell lines to study resistance. We
first developed a new method to measure efficacy of treatments. The most widely
used index to define the effects of a compound on cell viability is the ICso. An
important advantage of the index is its easy calculation, simply determined as the
concentration at which the ratio between the number of viable treated cells and
the number of viable control (untreated) cells is 50%. However, the ICso as a

measure of anti-cancer efficacy has been shown to have multiple weaknesses
[290,291].
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Among them we highlight the time-dependent nature of this index, where
variations of relatively few hours to the end-point of an assay will result in a
different ICs0 value [292—295]. This is a result of the comparison of two populations
(sample and control), which normally evolve over time with different growth rates
[296,297].

To this end we have endeavored to find biologically meaningful parameters of cell
proliferation to indicate the effects of chemotherapeutic compounds in a time-

independent manner.

Cells’ exponential growth can be represented as a differential equation where,
rather than defining the size of a population at a given time, it is indicated as the
rate at which the population increases in a particular amount of time (the growth
rate) [296]. When considering short time frames, i.e., when growing is not affected
by space, nutrients or any other constraints, this rate (the effective growth rate) is
constant, although considerations such as density dependence mean that this
value is altered across longer time frames [297]. The proposed mathematical
model, after confirming the condition of exponential growth, can determine the
effective growth rate of cells when exposed to a range of drug concentrations in a
time-independent manner. The dose-dependent reduction in growth rates in this
model allows for a more robust method of study of in vitro response to drugs, as
the use of bootstrapping methods means that values are the result of thousands of
iterations of the fit to the curve. This larger number of iterations helps to reduce
the error of the fitting parameters. This method not only enables the calculation of
specific indices to evaluate resistance but also provides a clear understanding of
the drug effect by directly monitoring how the population evolves under a given

concentration.

In order to remedy the limitations of the ICso index and establish a time-
independent standardized parameter for study of drug potency, we propose two
new indices: ICyo and ICymeqa, both derived from the effective growth rate. IC,o 1s
defined as the value that indicates the compound concentration at which there is
an effective growth rate of zero, or the dose at which the treated cell population is
neither growing nor dying. Drug concentrations above this threshold will thus
result in a reduction in the population size. For its part, the other parameter that
we propose, ICrmed, 1s the value that corresponds to the drug concentration that
reduces the control population’s growth rate by half, or the dose at which the

treated population grows at half the rate of the control untreated cells.
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In conclusion, the ICs0 index as conventionally calculated, has been used in a
variety of applications in the field of oncology, including characterization of novel
treatments, drug dosage calculations, and description of synergetic treatments,
among others [298,299]. However, the lack of reproducibility and significant drop-
off of viable treatments when moving to clinical trials emphasizes the need for new
parameters, with biologically relevant interpretation and reduced error [293,300].
Our mathematical model allows for more precise comparison between cell lines,
reduces the impact of negative culture conditions on the assay, and increases

reproducibility by decreasing the error.

In addition, the use of effective growth rate based estimates (such as IC, and
ICrmed), in contrast to end-point assay based parameters, reduces the values of drug
concentrations needed for an equivalent effect. Moreover, this approach yields
more reliable results as it verifies an exponential growth of control non-treated
cells, ensuring that the observed effect is attributable to the drug and not
influenced by external factors. If any i1ssues are detected, we are able to repeat the
appropriate measures or identify data that should be excluded. In contrast,
alternative methods rely solely on the input data without verifying whether the
observed effect is genuinely drug-related. This more conservative value could in
turn: i) reduce the amount of the compound needed for treatment and reduce costs,
and ii) reduce the risk of harmful effects on surrounding healthy cells, when testing

compounds in vivo.

Measuring the efficacy of treatments can help reduce the duration or doses of
ineffective therapies, allowing for quicker transitions to more suitable alternatives.
This approach not only optimizes patient outcomes but also minimizes exposure to
unnecessary side effects. This is especially critical in CRC patients, where timely

intervention can significantly influence prognosis and quality of life.

