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Abstract

The ability to integrate immune responses from tumour infiltrating lymphocytes,

TILs, whole blood assays (WBA) from flow cytometry data with the secretome

through cytokine quantification using ELISA, makes it possible to optimise im-

mune cell therapies. A centralised repository allows clinicians and researchers to

unravel the complexities of immune responses triggered by various treatments in

different patient groups. It promotes understanding of how immune cell therapies

orchestrate their therapeutical effect.

The aggregation of immunoreaction profiles paves the way for the identifica-

tion of biomarkers that can anticipate the success of immune therapy interven-

tions. In an era of personalised medicine, where healthcare providers can tai-

lor immunotherapies according to the patient’s unique immunological landscape,

therefore an organised storage of this data is required. In addition, longitudinal

monitoring of immune responses provides information on the durability and evo-

lution of therapeutic efficacy, revealing potential resistance mechanisms that may

develop over time.

As a proof of concept, two main assays using peripheral blood and tumour-

infiltrating lymphocytes from patients with solid tumours, have been developed

and optimised. Firstly, by placing immune cells from these two sources with syn-

thetic peptides that are the same as the peptide sequences expressed in the solid

tumor or patient-specific tumors, we can reveal functionality through the produc-

tion of interferon gamma, IFNγ obtained through an ELISA assay and through the

staining of intracellular cytokine staining carried out using flow cytometry. Sec-

ondly, evaluate the immune phenotype of TILs pre and post expansion and cy-

tokinemodulation and PBMCs phenotype to observe any changes. Subsequently,

we performed statistical comparison tests to find any correlation between the phe-

notype of the immune cells and the detection of synthetic peptides via positive

interferon-gamma production to reveal the potential effector functionality of the

v



immune cells.

Essentially, the integration of TIL, WBA data with ELISA and flow cytometry

techniques in a decision support system not only speeds up the refinement of

immune cells that have potential, but also constitutes a promising advance in

the treatment of patients, because it leverages the advancement of personalised

medicine. The aim of this study is to help develop accurate and effective analy-

ses of ELISA and flow cytometry assays with the potential to reveal treatment op-

tions, which offers renewed hope for patients battling cancer and other immune-

mediated diseases. This study found a relationship between the Survivin mix

(1-33), Survivin (97-111) and Mesothelin MPF-11 and the selected T cells, which

suggests a degree of correlation. Thus, there is a potential functionality of the T

cells selected from these epithelial tumour patient samples in response to a list of

30 test peptides.

Keywords: Adoptive Cell Therapy, Tumor Infiltrating Lymphocytes, Python, Tu-

mor Associated Antigens,
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Resumo

A capacidade de integrar respostas imunológicas de linfócitos infiltradores de tu-

mores, TILs, ensaios de sangue total (WBA) provenientes de dados de citome-

tria de fluxo com o secretoma por quantificação de citocinas através da técnica

de ELISA permite otimizar as terapias com células imunitárias. Um repositório

centralizado torna possível aos investigadores e clínicos desvendar as comple-

xidades das respostas imunitárias desencadeadas por vários tratamentos em di-

versos grupos de doentes. Promove a compreensão da forma como as terapias

com células imunitárias orquestram os seus efeitos terapêuticos.

A agregação de perfis de imunorreação abre caminho à identificação de bio-

marcadores preditivos que podem antecipar o sucesso das intervenções de tera-

pia imunitária. Numa era de medicina personalizada, em que os prestadores de

cuidados de saúde podem adaptar as imunoterapias de acordo com a paisagem

imunológica única de cada doente, é necessário um armazenamento organizado

destes dados. Além disso, o acompanhamento longitudinal das respostas imuni-

tárias oferece informações sobre a durabilidade e evolução da eficácia terapêu-

tica, revelando potenciais mecanismos de resistência que se podem desenvolver

ao longo do tempo.

Como prova de conceito, foram desenvolvidos e optimizados dois ensaios

principais utilizando sangue periférico e linfócitos infiltrantes de tumores de doen-

tes com tumores sólidos. Em primeiro lugar, ao colocar células imunitárias destas

duas fontes em contacto com peptídeos sintéticos que são iguais às sequências

peptídicas expressas no tumor sólido ou em tumores específicos do paciente,

podemos revelar a funcionalidade através da produção de interferão gama, IFNγ

obtido através de um ensaio ELISA e através da coloração de citocinas intracelu-

lares efectuada por citometria de fluxo. Em segundo lugar, avaliámos o fenótipo

imunitário das TILs antes e depois da expansão por modulação de citocinas e
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o fenótipo das PBMCs, para observar quaisquer alterações. Posteriormente, re-

alizámos testes de comparação estatística para encontrar qualquer correlação

entre o fenótipo das células imunitárias e a deteccao dos peptídeos sintéticos

com produção positiva de interferão-gama, para revelar a potencial funcionali-

dade efectora das células imunitárias.

Essencialmente, a integração de dados de TIL e WBA com técnicas ELISA e

de citometria de fluxo num sistema de apoio à decisão não só acelera o refina-

mento das células imunitárias com potencial, como também constitui um avanço

promissor na identificação de células imunitárias com potencial, mas também

constitui um avanço promissor no tratamento dos doentes, porque alavanca o

avanço da medicina personalizada. Este estudo tem como objetivo ajudar a de-

senvolver um armazenamento de análises precisas e eficazes dos ensaios ELISA

e de citometria de fluxo com potencial de revelar opções de tratamento, que ofe-

rece uma esperança renovada para doentes que lutam contra o cancro e outras

doenças imuno-mediadas.

Este estudo encontrou uma relação entre a Survivin mix (1-33), a Survivin

(97-111) e a Mesotelina MPF-11 e as células T seleccionadas, o que sugere um

grau de correlação. Assim, existe uma potencial funcionalidade das células T

selecionadas destas amostras de pacientes com tumor epitelial em resposta a

uma lista de 30 péptidos sujeitos a ensaio.

Palavras-chave: Terapia Celular Adotiva, Linfócitos infiltradores de tumores,

Python, Antigénios Associados a Tumores
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1

Introductıon

1.1 Cancer and Immune Cell Therapy

Cancer is the second leading cause of death worldwide. The World Health Or-

ganization (WHO) reported that in 2018, approximately 18.1 million people were

diagnosed with cancer, resulting in 9.6 million deaths [2].

Unfortunately, the outlook for cancer is bleak, with 29-37 million new cases

predicted by 2040[3].

Despite the development of numerous anti-cancer therapies, tumor cells tend

to persist and can lead to local recurrence or metastasis due to their high adapt-

ability and ability to develop mechanisms to evade immune surveillance.

Therefore, Immune Cell therapy is an emerging field in medicine that holds

great promise in the treatment of cancer and autoimmune diseases.

This innovative approach involves using living cells to target and eliminate

cancer cells or regulate the immune system in autoimmune diseases, providing a

new avenue for therapeutic intervention.

Unlike traditional treatments such as surgery, chemotherapy, and radiation

therapy that directly target cancer cells or suppress the immune system, cell ther-

apy takes advantage of the body’s own immune system and natural defenses to

fight against the disease.

By harnessing the power of the immune system, cell therapy has the potential

to offer long-lasting and durable responses in patients with cancer and autoim-

mune diseases.

However, these therapies always need in vitro and in vivo validation before

they can be confirmed for preclinical testing.[4]

One of the most important validations is the immune cell phenotype and func-

tional assessment of these cells when in contact with tumor antigens or tumor

tissues.
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CHAPTER 1. INTRODUCTION

1.2 Main Problem

The European Medicines Agency (EMA) recommendations for the manufacture

and validation of cellular products used for adoptive cell therapy require valida-

tion in the preclinical phase by validating cell phenotype and functional proper-

ties in accordance with the relevant guidelines for advanced therapy medicinal

products.[5]

Current evidence, as outlined in sections below, suggests that a specific phe-

notype of a given T-cell may have a positive or negative prognostic effect and the

ability to control the tumor and thus become a durable cell therapy treatment.

However, these therapies are being developed based on acquired scientific

knowledge and T-cells, as demonstrated above, have maturation and differenti-

ation phases, so they are not static doses, but cells with a degree of complexity

and types of plasticity that are still unknown in a tumor environment.

However, the construction of a cytometry panel that well characterises the

differentiation and maturation phases of T cells, as well as homing markers, may

be essential for a longitudinal clinical study to assess the beneficial or adverse

effect and extract scientific evidence. In addition to cytometry panels, measuring

interpheron gamma (IFNγ) levels when a cell product is in contact with common

tumor peptides or neopeptides provides data on the type of functionality of the

product.

To date, and in a small laboratory context, there is no specifically designed pro-

grammed pipeline that can combine cytometry and Enzyme-Linked Immunosor-

bent Assay (ELISA) assays and draw conclusions.

A solution that could do this would have added value because it would reduce

the time needed to analyse assays and draw conclusions without relying on an

advanced statistical comparison programme. It would reduce the cost of software

subscriptions with annual licences and provide comparisons between immunocel-

lular phenotype and functionality.

1.3 Main Goals

Given the problem outlined above, the general aim of the study is to design a

laboratory assay to obtain characterisation of the immune cell phenotype and the

mode of expression of functionality. After the practical implementation, the work

will involve the development of Python scripts that can extract the data obtained in

the laboratory for subsequent statistical analysis, also using other Python scripts.
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In addition, the aim is to provide the laboratory with an easy-to-use tool that

can be used for subsequent tests involving comparisons with phenotyping tests

and functionality tests in the context of cellular immunotherapies. The discussion

of this work is based on the importance of the markers selected and the type of

functional response recorded, as well as observations at the level of T cells in the

peripheral circulation and tumor-infiltrating T cells.