5.2.3. Novel biomarker candidates for resistance detection

In addition to evaluating treatment efficacy, there is a pressing need to identify
new biomarkers that can detect resistance early, enabling the development of
personalized therapeutic strategies. Early detection of resistance is crucial for
preventing the emergence of long-term resistance, optimizing treatment

strategies, and improving overall patient care in CRC.
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In this context, TROP2 has shown to be a candidate for predicting resistance in
CRC, as in the preliminary study we found an increase in the expression of TROP2
in oxaliplatin treated cells which present higher resistance than control non-

treated cells.

TROP2 is a transmembrane glycoprotein that transduces its signal by means of
calcium upon binding to PIP2 in its intracellular domain promoting cell
proliferation. It belongs to the same family as EPCAM, sharing 49% sequence
1identity and 67% similarity in amino acids, and performs similar functions.
Moreover, the intracellular domain is hydrolyzed by the action of TACE protein
inducing the up-regulation of the expression of cyclin D1 and c-myc, thereby

controlling self-renewal and proliferation.

TROP2 expression is associated with epithelial-mesenchymal transition and
invasiveness in CRC by means of FAK/Src/PAK4 phosphorylation. It is also
involved in multiple downstream signaling pathways, including MAPK (ERK1/2),
JAK2/STATS, PI3K/Akt and JNK [301]. Furthermore, TROP2 expression is
induced early in intestinal tumorigenesis after inactivation of the APC tumor
suppressor gene, and this TROP2 expression is associated with upregulation of
genes involved in epithelial-mesenchymal transition, cell migration, invasiveness,
and extracellular matrix remodeling. TROP2 promoter is activated by two key
transcriptional regulators: B-catenin (part of the Wnt signaling pathway) and YAP
(part of the Hippo signaling pathway), suggesting that aberrant activation of both
the Wnt and Hippo pathways can lead to increased TROP2 expression in CRC
[302].

Although TROP2 is quite frequently expressed in CRC and is associated with an
aggressive histopathological phenotype, intratumoral heterogeneity has been
observed [303]. Some authors have described TROP2 as a predictor of poor patient
survival and have related it to the chance of disease recurrence and liver
metastasis in colon cancer [17]. However, the relation between TROP2 expression
and drug resistance is little studied. Several reports have suggested that TROP2
expression regulates tumor cell resistance to therapeutic drugs, including
tamoxifen and trastuzumab, among others [304], which could be explained by its
effect regulating the Notch1 signaling pathway in some cells. Similarly, Guerra et
al, 2016 show how the expression of TROP2 generates cell survival by the
activation of AKT [305,306].
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Moreover, Sun et al, 2021 state that TROP2 allows for remodeling of the tumor
microenvironment, leading to resistance to different drugs [307]. Finally, antibody-
drug conjugate therapies have been developed such as Sacituzumab govitecan, an
anti-TROP2 antibody conjugated to SN38 [308].

In this PhD thesis we have broadened the implication of TROPZ2 in resistance. For
that purpose, we first demonstrated that TROP2 expression correlates with
resistance measured by the new proposed parameter ICymeq in all the five CRC cell

lines both at gene and protein levels.

We also performed chronic treatment with oxaliplatin in all the five CRC cell lines
to obtain resistant cell lines. SW620 and HCT116 died as they are more sensitive
cell lines and did not survive to chronic treatment. However, we obtained resistant
cell lines for SW480, DLD1 and HT29 after treatment with oxaliplatin for 2
months. We measured TROP2 expressions both at gene and protein levels and the
results show that SW480 and DLD1 increased its expression at the gene and total

protein levels, but this increase was not found in membrane.

Our hypothesis for SW480 and DLD1 cell lines is that an increase of the gene
expression leads to the presence of the protein in the cytoplasm leading to the
activation of resistance-related signaling pathways (Figure D2).
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Figure D2. Hypothesis of the implication of TROP2 in resistance in SW480
and DLD1 cell lines. TROP2 is overexpressed in chronically treated cell lines
compared to control untreated cells. This overexpression results in protein
accumulation in the cytoplasm, leading to the activation of resistance-related

genes.
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In contrast, the expression of TROP2 in HT29 was increased in terms of total
protein levels but decreased both in gene and membrane protein levels. As the
expression was shown to be modified inside the cell but not in the membrane, it
suggests that the resistance response occurs within the cytoplasm and may be due
to a regulation of the expression as this cell line highly expresses TROP2 compared
to SW480 and DLD1.

Although experiments are needed to confirm that, we hypothesize that the protein
present in the membrane is hydrolyzed by TACE in HT29, leading to a
downregulation of TACSTDZ2 and an activation of resistance-related signaling

pathways in the cytoplasm (Figure D3).

This hypothesis is consistent with the fact that a low expression of TROP2 in
the membrane of patient samples, rather than a high expression, contributes to

an increased likelihood of relapse.
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Figure D3. Hypothesis of the implication of TROP2 in resistance in HT29 cell
line. HT29 is a cell line that highly expresses TROP2 on the membrane under
control conditions. However, during chronic treatment with oxaliplatin,
TROP2 is cleaved from the membrane, leading to its accumulation in the

cytoplasm and the subsequent activation of resistance-related genes.

Several potential interactions between TROP2 and common signaling pathways
involved in chemotherapy resistance in CRC have been described, including the
AKT, Notch, and IGF2R-AKT pathways. TROPZ2 appears to interact with these

pathways to promote cell survival, proliferation, and drug resistance [309,310].
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The possible molecular mechanisms are:

1. Activation of protein kinase C, leading to the release of calcium from the

endoplasmic reticulum and the subsequent activation of pro-survival signaling
pathways like MAPK, NF-kB, and Raf.

2. Upregulation of the multidrug resistance protein MRP1 (not only ABCG2)
through the activation of the Notch signaling pathway.

3. Binding of TROP2 to IGF2R, which activates the IGF2-IGF1R-AKT signaling
pathway and increases cell survival and resistance to certain chemotherapeutic

agents.

Furthermore, we checked whether differences in the genetic background of the cell
lines could influence the response to chemotherapy and we found that SW480 and
DLD1 present mutations in KRAS and P53 while HT29 only present mutations in
P53 [311]. Further experiments regarding these signaling pathways will be carried

out to study the molecular mechanism of resistance underlying TROP2.

Although additional molecular experiments are needed to confirm the relation
between TROP2 and drug resistance, our work together with those mentioned
above is an important contribution to the description of the new role for TROP2

protein in drug resistance.

In conclusion, this PhD thesis represents a meaningful advancement in the
development of diagnostic tools for predicting relapses in CRC patients. By
introducing an innovative predictive method based on ML, we have made progress
in identifying key factors that could anticipate relapses. While the findings
presented here are promising, especially in improving early intervention and
treatment customization, it is important to highlight that significant work
remains. Extensive and robust studies will be required to confirm its clinical
relevance across a higher number of patients. To achieve this, we are preparing
the documentation required by the National Agency for Medicines and Medical
Devices (AEMPS) to apply for a clinical trial, categorized as a low-intervention
clinical trial [312].

Additionally, we have also developed a mathematical model to evaluate the efficacy
of chemotherapy. This method provides a more robust and time-independent
method when compared to the standard ICso method, as it is based on the growth

rate measurement.
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It 1s used for evaluating resistance and, in this PhD thesis, contributed to
identifying TROP2 as a potential biomarker for detecting chemotherapy
resistance, thereby paving the way for more personalized and effective therapeutic

strategies.

Future experiments will focus on identifying new resistance biomarkers and
validating the relapse prediction model, aiming to develop a predictive report on
relapse risk and treatment efficacy. These advancements, once fully validated,
have the potential to transform CRC management by reducing healthcare costs
and enhancing patient outcomes. By enabling earlier and more targeted
interventions, this approach could significantly improve the quality of life for CRC

patients and reduce the impact of ineffective treatments.
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6. Conclusions

1.

The expression of the biomarkers BCRP1, CD133, AC133, CD34, CD44,
CD44Ve6, EPCAM TROP2, CD166, LGR5, DCLK1, CD36 and RAGE varies

among cell lines due to their heterogeneous origin.

The cells extracted from the blood of previously diagnosed CRC patients
exhibit higher expression levels of the studied biomarkers compared to

control (healthy) samples, except for CD44.