The different objectives are as follows:

• (1) - Design a practical laboratory assay to obtain the immune cell phenotype

and the type of functional response in terms of IFNγ production.

• (2) - Design two scripts for data analysis and extraction:

– 2.1 - one to read ELISA plate Optical Density values and analyse via

four parameter logistics curve and report cytokine concentration

values in pg/mL;

– 2.2 - one to extract cytometry data previously analysed using

commercial software - FlowJoTM;

• (3) - Design and implement three scripts for data analysis with statistical

packages:

– 3.1 - one that compares the relative frequencies of the cell phenotype

obtained from the cytometry assay with the relative frequency of IFNγ

obtained from the ELISA assay;

– 3.2 - one which obtains the correlation between cytotoxic T cells,

regulatory T cells and gamma delta T cells from the cytometry assay

obtained with the relative frequency of IFNγ obtained in the ELISA

assay;

– 3.3 - one, which checks whether there is a significant difference

between the Th1 and Th2 populations of T cells from blood and T

cells from a tumor.

• (4) - Present the conclusions drawn, major limitations of the conducted study

and final considerations suggesting future developments.
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1.4 Research Question

Is there a correlation between the type of immune cell phenotype and the amount

of IFNγ produced by immune cells, specifically CD4, CD8 and gamma delta T-cells

when encountering tumor antigens?

This work explores this question by analyzing the immunogenicity of epitopes,

via IFNγ production, and immune cell phenotypes to explore potential use of im-

mune cells in the context of adoptive cell therapy.

4



1.5. DISSERTATION STRUCTURE

1.5 Dissertation Structure

This thesis is divided into five chapters to answer the following questions.

Chapter 1 - Introduction

This chapter briefly introduces the subject of the thesis. It also presents the

problem, main goals, the research question and thesis structure.

Chapter 2 - Literature Review and Theoretical Background

The aim of Chapter 2 is to explore the topic of the dissertation in greater depth

by providing a brief introduction to immunology, the types of adaptive cell thera-

pies and finally a focus on tumor antigens. The experimental methods used are

also presented, as well as the references in the literature on the positive and neg-

ative effects of the different types of immune cell phenotypes in the tumor context,

especially in the context of TIL with scientific evidence, culminating in the prob-

lems of the topic. Lastly, to reinforce the need for a pipeline tool to improve the

validation of immune cell therapies.

Chapter 3 - Materials and Methods

Chapter 3 presents the study design, identifying the variables collected and

the statistical approach used in the scripts developed. It also briefly explains It

also briefly explains the experimental study protocol created to obtain the data.

Chapter 4 - Results and discussion

Chapter 4 begins by characterising the samples obtained, taking into account

the type of functional response and the cellular phenotypes that show the most

clinical evidence. It then presents an analysis of the impact on modelling of TIL

immune cells versus PBMCs to assess whether there are differences between

peripheral immune cells and immune cells located close to the tumor. This was

followed by an evaluation of the correlation between variations in cell phenotype

means. The results will be discussed.

Chapter 5 - Conclusion and Future work

Chapter 5 aims to respond to the aims of the thesis presented in Chapter 2, to

suggest considerations for future research.
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2

Lıterature Revıew and

Theoretıcal Background

This literature review introduces the topic of cell therapy, the treatment of liquid

and solid tumors by T cells that mediate specific anti-tumor immune responses,

and the type of differentiation and maturation that is associated with the ability to

control the tumor and thus lead to a more positive prognosis.

Finally, the way in which tumor antigens are classified and the way in which

the functionality of T cells is monitored using functional assays will be reviewed

more explicitly, expression of interferon gamma IFNγ or other cytokines that can

reveal the type of modelling that T cells undergo. These approaches allow the

improvement of the type of immunotherapy to be used.

The concepts here presented will allow the comprehension of the type of sam-

ple collection and experimental analysis and to design the type of analysis for a

pipeline that will serve to functionally validate T cells in contact with antigens.

2.1 Immune System and Adaptive Immunity

The immune system is a complex defense mechanism that protects the body

against external factors such as toxins, pathogenic organisms (including bacteria,

fungi, parasites, viruses), and cancer cells.

It is composed of two major subgroups: the innate immune system and the

adaptive immune system. These two components have their own advantages and

disadvantages but complement and help each other.[6] The innate immune system

is the body’s first line of defense against pathogens. It includes physical barriers

(such as skin and mucous membranes), chemical barriers (such as antimicro-

bial peptides), and cellular components (such as neutrophils, macrophages, and

dendritic cells).[7]
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Figure 2.1: Different Immune Cells present in Human Body - classification

The adaptive immune system, on the other hand, is more specialized and

involves the activation of B-cells and T-cells to produce specific antibodies and

cellular responses against pathogens.[8]

In addition to these two major subgroups, there are also non-canonical im-

mune cell subsets known as innate-like immune cells. These cells display prop-

erties belonging to both the innate and adaptive immune systems, as it can bee

seen in figure 2.1. [9] The immune system must be able to discriminate between

beneficial and detrimental organisms, prevent excessive reactions against exter-

nal factors, differentiate between pathogenic organisms and host cells or tissues,

and initiate and terminate responses when a pathogen is detected and cleared.[10]

This intricate balance is maintained through the interplay between the innate

and adaptive immune systems, as well as the involvement of various immune cell

types, such as helper Th, CD4+ and cytotoxic, CD8+ T-cells, B-cells, neutrophils,

and innate lymphoid cells (ILCs).[11] Recent studies have shown that the immune

system plays a role in tissue homeostasis, regeneration, and repair, in addition to

protecting against pathogens.[12]

There is evidence of the enrollment of the immune system in patient prognosis.
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For example, an immune response may be associated with the prevention and

treatment of transfusion-related acute lung injury (TRALI) through immunomodu-

latory strategies to inhibit excessive immune system activation[13]. And in Multi-

ple Myeloma (MM) cells impede the establishment of a potent immune response

against MM.

The efficacy of immunotherapies in treating MM patients has been validated

through the discovery of the graft-versus-myeloma effect observed in allogeneic

bone marrow transplantation situations.[14]

The immune system has a dual role as protector and cause of disease. In the

case of bacterial infections, the immune system should be targeted therapeutically

to inhibit over-reactivity.[15]

Understanding the complex interactions between the innate and adaptive im-

mune systems, as well as the role of non-canonical immune cell subsets, is cru-

cial for developing novel therapeutic interventions for various immune-related dis-

eases and conditions.[16]

Research on the immune system’s response to environmental factors, such

as dietary components and microbes, can also provide insights into how these

factors shape the mucosal immune system and influence host susceptibility to

disease.[17]

2.2 Adaptive Immune System

The adaptive immune system consists of fewer immune cells than the innate im-

mune system. Nonetheless, it possesses unique characteristics that differentiate

it from the innate system, such as specificity and memory. The key components

of the adaptive immune response are T-lymphocytes which can be further cate-

gorized into helper Th, CD4+ T-cells and cytotoxic CD8+ T-cells, as well as B-cells

involved in the humoral immune response.[18]

Like all immune cells, T and B cells belong to the haematopoietic lineage. In

the case of T-Cells, haematopoietic stem cells are released from the bone marrow

and migrate to the thymus where, they differentiate into thymocytes.[19]

There, they express randomly rearranged antigen receptors, also known as T

cell receptors (TCRs)[20]. TCRs are heterodimers comprised by an alpha chain

and beta chain specific for a small number of potencial antigens. T and B cells,

along with other immune cells, are derived from the haematopoietic lineage. In the

context of T-cells, haematopoietic stem cells are released from the bone marrow

and travel to the thymus where they undergo differentiation into thymocytes.[19]
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During this process, these developing T-cells express antigen receptors called

T cell receptors which have undergone random rearrangements. The structure of

a TCR consists of two chains - an alpha chain and a beta chain - that each have

specificity for a limited number of potential antigens.[19]

Thymocytes require weak signaling triggered by moderate affinity interactions

between their TCRs and self peptide major histocompatibility complex complexes.

Those thymocytes that express TCRs unable to bind with self-peptide MHCs un-

dergo apoptosis, in a process referred to as positive selection. Conversely, thymo-

cytes expressing high-affinity receptors that react. Thymocytes undergo a critical

process called positive selection, where weak signaling is necessary as a result

of moderate affinity interactions between their TCR and self-peptide- MHC (major

histocompatibility complex) complexes.[19]

Thymocytes that possess TCRs are incapable of binding to self-peptideMHCs,

are therefore eliminated through apoptosis. On the other hand, thymocytes ex-

pressing receptors that exhibit high affinity for self- antigens go through negative

selection, which leads to their deletion. Negative selection serves as a protective

mechanism against autoimmune reactions targeting host tissues by promoting the

development of self-tolerance. Following this rigorous screening process, only the

surviving thymocytes have the opportunity to differentiate into naive T- cells.[19]

Following their maturation in the thymus, T-cells are subsequently released

into the circulatory system. The diverse array of unique T-cell receptor molecules

expressed by these circulating T- cells collectively make up what is known as

the T cell repertoire. These receptors on T-cells specifically recognize and bind

to specific antigens that are presented by antigen presenting cells (APC). This

binding interaction occurs within a specialized structure called the immunological

synapse, where close contact between the cell membranes of both the T-cell and

APC allows for optimal engagement of TCRs and other co-receptors with their

respective ligands.[21]

Upon successful formation of an immune synapse, activation is triggeredwithin

the bound T-cell population, leading them to differentiate into effector cells capa-

ble of exerting immune functions. Following activation, these activated T-cells un-

dergo clonal expansion wherein they proliferate to generate new daughter cells

carrying identical copies of their original distinctive set of antigen- specific T-cells.
[19, 21]

After successfully battling an infection, a significant portion of effector T-cells

undergo programmed cell death known as apoptosis. However, a subset of these
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effector cells transform into long-lasting memory T-cells. The remarkable char-

acteristic of these memory T-cells is their ability to orchestrate swift immune re-

sponses upon encountering the specific pathogen they recognize. As a result,

even years or decades after the initial exposure, re-infection by the same pathogen

can be efficiently cleared due to this acquired immunological memory. This rep-

resents a notable advantage offered by adaptive immunity compared to innate

immunity since it enables the production and maintenance of long-term protec-

tion in response to pathogens and tumor.[19, 21]

2.2.1 The importance of T-cell differentiation and maturation

The differentiation and maturation of T-cells play a crucial role in effectively fight-

ing tumors and pathogens. During the process of T-cell differentiation, precursor

cells in the thymus undergo a series of developmental stages and acquire specific

cell surface markers and functional properties that enable them to recognize and

respond to antigens.

Subsequently, mature T-cells migrate to peripheral tissues where they en-

counter antigens presented by antigen-presenting cells such as dendritic cells.

Upon activation, differentiated T cells undergo further maturation, which involves

the acquisition of effector functions and the ability to carry out specific immune

response.

The differentiation is ensured by four major subsets in Human T-cells, accord-

ing to two cell surface markers, the common lymphocyte antigen CD45RAand the

chemokine receptor CCR7.[22] CCR7molecule is a homing receptor for secondary

lymphoid organs, for T-cells homing via high endothelial venules (HEV).[23, 24] There-

fore, precursor and central memory T-cells (TCM) are CCR7+ and are character-

ized by repeated circulating into lymph nodes to encounter antigen presented

by APC. On the other hand, effector-memory and effector T-cells down-regulate

the CCR7 which allows them to migrate into peripheral nonlymphoid tissue. The

CD45RA marker is expressed by precursor T-cells and again in terminally differ-

entiated T-cells.[22, 25] Accounting for senescence marker the CD57 on the surface

of T-cells appears to be related to T-cell senescence and reduced proliferation. [26]

As for apoptosis marker within Human T-cells, CD95, also known asAPO-1 or Fas

is an apoptosis-inducing protein expressed on the surface of effector lymphocytes

as well as T-cells.[27]

Also important are the inhibitory molecules such as programmed cell death 1

11



CHAPTER 2. LITERATURE REVIEW AND THEORETICAL BACKGROUND

(PD-1), cytotoxic T lymphocyte-associated antigen 4 (CTLA-4), T-cell immunoglob-

ulin mucin domain 3 (TIM-3) and lymphocyte activation gene 3 (LAG-3) are ex-

pressed on the surface of T-cells, to control an excessive immune response and

avoid over tissue damage. Expression of these inhibitory receptors, collectively

known as immune checkpoints, is elevated in T-cells from patients with differ-

ent conditions to reduce a productive immune response. Blockade of immune

checkpoints using monoclonal antibodies (mAbs), engineered to specifically tar-

get inhibit their immune-supressive activity has formed the basis of modern-day

clinical immunotherapy, largely with success of anti-PD-1, and anti-CTLA-4 and

anti-PD-L1 (PD-1 ligand) mAb.

A summary of the functional and proliferative capacity of T-cells is provided in

figure 2.2, where it is plain to see that as long as T-cells undergo a differentia-

tion process they tend to lose stemness state and memory which also affects the

proliferation capacity.

Figure 2.2: T-cell differentiation and maturation [25, 28]
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2.3 Cancer and the Immune System

It took more than a hundred years of discussion to firmly establish that the im-

mune system is capable of monitoring, detecting, responding to, and sometimes

eliminate cancer.

This understanding evolved from William Coley’s controversial experiments in

the early days, rare accounts of spontaneous tumor regressions,[29] observations

of increased cancer rates in immune-suppressed patients with acquired immunod-

eficiency syndrome and transplant recipients,[30] to positive associations between

high levels of Tumor-Infiltrating Lymphocytes (TIL)s, and patient outcomes.[31, 32]

The suppressive role of the immune system against tumors is now widely ac-

knowledged and utilized in various innovative therapeutic approaches, gradually

establishing cancer immunotherapy as the fourth pillar of cancer treatment.[33]

2.3.1 Mechanisms of Tumor Development

Despite their diversity as a group of diseases, cancers share certain characteris-

tics, that drive and enable their malignant transformation. In their original publica-

tion, Hannahan and Weinberg identified the original six hallmarks of cancer [34],

which have since become widely known to provide a conceptual framework for

understanding cancer development, as described in Subfigures ??.

These are:

1. sustaining proliferative signaling,

2. evading growth suppressors

3. resisting cell death

4. enabling replicative potential

5. inducing angiogenesis

6. activating invasion and metastasis

No one single hallmark is sufficient to cause cancer itself and malignant trans-

formation occurs as a multistep, evolutionary process involving sequential acqui-

sition of most or all of the hallmarks.

A decade later, new insights from the broad and multidisciplinary scene of

cancer research prompted a revisit of the original hallmarks. As a result, two

emerging hallmarks and two enabling characteristics were added:
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Figure 2.3: Hallmarks of cancer in (a) and Emerging hallmarks in (b) [25, 34]

• deregulation of cellular energetics

• genomic instability

• avoiding immune destruction

• tumor-promoting inflammation

As depicted in figure 2.3[35, 36]. The latter three are particularly relevant to

the scope of the thesis presented here. Genomic instability is a key feature of

premalignant and malignant cells, essentially enabling all the other features.

tumor cells accumulate mutations, some of which confer a selective advantage

over normal cells, thereby facilitating the emergence of specific malignant clones.

Gaining function mutations in tumor genes and loss of function mutations in

tumor suppressor genes contribute to the process of malignant transformation. At

the same time, the increase in mutations, ironically, represents a cancer Achilles

heel, making the tumor vulnerable to immune cells’ detection. In the context of

Human Leukocyte Antigen (HLA) class I molecules, inadvertent mutations in the

protein genome result in the processing and presentation of new altered peptides,

known as neopeptides, on the cell surface. Consequently, tumor cells are classi-

fied as malignant and may be detected and destroyed by the immune system.

Although still in an early stage of recognition in 2011, the inclusion of the pre-

vention of immune destruction, as an emerging mark, was a major step towards

the recognition of the immune system in the control and sculpture of cancers.

Since then, the great clinical successes of various forms of cancer immunother-

apy have eliminated all remaining scepticism about the importance of the immune

system in controlling cancer and its potential in cancer treatment. Although the
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Figure 2.4: Cancer-specific differentiation of CD8+ T-cells: a two-phase differen-

tiation program. [37]

original features essentially represent the failure of the cell’s intrinsic tumor con-

trol mechanism, the immune system is a cell’s external cancer regulator. At the

same time, the immune system’s dichotomy role in the interaction with cancer is

strongly highlighted by the possibility of tumor-induced inflammation as depicted

in figure 2.4. This link was conceptualized from the observation that tumor forma-

tion often coincides with chronic inflammation sites.[38]

Thus, the presence of intratumoral immune cells can paradoxically also pro-

mote tumor formation and progression by releasing inflammatorymolecules. These

are, for example, growth, survival, proangiogenic factors, enzymes that modify

the extracellular matrix, and inductive signals that lead to the transition of the en-

dothelial mesenchymal region.[36]

However, tumor-promoting and tumor-antagonizing cells represent different

subgroups of cells, so the role of the immune system in cancer is not surprising

at all, but it is a consequence of the complex and heterogeneous system of the

immune system in health and disease.

2.3.2 Cancer Immunoediting

The ”Cancer Immunosurveillance” hypothesis was proposed already in the 1950’s

by Burnet [39] and by Foley [40], but was largely neglected, when experiments failed

to demonstrate differences in tumor susceptibility between immunocompetent and
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immunodeficient groups of mice, with the mouse models available at the time.

In 2001, improved mouse models assisted the discovery that not only tumor

quantity, but also quality was affected by the immune system.[41]

When injected into recipient mice, tumors grown in immunodeficient donor

mice were more immunogenic than tumors grown in immunocompetent donor

mice.

These results provided the first hints that the immune system not only con-

trols, but also shapes tumors through an editing process, and paved the way for

a second generation version of the original ”Cancer Immunosurveillance” theory,

namely the ”Cancer Immunoediting” theory shown in figure 2.5.[42]

The theory describes the interactions of a growing tumor with the immune

system as three phases:

• elimination

• equilibrium

• escape

Figure 2.5: The cancer Immunoediting theory [43]

In the elimination phase, the effector cells and molecules of the innate and

adaptive immune defence detect and destroy neoplastic cells before becoming

clinically obvious tumors. If the mechanisms that operate during the elimination

phase are insufficient, rare tumor cell variants can survive and enter the equi-

librium phase. In the phase of balance, there is a balance, where the adaptive

immune system controls tumor growth on the one hand, but on the other, forms

the tumor immunegenicity through a constant selective pressure. Finally, this se-

lection can result in the expansion of tumor cells that are no longer recognized or

destroyed by the immune system.
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At this point the final escape phase is reached; a clinically visible tumor dis-

playing largely uncontrolled growth. Not all tumors progress through all phases.