In our population of study, factors such as sex, BMI, family background, and
smoking status do not appear to influence relapse. In contrast, relapse is
associated with the stage, tumor localization and differentiation grade at
time of diagnosis. Patients with advanced disease, distal location and poorly

differentiated tumors are the most probable to relapse.

The expression of the studied biomarkers is influenced if the sample was
collected during ongoing treatment. However, it is not affected by the type
of treatment received or by whether treatment was administered between

sample collections.

The mathematical model for predicting relapses in CRC patients achieved a
sensitivity of 73 % and a specificity of 73 % when using the expression of 13
biomarkers as input. Incorporating the variable status (treatment, follow-
up, or discharge) into the model enhanced its results, increasing sensitivity
to 83 % and specificity to 82 %.

Logistic Regression was identified as the most effective ML model for

predicting relapses.

CD44Ve6, CD36, EPCAM and LGR5 were the biomarkers that most

influenced the model for predicting relapses in CRC patients.

The optimization of CDX requires enrichment of CTCs and the use of more
efficient mouse strains such as NSG mice. We successfully achieved tumor

growth for two out of five patients.

A novel procedure has been developed to evaluate the efficacy of
chemotherapy based on growth rate measurement, providing a more robust

and time-independent method when compared to the standard ICso method.
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10.The new proposed indices (ICymeda and I1Cyo) better evaluate the efficacy of
treatments when compared to the conventional ICs0 method, being time and
method independent.

11.TROP2 is a novel candidate biomarker for resistance detection as its
expression correlates with resistance both at gene and protein levels.
Moreover, chronic treatment with oxaliplatin increased gene expression
levels in SW480 and DLD1, and total protein levels increased in these cell
lines as well as in HT29.
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-El estudio se plantea siguiendo los requisitos legalmente establecidos, y su realizaciéon es
pertinente.

-Se cumplen los reguisitos necesarics de idoneidad del protocolo en relacién con los
objetives del estudio y estan justificados los riesgos y molestias previsibles para el sujeto.

-El alcance de las compensaciones econémicas previstas no interfiere con el respeto a los
postulades éticos.

-La capacidad del investigador y sus colaboradores, y las instalaciones y medios
disponibles, tal y como ha sido informado, son apropiados para llicvar a cabe ¢l eatudio.

Este CEim acluando como comité evaluador, emite dictamen FAVORABLE y acepta que dicho
estudio sea realizado en los centros siguientes por los investigadores principales que se relacionan
a continuacion:

Dra. Vanesa Pachén Olmos [ Hospital Universitario Ramon y Cajal

Y HACE CONSTAR QUE:

1° En la reunion celebrada el dia 28 de enero de 2019 ACTA n° 358 se decidio emitir el informe
correspondiente al estudio de referencia.

2° En dicha reunién se cumplieron los requisitos establecidos en la legislacién vigente y se
cumplieron las normas de funcionamiento interno det Comité para que la decisién del citado CEIm

sea valida.
3 El CEIm, tanfo en su composicién, como en los PNT cumple con las normas de BPC (CPMP/
ICH/ 135/95)
4° La composicidn actual del CEIm es la siguiente:
PRESIDENTE Sonsoles Sancho Garcia. Oncologia Radioterapica
VICEPRESIDENTE M?® Angeles Galvez Farmacologia Clinica
SECRETARIO tziar de Pablo Lopez de | Farmacclogia Clinica
TECNICO Abechuco L
VOCALES M* Jesis Blanchard Rodriguez | Hematologia
Irene Cabrera Troye Miembro Lego, ajeno a |la
investigacion blomeédicalasistencia
clinica
Yolanda de Blas Fernandez DUE Servicio de Urgencias
Guillermo Garcia Ribas Neurologia
Ctru. Colmenar, km. 9,100 - 28034 MADRID ( Plama -2 Deha) E-mail: cefe.hre@salud madrid.org 1

70 91 336 8322
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HOSPITAL

UNIVERSITARIO
DE TOLEDO

sescam

Sorvieh de Sabt e Caria4 Moty

CONFORMIDAD JEFE DE SERVICIO

Dr/Dra: Dra. D2 CARMEN ESTEBAN ESTEBAN
Servicio: ONCOLOGIA MEDICA
Nombre del Centro: HOSPITAL UNIVERSITARIO DE TOLEDO