Some tumors are eradicated early during elimination, others remain at equilibrium

throughout the life of the patient and yet other, more aggressive tumor types enter

directly into equilibrium or escape phases. The three phases should be consid-

ered non-static and interconnected entities, reflecting the Darwinian evolutionary

process occurring between the subclones of tumor cells.

The directional progress from one phase to another can be impacted by ex-

ternal factors, such as environmental stress and deterioration of the immune sys-

tem with aging, but also through therapeutic intervention. The scope of immune

therapy is obviously to reverse tumor growth and push in the direction of elim-

ination, and indeed this has been demonstrated feasible in patients obtaining

partial or complete responses from checkpoint inhibitor therapy or adoptive cell

transfer.[44–46]

However, immune therapeutic treatment can also lead to effective destruction

of subclones of tumor cells, creating a selective advantage and outgrowth of other

subclones that escape destruction through immune escape mechanisms. Exam-

ples of these mechanisms are antigen and HLA class I and II downregulation or

loss, defects in the antigen processing machinery, secretion of immunosuppres-

sive effector molecules and recruitment of immunosuppressive cells [47–52]. In this

way the immune system not only surveils, but also edits tumors.

The different effects of immune therapy on immunoediting can even be ob-

served within the same patient, where distinct tumors can shrink, grow or remain

unaffected by therapy.[53] Such mixed responses likely reflect the influence of tu-

mor heterogeneity as well as the local tumor microenvironments.

2.3.3 Tumor Heterogeneity

Tumor heterogeneity is a key challenge in the treatment of cancer, immunotherapy

being no exemption. Heterogeneity exist at all levels:

• inter-patient

• intra-patient

• intra-tumor

This highlights the fact, that no two cancers, or even two tumors or two tumor

lesions, are the same.[54]
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(a) Tumor heterogeneity occurs at several

levels[55] (b) Clonal analyses of tumors[54]

Figure 2.6: Tumor Heterogeneity

Mutations can be either clonal (present in all tumor cells) or subclonal (present

in subsets of cells).

The clonality of mutations within tumors can be estimated with bioinformatics

tools, and analyses across multiple tumor biopsies can hence reveal the spatial

composition and heterogeneity of a tumor’s mutations.

After such mapping of clonal and subclonal mutations, phylogenetic trees can

be constructed, where the trunk represents clonal mutations occurring early in tu-

morigenesis in common ancestral cancer cells and the branches represent sub-

clonal mutations occurring in descendants later in tumorigenesis.[55]

A logical implication of the immense heterogeneity of tumors, which can be

seen in the figure 2.6, is that therapies should be aimed at targeting multiple tumor

neoantigens at once (term that will be introduced below), and hence it is a major

focus of current strategies to select and combine the most relevant combination of

neoepitopes to target individually in each patient. This opens the pathway towards

personalized therapy, which will depend on crossing of multiple data.

2.4 T-cells in Cancer

T-cells are the main effector cells in the recognition and killing of cancer cells by

the immune system. Two distinct types are defined by their co-receptors cluster of

differentiation Cluster of Differentiation (CD)4 and CD8. The main function of CD4

cells, or T helper cells, is to orchestrate and regulate B cell and CD8 T-cell func-

tions, whereas CD8 T cells act as cytotoxic T cells, with the capacity to directly kill

infected or malignant cells [56]. Although CD4 T cells are also believed to play an

important role in sculpting the immune recognition of tumors. [57–59] Furthermore
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for non alpha beta T-cells like NK and γ δ T-cells may be future important players

in tumor recognition and in sculpting the tumor microenvironment.[60, 61]

2.5 Adoptive Cell Therapy

Adoptive T cell transfer Adoptive Cell Therapy (ACT) is one of the most promising

immunotherapy approaches in cancer treatment. There are currently four well-

developedACT techniques, including autologous tumor-infiltrating lymphocyte TIL

therapy T-cell receptor engineered T-cell therapy (TCR-T), and chimeric antigen

receptor T-cell therapy CAR-T).[46]

While TIL relies on the isolation and in vitro expansion of T cells derived from

tumor or peripheral blood, respectively, TCR-T and CAR-T therapies use genetic

modification of T lymphocytes to endow them with tumor antigen specificity.[62]

As an example, the patient’s T lymphocytes are purified and stimulated with

APC pulsed with immunogenic epitopes derived from antigens and tumors ex-

pressed by the tumor. These cells are stimulated in the presence of stimulatory

cytokines, such as:

• Interleukin-2 (IL-2)

• Interleukin-7 (IL-7)

• Interleukin-15 (IL-15)

• Interleukin-21 (IL-21)

These lymphocytes expand significantly and are then injected into the patient.

2.5.1 Tumor Infiltrating Lymphocytes - TIL

For a T-cell to carry out its tumor-killing function, it must first travel to the solid

tumor and enter it. Some types of cancer are characterised by highly immuno-

genic (or hot) tumors with large T-cell infiltrates, while others are characterised by

non-immunogenic (or cold) tumors with few or no infiltrating T-cells.

Tumor infiltrating lymphocytes TILs have been shown to infiltrate solid tumors

associated with a survival benefit in patients with cancer.[63–66] These data sug-

gested that TILs are effective at delaying tumor progression, and arguably the

most advanced and fully tested adoptive cellular strategy for the ‘personalized’

treatment of cancer.
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Figure 2.7: TIL manufacturing scheme [72]

TIL therapy was the first immune cell therapy shown to be practical to grow

and to possess robust antitumor activity in a 1988 paper[67] in which TIL mediated

regression of established poorly immunogenic tumors in murine tumor models

along with high-dose IL-2.[68–70] This work was then followed up at the National

Cancer Institute (NCI) by the establishment of practical techniques for expanding

TIL from patients with metastatic melanoma by using IL-2, followed by a large-

scale ”rapid expansion protocol” (REP) by using an anti-CD3 antibody and IL-2.[71]

In figure 2.7 it is depicted the overall manufacturing strategy for TILs.

TIL were employed for adoptive transfer first in small pilot studies for patients

with melanoma and shown to induce regression in 11 of 20 patients, a 55% re-

sponse rate, mostly partial regressions, in patients that were extensively pre-

treated; in some cases, the responses were long lived. Median survivals were

11 to 12 months, with modest evidence of long-term survival. However, the long

lead time before adoptive transfer required for patients to allow cells to propagate,

resulted in a highly selected patient population that also received high-dose IL-

2. There was evidence that the adoptively transferred TIL could traffic to tumor

deposits.[68, 69]

Further studies showed that effective anti-(melanoma) tumor responses are

mainly cytolytic, predominantly CD8 T cells that could lyse autologous tumor cells

and produce IFNγ, suggesting that both immune effector mechanisms are biolog-

ically and clinically relevant.[68–70]

The clinical benefit of the adoptive transfer of TIL seemed to correlate with their

recognition of the patient’s tumor and their ability to produce cytokines which led
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to the compilation of requirements of TIL propagation, as stated in Jeffrey Weben,

‘White paper’ for the implementation of active cellular therapy of cancer.[73]

Several studies have shown associations between high numbers of intratu-

moral CD8+ T cells or high CD8:CD4 regulatory T cell ratios and patient prognosis.

In some cases, CD8+ TILs have even found to be a better prognostic indicator than

pathological criteria and more predictive of disease progression than oncogene

expression.[32, 74–76]

Notably, some of the most immunogenic tumors, and therefore the most stud-

ied in the context of oncoimmunology and immunotherapy, are melanoma and

lung cancer. Cancers, which have a high tumor mutation burden due to the

carcinogenic effects of ultraviolet (UV) radiation exposure and tobacco smoking.

(UV) exposure and tobacco smoking.[77]

However, the mere presence of T-cells is not sufficient for anti-tumor reactivity.

The proliferative capacity, memory phenotype and the location within the tumor

all influence the correlation with patient prognosis. [78, 79]

Interestingly, some tumors initially grow (pseudoprogress) following immune

therapy, before they start to shrink. This phenomenon which almost led to the

checkpoint inhibitor ipilimumab (anti-CTLA-4) not passing first round of clinical tri-

als, is caused by an influx of T-cells to the tumor, again providing further evidence

of the importance of TILs for patient outcome.[80]

An interesting and promising area of research is oncolytic virotherapy, which

can cause specific lysis of tumor cells, followed by an influx of T-cells and thereby

convert cold to hot tumors.[50]

2.5.2 Chimeric Antigen Receptor - CAR

Genetic modification of lymphocytes was first proposed over 30 years ago, and

there have been many developments in the field since then that have facilitated

their clinical utility. CAR-T approaches have been highly successful in treating cer-

tain haematopoietic cancers, particularly those directed against the B cell- specific

surface protein CD19.[81]

CAR-T therapies use single chain variable fragment (scFv) chimeric antigen

receptors, CAR, that can directly recognise tumor cell surface antigens without

the requirement of Major Histocompatibility Complex (MHC) restriction, which is

one of the main limitations of TCR-directed immunotherapies.[46, 62]

These CAR constructs can also incorporate the intracellular domains of sev-

eral different co-stimulatory molecules, which can facilitate T cells’ activation, pro-

liferation, and effector functions. However, while CAR-T therapies are highly
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Figure 2.8: Four Generations of the structure of a chimeric antigen receptor CAR,

consisting of ligand binding domains, linkers, hinge regions, transmembrane do-

mains and intracellular signaling/activation domains. Able to recognize surface

antigens other in a non-MHC manner.[81]

promising, they are limited to targeting tumor cell surface proteins that usually do

not show a high degree of tumor specificity and have demonstrated little clinical

efficacy in the setting of solid tumors.[82]

The different CAR constructs up to date are shown in figure 2.8.

2.5.3 T Cell Receptor T - TCR

TCR-T cell approaches can overcome targeting tumor cell surface proteins with

low tumor specificity and have produced compelling clinical data in solid cancers.

While CARs use an antibody-like structure for antigen recognition, TCR-T cells

utilize a full TCR complex, which includes a heterodimer consisting of TCR alpha-

and beta-chains, with T-cell signaling upon antigen recognition conveyed naturally

by clusters of CD3 chains.[83]

Despite the success of TCR-T therapy in solid cancers, there are still chal-

lenges to overcome. These challenges include TCR product manufacturing, pa-

tient selection, and preparation with lymphodepletion.[84]

With expression of the complete TCR complex, engineered TCR-T cells can

recognize polypeptide fragments expressed both within the tumor cell and at the

cell surface, thus offering a much broader range of target antigens. Historically,

TCR-T targets have included:

• carcinoembryonic antigen (CEA) for colorectal cancer[85]

• glycoprotein gp100 (PMEL) for melanoma[85]
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• melanoma antigen recognized by T-cells 1 (MART-1) for melanoma[85]

• melanoma-associated antigen 3 (MAGE-A3) for melanoma/multiplemyeloma[85]

• NewYork esophageal squamous cell carcinoma 1 (NY-ESO-1) for melanoma

synovial cell sarcoma[85]

More recently, TCR-T cells have also targeted neoantigens generated by so-

matic mutations in tumor DNA, which are more tumor-specific but are also less

shared by cancer patients.[86] The identification of tumor-specific antigens is one

of the major challenges.

For example, in one study from 2016, a patient had 249 nonsynonymous mu-

tations in a melanoma, of which 126 were predicted to bind to HLA- A*0201.[87]

By screening these neoantigens against the patient’s own TILs, resulted in a

response of 2 of the 126 putative neoantigens. However, T-Cell response was

generated to a much larger proportion of these peptides in in vitro cultures of

PBMCs from healthy donors, less then 2%.

This study points that the mutation needs to be in an exon, to be translated into

a protein, it must bind to MHC molecules, it must be recognized by a TCR and

it must be associated with the right immune response, capable to induce T-cell

activation, stimulated cytotoxic functions and imprint migration to the tumor.[87]

These engineering approaches can successfully redirect the specificity of T-

cells to selectively target tumor-associated antigens.

However, several significant limitations of these approaches remain to be over-

come. One of the key goals and objectives for future research, includes the per-

sonalized identification of therapeutic tumor-specific TCRs and potential modifi-

cations to improve TCR signalling and effector function.[88]

The specificity of T cells can be reoriented by inserting genes encoding alpha-

beta T Cell Receptors (TCRs) or Chimeric Antigen Receptors (CARs). CARs,

developed in the late 1980s, can identify non-MHC-restricted cell surface com-

ponents and can be efficiently introduced into T cells using viral vectors. TCRs,

composed of one alpha and one beta chain, recognize antigens processed and

presented by the patient’s own MHC molecules.

CARs, on the other hand, are artificial receptors that identify antigens pre-

sented on the tumor cell surface without needing to be MHC-restricted.

A major scope now relies on the importance of selecting the right T-cell sub-

population and antigenic targets for the inserted TCRs or CARs. This assumption

is based that early-stage T-cells, such as naïve or central memory cells, show
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improved antitumor responses.For example, CD8+ T-cells’ differentiation state is

inversely related to their proliferation and persistence capacity.

Overall, adoptive cell therapy approaches such as TIL therapy and CART cells

are showing great promise in the field of cancer immunotherapy. These therapies

have the potential to revolutionize cancer treatment by providing targeted and

potent strategies for eradicating tumor cells.

In figure 2.9 shown on the next page, it summarizes all the genetic modified

T-cell therapies applied in clinical context but focused on using T-cells in stem cell

memory differentiation state since it has been seen in sveral previous studies to

enhance a better prognosis, since T-cells are still in an initial proliferation state

and can undergo maturation phase.

In summary it discusses two therapeutic approaches using Tscm-cell-based

interventions for treating human diseases. On one side, Tscm (T memory stem

cells) can be disrupted to manage diseases driven by these cells, such as autoim-

munity, T-cell leukemia, and T-cell tropic infections.

These cells can be harnessed to enhanceT cell-based immunotherapies against

cancer and infectious diseases. This involves using naive-like/precursor T cells

from patients or donors to generate and expand Tscm cells in vitro, with or without

genetic modifications.

Such modifications may include inserting tumor or virus-specific genes for

CAR or TCR, editing TCR genes, transferring suicide genes for safety controls,

or editing the CCR5 gene particularly in Human Immunodeficiency Virus type 1

(HIV-1) settings.

Additionally, virus-specific Tscm cells can be expanded using existing antigen-

specific TCRs through specialized textitin vitro protocols that promote Tscm cell

generation, involving interactions with antigen-presenting cells APC.[25]
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Figure 2.9: CAR and TCR based cell immune cell therapeutic stratergies for Hu-

man diseases with T-cells in Tscm phenotype.[25]

25



CHAPTER 2. LITERATURE REVIEW AND THEORETICAL BACKGROUND

2.5.4 How do CD8+ T-cells recognize cancer?

Through a peptide presented by the MHC, the cytotoxic or CD8+ T-cell recog-

nizes the cancer cell, as depicted in figure 2.10 in here, this recognition process

is divided into three molecules:

• TCR - T-cell receptor

• Peptide

• Major Histocompatibility Complex I (MHC-I), major histocompatibility molecule

complex class I or human leukocyte antigen HLA

Figure 2.10: The MHC-peptide-TCR interaction[89]

However, the three-part molecular interaction is complex and diverse. Firstly,

the HLA locus is both polygenic (constituting HLA-A, -B and -C) and highly poly-

morphic, with more than 10,000 alleles identified to date.[90]

Each individual can therefore present up to 6, (3 maternally + 3 paternally de-

rived) different HLA molecules at a time and homozygosity at the HLA locus is

rare, as shown in figure 2.11 on the next page. Every HLA molecule possesses

different peptide binding preferences, with the result that they present different

peptide repertoires to the TCR. The combined polygenism and polymorphisms of

HLAmolecules probably evolved as a protective mechanism for the entire popula-

tion. Even if a pathogen evolves to avoid the immune detection of the peptide-HLA

(pHLA) complexes present in a single individual, chances are that the population

as a whole is likely to be protected.[91]

Although most likely the result of an evolutionary arms race with pathogens,

HLA polygenism and polymorphism also positively affect the chances that a ma-

lignantly transformed cell will be detected by an encountering T-cell. It is therefore

not surprising, that HLA loss at one or more loci is a known immune escape mech-

anism, used by tumors to hide from T- cells.[92]
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(a) Maternally and Paternally inherited HLA

molecules

(b) Human population as a whole with more than

10.000 different HLA alleles

Figure 2.11: HLA in Population, generated in BioRender

Secondly, proteins are built from 20 naturally occurring amino acids. Given

this, the amount of theoretical peptides that can bind to HLA class I molecules

(8-14 amino acid length restriction) arises to more than 1018.[93]

This number is however affected in both directions. It may be underestimated,

as post-translational modifications, affecting T-cell recognition of the original pep-

tide sequence, increase the number of possible HLA ligands.[coulie2014tumor, 94]

Besides that, the human proteome as the source of peptides, as would be the

case for cancer, the number of possible peptides is substantially lower. Moreover,

far from all endogenous peptides end up as HLAbound, presented peptides at the

surface.

The antigen processing and presentation pathway involves proteasomal cleav-

age, translocation to the endoplasmic reticulum endoplasmic reticulum (ER) via

transporter associated with antigen processing (TAP), loading onto HLAmolecules

and transportation through the Golgi apparatus to the cell surface, like in fig-

ure 2.12 shown in the next page.

All of these steps confer peptide specificity, and thus it has been estimated

that only 1% of peptide fragments from the human proteome are presented at the

surface in context with HLA class I molecules.[95]

Some HLA’s are more promiscuous than others, and HLA-C molecules are

known to be more selective in peptide binding, resulting in a ten-fold lower pHLA

expression at the cell surface.[96]

In cancer, T cells need to be able to recognize and react to the 1% peptide

fragments from malignantly transformed proteins, with binding capacity for the
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Figure 2.12: MHC class I antigen manner to process and present antigen [72]

HLA repertoire of the patient. Thus follows the third source of diversity, the TCR

repertoire.

The diversity of the T cell receptor arises from somatic recombination during

T cell maturation, where variable (V), joining (J), and in some cases, diversity (D)

gene segments of the complementarity determining regions (CDRs) of the TCR

locus are (nearly) randomly rearranged.

It was previously believed, that each clonal T cell could respond to only one

target. However, it is estimated, that somatic recombination results in 107 TCRs

per individual,[97] whereby only a fraction of the possible pHLA complexes would

be detected, if one T-cell detected only one pHLA complex. Therefore, it is estab-

lished, that TCRs are in fact highly cross-reactive, recognizing an estimated 106

different pHLA complexes.[98]

2.5.5 Central and Peripheral Tolerance Mechanisms applied

by the Immune System

In addition to being able to recognize and respond to any possible pathogenic or

malignant cell invasion, the second most difficult task of the immune system is to

do so without being reactive to harmless foreign substances or body cells. This
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Figure 2.13: Central and Peripheral tolerance mechanism [99]

ability to distinguish between the self and the harmless self and the harmful self

is actually the cornerstone of the success of the immune system.