Declaro:

Que en relacion al estudio: Deteccion de posibles células iniciadoras de tumores {(CITs) en

sangre periférica de pacientes con cdancer colorrectal (CCR)

Y cuyo investigador principal es:

SE HACE CONSTAR:

e Que cuenta con los recursos humanos necesarios para llevar a cabo el Estudio, sin
que ello interfiera en la realizacion de otro tipo de estudios ni en otras tareas gue
tiene habitualmente encomendadas.

e En prueba de conformidad, firmo el presente documento para su constancia y

archivo,
JEFE DE SERVICIO Firma Fecha
Dr/Dra:  CARMENESTEBAN SSTESAN 142202
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3 2erencia
tencion
1 (7)) ftencion sescam
INFORME DEL

El Comité de Etica de [nvestigacién con medicamentos de la Gerencia de Atencion
Integrada de Ciudad Real, en su reunion del dia 24/05/2022 (Acta n® 05/2022),

Acordd 1a:

o APROBACION DEFINITIVA
Nota.-Durante la evaluacion y decision final estuvo ausente D. José Ramén Mufioz
Redriguez. )

Del estudio descrito a continuacion:

Titulo: “Deteccion de posibles células iniciadoras de tumores (TICS) en sangre

periférica de pacientes con cancer colorrectal (CRC)”.

Cddigo interno: C-532

Protocolo: sin version/fecha

HIP/CI: sin version/fecha

Investigadores principales:
= Leticia Serrano Oviedo. Serviclo: Unidad de Investigacidn Trasiacional. GAICR.
= José Carlos Villa Guzméan. Servicio: Oncologia Médica. GAICR

En Cludad Real; a _q‘de Mayo de 2022

S

) : .o Fdo.: Pilarvicente Sanchez
= Presidente CEIm
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Gerencia Asistencial
Comunidad de Atencion Primaria

de Madrid CONSEJERIA DE SANIDAD
COMISION LOCAL DE INVESTIGACION CENTRO

DICTAMEN DE LA COMISION LOCAL DE INVESTIGACION
CENTRO

TITULO: ““Modelo de machine-learning (aprendizaje automatico)

encaminado a la deteccion precoz de recaida en cancer colorrectal.
ONCOREC"”,

CODIGO de proyecto: 12/23-C

INVESTIGADORAS: Carmen Ramirez Catillejo. Profesor Titular.
Departamento de Biotecnologia y Biologia Vegetal / Escuela Técnica
Superior de Ingenieria Agrondmica, Alimentaria y de Biosistemas.
Universidad Politécnica de Madrid. Ivan de los Mozos Hernando Médico
de familia CS Daroca

Centro de salud Daroca

La Comision Local de Investigacion Centro, INFORMA FAVORABLEMENTE
sobre la realizacion de dicho estudio en los centros de salud pertenecientes

a la Direccion Asistencial Centro de la Gerencia de Atencion Primaria de la
Comunidad de Madrid.

En Madrid, a 28 de junio de 2023

| \% pss”)’/

o
e 11 '“9--)’

Fdo.: Dr. Angel Alberquilla Menéndez-Asenjo
Presidente de la Comision Local de Investigacion Centro
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5| ! UNIVERSIDAD

e POLITECNICA
POLITECNICA

DE MADRID

INFORME QUE EMITE EL COMITE DE ETICA
DE LA UNIVERSIDAD POLITECNICA DE MADRID

A peticion de la Vicerrectora de Investigacion, Innovacion y Doctorado de la Universidad
Politécnica de Madrid,

D2 Asuncion Gomez Pérez, de un dictamen sobre los aspectos éticos del

Proyecto “Desarrollo de un kit de deteccidn de células iniciadoras de tumores para prediccion de
recaidas”, cuyo investigador principal es Dfia. Carmen Ramirez Castillejo, del Departamento de
Bioteonologia BV Grupo de Tecnologias para Ciencias de la Salud, en el Centro de Tecnologia
Biomedica. El Comité emite el siguiente informe:

A la vista que:

- Los investigadores acreditan capacidad y medios suficientes para realizar el estudio,
y en concreto en relacion con el nivel de seguridad de las instalaciones y los
procedimientos utilizados.

- Se cumplen los requisitos necesarios de idoneidad del protocolo en relacion con los
objetivos del estudio vy estén justificados los riesgos y molestias previsibles para el
sujeto.

- El estudic es una colaboracion entre la Universidad Politécnica de Madrid y el
Hospital Universitario Ramon y Cajal para la identificacion de moléculas marcadoras
que permitan identificar la presencia de células iniciadoras de tumores

El solicitante declara conocer los principios éticos y las normas legales que rigen las
actividades de investigacion y se compromete @ respetar estos principios ¥ normas en
el desarrollo del estudio propuesto.

En particular declara conocer y atenerse a lo dispuesto en
- la Declaracion de Helsinki de la Asociacion Médica Mundial (642 Asamblea General,
Fortaleza, Brasil, octubre 2013)
- el Convenio de Owviedo relativo a los Derechos Humanos v la Biomedicina (Consejo de
Europa, 1997)
- la Ley 41/2002 basica reguladora de la autonomia del paciente y de derechos y
obligaciones en materia de informacidn y documentacion clinica.
- la Circular 7/2004 de la AEMPS sobre investigaciones clinicas con productos sanitarios
- la Ley 14/2007 de Investigacion bioméedica
- el RD 15912009 que regula los productos sanitarios

UMIVERSIDAD POLITECNICA DE MADRID Vicerrectorado de Investigacion, Innovacion y Doctersdo
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- el RD 1616/2009 que se regula los productos sanitarios implantables activos

-Ley 33/2011, de 4 de octubre, General de Salud Plblica

- el RD 1716/2011 de biobancos y muestras biologicas

- el RD 9/2014 sobre la donacién, la obtencion, la evaluacion, el procesamiento, la
preservacion, el almacenamiento y la distribucion de células y tejidos humanos

- el RD 1090/2015 de ensayos clinicos con medicamentos

Asi mismo, el solicitante declara conocer |2 legislacion relativa a 1a proteccidn de datos, en
particular el Reglamento (UE) 2016/679 del Parlamento Europeo y del Consejo, de 27 de
abril de 2016, relative a la proteccion de las personas fisicas en lo que respecta al
tratamiento de datos personales v a la libre circulacion de estos datos y por el que se deroga
la Directiva 95/46/CE (Reglamenta general de proteccion de datos, y s compromets a
respetar la confidencialidad de los datos personales de este estudio, asi como a hacer
explicito este compromiso ante |as personas gue participan en el proyecto.

lgualmente, se compromete a no modificar los protocelos de investigacion y a solicitar una
nueva autorizacion en caso de modificacion.

Por lo tanto, no hay inconveniente en informar favorablemente la propuesta, recomendando
el efectivo cumplimiento de los compromisos declarados.

¥ para que asi conste, firmo el presente informe en Madrid a 25 de septiembre de dos mil

veinte.
La Presidenta del Comité El Secretario del Comité
GOMEZ PEREZ  FinTado digitsimanto 4,.' B
ASUINCION DE  heusooon ot wiakn. 4
MARIA - DRI D OBET1 9254 ,f 4

0BE21020A mseo o _Q';.__— —

Asuncion Gomez Pérez Juan Carlos Dushias Lapez
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A.2. Publications

Article published 6 May 2022

. biomedicines MDPI

=

Article

Implication of Different Tumor Biomarkers in Drug Resistance
and Invasiveness in Primary and Metastatic Colorectal Cancer
Cell Lines

Marta Sanchez-Diez ¥2#, Nicolas Alegria-Aravena -/, Marta Lopez-Montes 1 Josefa Quiroz-Troncoso =,
Raquel Gonzalez-Martos L20) Adrian Menéndez—Reyl, Jose Luis Sanchez-Sanchez 3 Juan Manuel Pastor 2
and Carmen Ramirez-Castillejo 124

1 1,2

1 CTB (CTB-UPM) Centro de Tecnologia Biomeédica, Universidad Politécnica de Madrid,

28223 Pozuelo de Alarcin, Spain; nicolas.alegria.aravena@gmail. com (N.A -AL);

marta lopez montes@alumnos upm.es (M.L.-M.); josefa. quiiroz@gmail com (J.Q-T.);

raquel gonzalez@ctb.upm.es (R.G.-M.); menendez. rey.adrian@gmail.com (A M.-R.)