And although allergies, autoimmune diseases, uncontrolled infectious diseases

and cancer, demonstrate the accidental failure of the immune system to carry out

its work, these are rare examples where things have gone wrong. The ability to

distinguish between self and non-self is the result of the central and peripheral

mechanisms of tolerance.

During maturation in the thymus, T-cells are presented with pHLA complexes

as depicted here in figure 2.13. Positive selection ensures that only T-cells that

can interact with host HLAs are kept, whereas those that interact too tightly with

self-pHLA complexes are deleted through negative selection.

The process of central tolerance is believed to induce apoptosis in as much

as 95% of all developing T-cells, a tremendous trade-off reflecting the importance

of this control mechanism.[100]

Within the remaining 5% of T-cells, some autoreactive cells will succeed to

escape the thymus. These are however kept in check by peripheral tolerance

mechanisms, for example the lack of co-stimulatory signals, suppression by CD4

29



CHAPTER 2. LITERATURE REVIEW AND THEORETICAL BACKGROUND

regulatory T cells and myeloid derived suppressor cells.[101]

The population of CD4+ T-cells called regulatory T cells (Tregs) has been

shown to suppress T cell–mediated host immune responses against self- and

non-self- antigens. Tregs were first described by Sakaguchi and coworkers as

a circulating subset of murine CD4+ T cells expressing high levels of CD25 (the

interleukin [IL]-2 receptor α chain), which upon adoptive transfers could prevent

development of autoimmune disease.[102]

The number of administered doses of IL-2 was found to be positively associ-

ated with peripheral Treg reconstitution. These observations provide strong evi-

dence that endogenous CD4+ Tregs have a negative impact on cancer therapy,

and suggest that strategies reducing Treg levels may provide clinical benefit to

cancer patients; immune-suppressive drugs, particularly cyclophosphamide, re-

duces Tregs – a regimen that has been used in several clinical trials for ‘condition-

ing’ of patients receiving cellular therapy (clinical trials are registered at www.clin-

icaltrials.gov as NCT00001832, NCT00096382, NCT00335127, NCT00509496,

and NCT00513604).[103]

Many of these natural peripheral tolerance mechanisms are ’hijacked’ by the

tumor, preventing effective elimination of tumor cells despite T-cell recognition.

2.5.6 Detection of Antigen Specific T-cells

T-cell detection methods can be divided into two groups, depending on the results

of the analysis. Classic functional assays, such as enzyme-linked immunospot

(ELISPOT) or ELISA, limiting dilution assay and intracellular cytokine staining (In-

tracellular Cytokine Staining (ICS)), can identify antigen-responsive T-cells, but do

not provide information about the pMHC (peptide MHC) specificity is only obtained

for functional T-cells and often with lower sensitivity. As an alternative, a number

of methods have been developed that specifically MHC-restricted recognition of

T-cells, but without any measure of functionality.

The detection of T-cell antigen specificity is complicated by the high diversity

and complexity of the pMHC-TCR interaction, as described above.

A further challenge, particularly when interrogating the landscape of T-cells

specific for a common cancer antigen, is the often low frequency of T-cell clones

and their low TCR affinity for the binding pMHC complex. To address these

issues, comprehensive analytical tools have been developed over the last two

decades.[89]

In the context of these thesis, ELISA, ICS and phenotype assessment will be

applied to build up a structured pipeline to evaluate T-cell functionality with ELISA
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and ICS, and phenotype to classify immune cell type.

2.5.7 T-Cell Antigens

The first humanmelanomaT-cell antigen, melanoma-associated antigen (MAGE)-

AI, was described nearly 30 years ago,[104] and hundreds of T-cell antigens in

different cancer types have been described and presented in ”Cancer Antigenic

Peptide Database”.[105] T-cell antigens in cancer can be grouped into five classes

derived from the seven classes of Human Tumor Antigens in table D.1 in ap-

pendix D.

• Overexpression antigens are proteins, which are expressed in a range of

normal tissues, but whose expression is significantly increased in cancerous

cells. This leaves a window for tumor specific recognition, where the expres-

sion level on normal cells might not be sufficient to elicit a T cell response,

whereas the increased expression in tumor cells may be.

• Lineage-restricted differentiation antigens are restricted to defined dif-

ferentiated cell types and tumors that arise from these cells. Despite the

expression in healthy tissues, many antigens from this group have been

used in immune therapeutic trials, although sometimes causing on-target

off-tumor autoimmunity side effects. [106]

• Germline antigens are a group of proteins, whose normal expression is re-

stricted to testes, placenta and fetal development. Re-expression in cancer

cells results from re-activation of genes that are normally silenced. Lack of

HLA expression in testes and placenta confers an immune privileged na-

ture on these tissues, meaning that in theory no autoimmune reactions are

risked with therapeutic use of germline antigens.

• Virally Induced cancers, in this cancers, viral antigens are good candidates

for immune therapeutic treatment due to their non-sef origin, hence indepen-

dent from tolerance and autoimmunity [107]

• Mutated molecules or translocation products, which originate from so-

matic mutations in tumor tissue. Mutation antigens can arise from frequent

shared mutations between patients, however oftenly they are private muta-

tions, patient unique, or from even tumor lesions within a patient.
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Figure 2.14: Somatic Mutations in Different Tumors [77]

In addition, T-cell antigens of relevance in cancer may also include cryptic epi-

topes, encoded by alternative open reading frames or spliced peptides and post-

translationally modified peptides [coulie2014tumor].

The usefulness of an antigen in clinical implementation is defined by three

parameters:

• tumor restriction

• antigen frequency

• antigen stability under immune selective pressure

An ideal target antigen would be expressed in all cancer patients, with sole expres-

sion in malignant cells only and with stable expression under immune selective

pressure. However, only rare examples of antigens exist, like human papilloma

virus (HPV) 16 E6/E7) that fulfill all requirements.[108]

The tumor restricted expression is important for safety concerns. Mutation and

viral antigens are attractive targets in cancer, as they are uniquely expressed in

the tumor tissue, which decreases the risk of on-target off-tumor autoimmune side

effects in therapy. However, only around 9% of cancers are virally induced, and al-

though shared somatic mutations, such as cyclin-dependent kinase 4 (CDK4) and

B-RAF, appear, they are rare exceptions. The vast majority of somatic mutations

is patient specific and therefore need to be identified and targeted individually in

each patient. Moreover, the mutational load varies substantially between cancer

types, with melanoma and lung cancers [77], as depicted in figure 2.14.

In cancers with fewer mutations, therefore, overexpression, differentiation and

germline antigens could, in some cases, represent more realistic targets. In ad-

dition, the antigens in these classes are shared between patients and sometimes

between cancer types, which means that therapeutic objectives are relevant in a
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larger patient group and therefore turned into more cost-effective out-of-the-box

therapies.

2.5.8 Neoepitopes/Neoantigens

The majority of mutation antigens, also known as neoantigens, are unique to indi-

vidual patients, and technology did not support personalized screening strategies

at the time, since shared non-mutated antigens were the focus of the 1990s/2000s

within the scope of targeted immune therapeutic strategies.

However, with advances in next generation sequencing and lower sequenc-

ing costs, the neoantigens have gained renewed interest. The terms neopeptide

and neoepitope are used to distinguish between neoantigen derived peptides pre-

dicted to bind to HLA’s and the fraction of these that are recognized by T-cells.

An increasing number of studies point to an important role of neoantigens in

cancer immunology and have gain interest in their clinical utility. It has been ob-

served that the number of predicted neoantigens correlates with cytolytic activity

in tumors, that the mutational burden correlates with TIL infiltration and with sur-

vival across a range of cancer types, and additionally, clinical responses from

checkpoint inhibitor and adoptive cell therapies ACT have been associated with

neoepitope specific T-cells [109]

2.5.8.1 Origin

Neopeptides can arise in two ways as shown in figure 2.15:[110], on the next page

via two know mutation ways:

mutations in HLA binding (anchor) residues where an altered repertoire of

peptides is presented;

mutations of residues in contact with the T-cell receptor leading to an altered

recognition by the T-cell.

Whereas neopeptides in the first group can be identified by a shift in HLA bind-

ing affinity, the second group would not distinguish themselves as different from

the wild-type peptide counterparts, when analyzed with a HLA binding prediction

algorithm.

The two different categories of neopeptides are also expected to be differently

impacted by tolerance mechanisms. Tolerization only occurs for presented pep-

tides. Thus, T-cells recognizing neopeptides arising from improved binding to the

HLA is expected to have surpassed central tolerance and for this group of neopep-

tides the self-similarity seems to only marginally affect their immunogenicity.

33



CHAPTER 2. LITERATURE REVIEW AND THEORETICAL BACKGROUND

Figure 2.15: Mutations that give rise to neoepitopes [110]

In contrast, neopeptides arising from alterations in the TCR recognition area

are conserved binders, capable of presentation in their wild-type form in non-

cancerous tissue.[109, 110]

2.5.8.2 Mutation types

The most commons mutations are single nucleotide variations (SNVs) which has

been tested in the scope of this thesis, but other important source of neoepi-

topes can arise from in-frame and frameshift insertions and deletions (indels).