Grupo de Sistemas Complejos, Universidad Politéenica de Madrid, 28040 Madrid, Spain;
juanmanuel pastor@upm.es

Unidad de Oncologia, Hospital de Almansa, 02640 Albacete, Spain; jlsanchez_sanchez@hotmail.com
4 ETSIAAB, Departamento Biotecnologia-Biologia Vegetal, Universidad Politéenica de Madrid, IdISSC,
28040 Madrid, Spain

Correspondence: marta.sanchez@ctb.upm.es (M.5.-D.); mariadelcarmen. ramirez @upm.es (C.R-C.)

&

Article published 27 August 2022

Intemnational Journal of

Molecular Sciences ﬁ‘l\lﬂ\l’y

Article

Effectiveness of Gold Nanorods of Different Sizes in
Photothermal Therapy to Eliminate Melanoma and
Glioblastoma Cells

Javier Domingo-Diez 1 Lilia Souiade ', Vanesa Manzaneda-Gonzilez 2, Marta Sinchez-Diez 13,
Diego Megias 409, Andrés Guerrero-Martinez 27, Carmen Ramirez-Castillejo 1,3,5,6
Javier Serrano-Olmedo 7% and Milagros Ramos-Gomez 1.7.8.9.%

' Center for Biomedical Technology (CTB), Universidad Politécnica de Madrid (UPM), 28040 Madrid, Spain;
javier.domingotictb.upm.es (J.[-D.); marta.sanchez@ctb. upm.es (M.5-D.);
carmen.ramirerécth. upm.es (CR.AC)
< Departamento de Quimica Fisica, Universidad Complutense de Madrid, Avenida Complutense s/n,
28040 Madrid, Spain; aguerreroé@quim. ucm.es (A.G.-M.)
*  Grupo de Sistemas Complejos, Universidad Politécnica de Madrid, 28040 Madrid, Spain
*  Advanced Optical Microscopy Unit, UCCTs, Institute de Salud Carlos 11 (ISCILL), 25222 Madrid, Spain
Departamento Biotecnologia-B.V. ETSIAAB, Universidad Politécnica de Madrid, 28040 Madrid, Spain
" Departamento de Oncologia, Instituto de Investigacion Sanitaria San Carlos (IdISSC), 28040 Madrid, Spain
Centro de Investigacion Biomédica en Red para Bioingenieria, Biomateriales y Nanomedicina,
Instituto de Salud Carlos I, 28029 Madrid, Spain
Departamento de Tecnologia Fotdnica y Bioingenieria, ETSI Telecomunicaciones, Universidad Politécnica de
Madrid, 28040 Madrid, Spain
Experimental Neurology Unit, Center for Biomedical Technology, Universidad Politécnica de Madrid,
Campus de Montegancedo s/n, Fozuelo de Alarcon, 28223 Madrid, Spain
check for Correspondence: milagros ramosictb. upm.es

nndatac
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Article published 15 November 2023

. cancers MbPY

Article
Self-Renewal Inhibition in Breast Cancer Stem Cells:
Moonlight Role of PEDF in Breast Cancer

Carmen Gil-Gas ¥, Marta Sanchez-Diez %!, Paloma Honrubia-Gémez !, Jose Luis Sanchez-Sanchez 34,
Carmen B. Alvarez-Simon 4, Sebastia Sabater ?, Francisco Sanchez-Sanchez 5*
and Carmen Ramirez-Castillejo 264

1 Centro Regional de Investigaciones Biomédicas, Universidad de Castilla-La Mancha, 02006 Albacete, Spain;
me.gilgas@edu.gva.es (C.G.-G.); palomahonrubia@uclm.es (FH.-G.)