Frameshift derived neopeptides, which in nature are much different from the orig-

inal wild-type peptides, can be speculated to represent a particularly immunogenic

group. [111] All this mutations are shown in figure 2.16, on the next page on how a

SNV can be generated.

2.5.8.3 Neoepitope Prediction

Immunogenic neoepitopes arise in only a fraction of mutations. A critical chal-

lenge in the development of neoepitope-based treatment strategies is the efficient

and accurate prediction of putative neoepitopes. In figure 2.17 a scheme depicts

the current strategy applied for neoepitope prediction, shown in the end of this

subsection. Where DNA is extracted from a patients tumor and matched healthy

tissue and subjected to either whole exome sequencing (WXS) or whole genome

sequencing (WGS) to identify somatic mutations mapping specifically to the tu-

mor. Incorrect classification of germline variants are avoided. The goal of this

approach is to identify genetic variants that alter protein sequences. Since these

variants can be responsible for both Mendelian and common polygenic diseases.
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Figure 2.16: Common mutations that arise to neoantigens [111]

There are many factors that make exome sequencing superior to single gene

analysis including the ability to identify mutations in genes that were not tested

due to an atypical clinical presentation or the ability to identify clinical cases where

mutations from different genes contribute to the different phenotypes in the same

patient.

Furthermore, RNA sequencing (RNA-seq) of the tumor is applied to identify

and select only expressed mutational products. It is used to analyze the con-

tinuously changing cellular transcriptome. Specifically, RNA-Seq facilitates the

ability to look at alternative gene spliced transcripts, post-transcriptional modifica-

tions, gene fusion, mutations/single-nucleotide polymorphism (SNP) and changes

in gene expression over time, or differences in gene expression in different groups

or treatments.

Lastly, peptide sequences from themutated, expressed proteins are run through

HLAbinding algorithms to prioritize putative neopeptides with potential to bind the

HLA’s of the patient (identified by WXS or WGS). Hereafter, the resulting library of

patient-private putative neopeptides can be further experimentally tested in vitro

T-cell detection assays.[112]

Another layer which will not be tested is that use of mass spectrometry based

identification of endogenously processed and presented HLA-ligands. The combi-

nation with exome sequencing has shown increased chances of identifying immune-

dominant neoantigens in mice, plus it can identify spliced peptides or post trans-

lationally modified peptide ligands, that are missed when predictions are based

on the germline or mutated sequence.[113]
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Figure 2.17: Neopeptide prediction pipeline [112]
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2.5.9 Homing markers in the context of adoptive cell

therapies for solid/epithelial tumors

A central feature of T-cells is their ability to enter tissues and organs, without this

capacity, they may be directed against a pathogen, yet not able to enter into a

target tissue and circulate in peripheral lymph nodes. This is true particularly for

T-cells able to mediate tumor regression or, in contrast, promote disease progres-

sion, as in autoimmune disease.

For instance, the expression of tissue homing markers such as CCR9 and

CD103 (both with affinity for gut and liver homing) on the surface of CD8+ T cells

provides this information, for example increased frequency of CD8+ naive/precur-

sor cells – also expressing CCR9+[114] – associated with prolonged overall survival

in patients withmelanoma. Promising cancer immunotherapeutics depend onmo-

bilization of cytotoxic T cells across tumor vascular barriers through mechanisms

that are poorly understood.

In case of, CD4+ T-cells they can be divide in several groups including helper

T-cells and regulatory T-cells.

TheT-helper subtype 1 is characterized by pro-inflammatory immune responses

marked by production of IFNγ and Tumor Necrosis Factor-Alpha (TNFα)-α (di-

rected against viral pathogens or tumors), whereas type 2 ‘tolerizing’ CD4+ T

helper cells (Th2) produce anti- IL-4, IL-5 and IL-13 that favor antibody response,

Th2-type cells are particularly important in immune responses against certain

pathogens.[115, 116]

The Th17 cell subset, characterized by the production of the pro-inflammatory

cytokine IL-17, can be beneficial at early stages of infection as well as in anti-

cancer directed immune responses, yet over IL-17 at later disease in infections

or cancer can be detrimental.[117–119]

The CD4+ Th subsets are divided according not only to their cytokine and tran-

scription factor expression profiles, but also based on their expression of certain

chemokine/tissue homing markers (CXCR3, CCR4 and CCR6).[120]

CD8+ memory stem T-cells (Tscm) are long-lived lymphocytes that persist in

the host, without the need of constant antigen stimulation. Interestingly, these

cells are multipotent and provide a potential reservoir for T-cell memory through

life.[121]

Similar to CD4+ T-cells, CD8+ T-cells or TCR γδ+ T-cells can also be catego-

rized into Th1, Th2, or Th17-type immune cells.

The success of T cell-based cancer immunotherapies including adoptive T cell

transfer, dendritic cell (DC) vaccines, and immune checkpoint inhibitors, hinges
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on efficient trafficking of blood-borne cytotoxic CD8+ T-cells across tumor vascular

barriers a process guided by chemokines. And chemokine markers are used to

characterize the T-cells Th1, Th2, Th17 and Treg as presented in Table C.1

Functional chemokine receptors including CXCR3, CCR2, and CCR5, are

present on circulating tumor-reactive T-cells. Moreover, cognate chemokine lig-

ands (CXCL9/10, CCL2, and CCL5) ‘decorate’ vessel walls.

Dipeptidylpeptidase 4 (DPP4, also known as CD26) limits lymphocyte migra-

tion to sites of inflammation and tumors. Inhibition of DPP4 enzymatic activity en-

hanced tumor rejection by preserving biologically active CXCL10 and increasing

trafficking into the tumor by lymphocytes expressing the counter-receptor CXCR3.

These findings provide direct in vivo evidence for control of lymphocyte traf-

ficking via CXCL10 cleavage and support the use of DPP4 inhibitors for stabi-

lizing biologically active forms of chemokines as a strategy to enhance tumor

immunotherapy.[122]

The CXCR3 chemokine receptor uniquely functions as the master-regulator

of cytotoxic CD8(+) T-cell extravasation and tumor control despite the multiplic-

ity of chemokines available in the tumor landscape.[123] CXCR3 engagement by

CXCL9/10 triggers firm adhesion to vascular endothelium and subsequent migra-

tion into the underlying tumor parenchyma.

By contrast, CCR2 and CCR5 are dispensable for T-cell extravasation al-

though they, together with CXCR3, could potentially regulate T-cell retention, pro-

liferation, or survival in the intratumoral compartment.

Altogether, this CXCR3-dependent process allowsCD8+ T-cells to initiate apop-

totic pathways leading to tumor cell destruction. This unique role for CXCR3 sug-

gests that the efficacy of cancer immunotherapy could be enhanced by adjuvant

treatments (like, chemotherapy, radiation, and dipeptidylpeptidase 4 (DPP4) in-

hibitors) that boost CXCL10 availability at vascular checkpoints.

The requirement for CXCR3 is not unique to adoptively transferred cells as it

was also shared by the endogenous T-cell pool in a preclinical murine melanoma

model: CXCR3 dominance is maintained for trafficking of adoptively transferred

human CD8+ effector T cells in human melanoma xenografts.[123]

These studies reveal a unique role for CXCR3 and its ligands in cancer im-

munotherapy that could not be predicted from genomic or proteomic profiling of

the tumor microenvironment.

Also CD103+ CD8+ T cells, appear to have a role in adhering to epithelial

surfaces in the gut.

CD103 marker, also known as integrin alpha E (ITGAE), forms a dimer with

integrin beta 7 (ITGB7) to constitute a receptor which binds E-cadherin (CD324)
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expressed on epithelial surfaces. E-cadherin is particularly important for intraep-

ithelial immune cells penetration/localisation, which explains in part why TIL ex-

pressing CD103 might be useful in eliciting anti-tumor functions in the tissue com-

partments.

CD103 expression on T cells was strongly reflective of a survival advantage in

patients with cancer (renal cell carcinoma [124], cervical cancer [125] and lung can-

cer [126], respectively). In another article, a higher ratio of CD103+ intraepithelial

lymphocytes to total CD103+ lymphocytes in pancreatic ductal adenocarcinoma

(PDAC) tissue based on immunohistochemical staining was indicative of better

disease-free survival of the patients.[127]

Another study states that CD103+ CD8+ TILs are sequestered away from the

tumor centre in PDAC to fibrous tissue compartments, in line with poor patient

survival dynamics [128] further to yet another piece of evidence that these cells are

cytolytic[129], is a shred of rather compelling evidence that CD103+ CD8+ T cells

have a clinically relevant and possibly significant role in fighting epithelial cancers.

2.5.10 IFNγ production as a signature of tumor surveillance

IFNγ is the signature cytokine produced by Th1 cells (CD4+) but is also derived

from CD8+ T-cells, γδ T-cells, NKT-cells, and NK-cells. IFNγ exerts its biologic ef-

fects by interacting with an IFNγ receptor (IFNGR) 1 and IFNGR2 resulting in ac-

tivation of Janus tyrosine kinase (JAK)- STAT signaling pathway which ultimately

leads to phosphorylation of two STAT1 molecules followed by their dimerization

and nuclear translocation IFNγ is a cytokine that is well recognized to play a cen-

tral role in coordinating tumor immune responses.[130]

For instance, absence of IFN-γ receptors or STAT1-deficiency in preclinical

studies have shown rapid tumor development and with higher frequency. [131, 132]

An unequivocal demonstration of cancer immune surveillance is that tumor

suppressor function of the immune system is critically dependent on the actions

of IFN-γ which along with lymphocytes collaborate to protect against develop-

ment of carcinogen-induced sarcomas and spontaneous epithelial carcinomas.