HST Group, Department Biotechnology-BV, Centro de Tecnologia Biomeédica,

Universidad Politécnica de Madrid, 28040 Madrid, Spain; marta sanchez@ctb.upm.es

Oncology Unit, Hospital General de Almansa, 02640 Albacete, Spain; jluisss@sescam joomoes

*  Complejo Hospitalario Universitario de Albacete, 02006 Albacete, Spain

Laboratory of Medical Genetic, Faculty of Medicine, Instituto de Investigaciones en Discapacidades
Neurolagicas (IDINE), University of Castilla La-Mancha, 02006 Albacete, Spain

5 Oncology Group, Instituto de Investigacion Sanitaria San Carlos, 28040 Madrid, Spain

*  Correspondence: francisco ssanchez@uclm.es (F5.-5.); mariadelcarmen ramirez@upme.es (C.R.-C)

*  These authors contributed equally to this work.

Review published 18 July 2024

?frontiers | Frontiers in Immunology ép 18 July 2024

‘ ¢ Review
10.3389/fimmu.2024.1333150

® check or potes CAR-T lymphocyte-based cell

opew Access therapies; mechanistic

Sea Naria substantiation, applications and
goien. biosafety enhancement with

Uty i G suicide genes: new opportunities

Mohamed Essameldin Abdelgawad, &

Wake Forest University, United States to melt Slde effects

Carmen Ramirez-Castillejo
carmen.ramirez@ctb.upmes Paula Ercilla-Rodn’guez: Marta Sanchez-Diez* ;‘,

Raguel Gonzalez-Martos £ . 34 2 = 12
il Dozl it e Nicolas Alegria-Aravena™", Josefa Quiroz-Troncoso ™,

' 1125 : 1.2%
A i i Clara E. Gavira-O'Neill=*, Raquel Gonzdlez-Martos

214 Jine 2024 and Carmen Ramirez-Castillejo***
£0 18 July 2024

Ercilla-Rodriguez P, Sanchez-Diez M,
Alegria-Aravena N, Quiroz-Troncose J,
Gawira-O'Neill CE, Gonzalez-Martos R and
Ramirez-Castillejo C (2024) CAR-T
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Article published 13 February 2025

E pharmaceutics m\w

Article

Assessment of Cell Viability in Drug Therapy: IC50 and Other New
Time-Independent Indices for Evaluating Chemotherapy Efficacy

Marta Sanchez-Diez 12+, Paula Romero-Jiménez 10, Nicolis Alegria-Aravena 34 (Clara E. Gavira-O'Neill .25

1 1 1,2,5

Elena Vicente-Garcia *'=, Josefa Quiroz-Troncoso

1,2,6,7,%

» Raquel Gonzilez-Martos

Carmen Ramirez-Castillejo and Juan Manuel Pastor 2%

1 CTB (CTB-UPM]) Centro de Tecnologia Biomédica, Universidad Politécnica de Madrid, 28223 Pozuelo de Alarcon,
Spain; paula. romero jimenez@alumnos. upm.es (FR.-L); clara. gavira@ctb.upm.es (CEG.-0.);
elenavicente. garcia@alumnos.upm.es (EV-G.); josefa.quiroz@ctb.upm.es (J.Q.-T);
raquel. gonzalez@ctb. upm.es (R.G.-M.)

= Grupo de Sistemas Complejos, Universidad Politécnica de Madrid, 28040 Madrid, Spain;

juanmanuel. pastor@upm.es

Instituto de Desarrollo Regional (IDR) and Instituto de Investigacién en Recursos Cinegéticos (IREC),

Universidad de Castilla-La Mancha (UCLM), 02071 Albacete, Spain; nicolas. alegria@uclm.es

Asociacion Espafiola Contra el Cancer (AECC)-Fundacién Cientifica AECC, 02004 Albacete, Spain

Nageru S.L., 28045 Madrid, Spain

Escuela Técnica Superior de Ingenierfa Agronémica, Alimentaria y de Biosistemas, Departamento

Biotecnologia-Biologia Vegetal, Universidad Politécnica de Madrid, 28040 Madrid, Spain

Departamento de Oncologia, Instiluto de Investigacién Sanitaria San Carlos (IdISSC), 28040 Madrid, Spain

Grupo Interdisciplinar de Sistemas Complejos (GISC), 28040 Madrid, Spain

Correspondence: marta sanchez@ctb. upm.es (M.5.-D.); mariadelcarmen.ramirez@upm.es (C.R-C.)
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