In tumor cells, IFN-γ upregulates the expression of the MHC class I antigen pro-

cessing and presentation pathway, thereby enhancing tumor cell immunogenicity

and facilitating tumor recognition and elimination.[133, 134] IL-12-induced tumor re-

gression correlates with in situ activity of IFNγ produced by tumor-infiltrating cells

and its secondary induction of anti-tumor pathways.[135]

IFNγ displays an essential role for tumor responsiveness by regulating the

migration of T-cells into tumor tissue.[136]
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Figure 2.18: General Validation plan of TCR constructs [137]

Therefore, the production of IFNγ as a release criterium makes biological and

clinically sense.

In the scope of this study, the selection of IFNγ seems to be a pivotal cytokine

to select potential TCR constructs, as in here on figure 2.18 in section (a) and (b)

IFNγ production obtained through ELISA serves as key parameter in the scope of

TCR therapy functional validation, but it is also a key parameter within CAR and

TIL therapy.
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3

Materıals and Methods

3.1 Introduction

The present study serves as a model of a normal study applied in the context of

immuno-monitoring, taken place at the Leibniz Institute of Immunotherapy with

patient samples. On the following sections it is explained in detail the in vitro and

in silico experimental steps with material and methodology used.

All the materials/reagents and equiment/devices used for the in vitro assays

are respectively in tables: table A.2 and table A.3 at appendix A.

All the algorithms used in the in silico assays used to extract results are in

appendix B.

3.2 Population

The study population concerns five patients diagnosed with an epithelial tumor

who underwent surgery and informed consent was obtained for the collection of

pre-surgery blood and tumor tissue after surgery with the consent of the clinical

pathology unit.

The patient data used in this study is encrypted and we did not have access

to the clinical numbers of the respective patients.

The purpose of this study is to use changes in the pattern of immunocellular

phenotype and type of effector response to build a future platform that will allow

a close-to-personalised assessment of the pattern of immunocellular changes.
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3.3 In Vitro Assays

The in vitro assays are derived from an experimental plan to obtain data on cellular

immuno-markers, performed via flow cytometry through the phenotyping assess-

ment of the immune cells. And from obtaining the concentration of IFNγ present in

the co-culture supernatants of peripheral blood immune cells and tumor immune

cells, TILs when in contact with synthetic peptides with the same sequence as

tumor associated antigens and neoantigens (one amino-acid changed in red) as

shown in table D.3 at appendix D.

The experimental plan, shown in figure 3.1, serves the purpose of studying

the immune environment of tumors, focusing on the activity and characteristics

of TILs, which are a critical component of the anti-tumor immune response within

the tumor microenvironment. The process starts with tumor surgery, where a

sample is taken and prepared for various analyses. The tumor sample undergoes

whole exome sequencing (WES) to identify its genetic make-up and to synthesise

peptides with private mutations for the specific patient. At the same time, portions

of the tumor are cultured on day one with feeder cells and a stimulant anti-CD3-

(OTK3) and IL-2 to promote the growth and activation of TILs.

At the same time, preoperative blood is collected to perform a Whole Blood

Assay (WBA) with synthetic peptides, which serves as a baseline measure of

the immune response. The synthetic peptide plate contains wild-type tumor-

associated antigens and single nucleotide variants of tumor-associated antigens.

Supernatants from this plate are then extracted on day seven.

Also on day seven, TILs are extracted and analysed by flow cytometry us-

ing T-cell/T-cell activation and T homing panels to characterise the lymphocytes

and their migratory properties. In addition, these TILs are cultured with synthetic

peptides for seven days to monitor their response to wild-type tumor-associated

antigens and single nucleotide variants of tumor-associated antigens. After seven

days, the supernatants are tested for IFNγ production via ELISA.

3.3.1 Primary culture conditions

The primary culture conditions concerns steps (a), (b) and (c) from the experi-

mental plan in figure 3.1 on the next page.

All the TIL primary cell cultures were maintained at 37oC in a humidified at-

mosphere containing 5% CO2. The primary cultures of TILs were cultured under

suspension conditions. TILs and pre-surgery-blood, Whole Blood Assay (WBA)

co-cultured with synthetic peptides, according to the peptides list in table D.3 in
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Figure 3.1: Experimental Plan - designed in BioRenderTM

appendix D, were cultured in polystyrene treated 24- or 96-well plates.

The TILs were expanded from tumor pieces using the optimal conditions for

T-cell growth medium (mediumAIM-V supplemented with interleukin 2, IL-2 (1000

IU/mL), IL-7 (1000 IU/mL), IL-15 (150 IU/mL) and IL-21(1 IU/mL) plus anti-human

CD3 antibody at 30ng/mL and stimulation with allogeneic feeder cells (pool of Pe-

ripheral blood mononuclear cells (PBMC)s from three healthy donors) irradiated

at 40 Gray (Gy). Moreover, after this expansion, meaning at the end of day seven,

TIL from each patient was co-cultured with synthetic peptides.

TILs derived from tumor pieces cultured inmedium from day zero to day seven,

mediumwas refreshed every 3 to 4 days through half-media changes. Like in step

(a) of the experimental plan, since day one until day seven of the culture period

in which it starts to apply methods depicted in step (c) of the experimental plan.

For the TILs co-culture assay, below step (c) in experimental plan, 24 hours after

seeding the TILs with synthetic peptides, human serum was added to keep the

TILs with better viability until day seven depicted in step (d) of the experimental

plan.

Pre-surgery Peripheral blood from five selected patients was provided by the

Pathology Unit and part of this blood was used to isolated PBMCs after separat-

ing whole venous blood over a Ficoll-Hypaque gradient. The PBMCs were then
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washed twice with DPBS (Gibco) and stained using the cytometry staining for

T-cell panel or T-cell activation panel and T-homing panel.

The remaining blood was used for the WBA, whole-blood assay to test the

effector capacity against synthetic peptides which is explained below in IFNγ pro-

duction via co-culture

section and supernatants are collected on day seven to be tested via ELISA

and remaining cells are stained via ICS panel with or without CD107a marker.

3.3.2 Co-culture assays with synthetic peptides

For both assays, meaning TIL with synthetic peptides or WBA with synthetic pep-

tides, wells with only TILs or prepared whole-blood were used as negative con-

trols, whereas wells with TILs or prepared whole-blood in the presence of 5 pg/mL

of phytohaemagglutinin (PHA) for maximal stimulation were used as positive con-

trols and additional positive controls with the defined concentration as in table D.2.

In all conditions, TILs or prepared whole-blood were incubated for 7 days, at 37oC

in a humidified atmosphere containing 5% CO2, TILs or whole-blood was seeded

in pre-prepared 96-well plates round-bottomwith 100µLT-cell growthmediumwith

synthetic peptides at a concentration of 2µg/mL. The IFNγ data correspondent to

the optimization of the effector versus synthetic peptide ratio to be used in the TIL

synthetic peptides assay was adjusted to 1x104 effector cells against 1ug/mL of

synthetic peptide and is reported after medium subtraction as IFNγ pg/mL/7 days.

On day zero of co-culture, for pre-surgery blood the remaining volume of whole-

blood is resuspended with same volume of T-cell growth medium (AIMV (at ap-

pendix A, A.2) supplemented with IL-2 (1000 IU/mL),IL-7 (1000 IU/mL),IL-15 (150

IU/mL) and IL-21 (1 IU/mL)) and 100µL of this preparation is distributed over the

pre-prepared synthetic peptide 96- well plate round bottom (at appendix A, A.2),

while TILs after 7 days of expansion were washedwith DPBS (at appendix A, A.2),

resuspended in (AIMV (at appendix A, A.2) supplementedwith IL-2 (1000IU/mL),IL-

7 (1000IU/mL),IL-15 (150IU/mL) and IL-21 (1IU/mL)), counted and 100µL of this

prepared solution is distributed into the pre-prepared synthetic peptide 96-well

plate round bottom (at appendix A, table A.2). In all co-culture assays the syn-

thetic peptides stay at a final concentration of 1ug/mL after distributing the pre-

pared solutions of TILs or whole blood.

Supernatants were collected at day 7 from both co-culture assays and tested

for the presence of IFNγ using the Enzyme-Linked Immunosorbent Assay, ELISA
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Figure 3.2: ELISA general step by step protocol

for IFNγ (Mabtech, Nacka Strand, Sweden) according to manufacturer instruc-

tions as shown in the figure 3.2. Biological duplicates were performed for all con-

ditions. The ELISA assay returns fluorescent response which is measured by

device SPARK 10M (at appendix A, table A.3) that gives optical density Optical

Density (OD) values. These OD values are used in the in silico section.

Also cells from these incubated 96-well plates on day seven were harvested

and washed to perform flow cytometry ICS on day seven step (d) from experi-

mental plan. The staining protocol is explained below in Flow Cytometry Assays.

3.3.2.1 Flow Cytometry Assays

The performed flow cytometry assays follow a specific staining protocol which is

explained below, also the figure 3.3 allows to visualize some of the terms used in

the different protocols explained in the different flow cytometry assays performed.

The overall scheme for flow cytometry experiment is shown in the next page.

T-cell subset panel or T-cell activation panel and T-homing panel

To monitor the phenotype of T-cells on day zero, and after their time in cul-

ture day seven, phenotypic analyses by flow cytometry were performed. For

the T-cell panel or T-cell activation panel and T-homing panel after cells being

washed with DPBS(at appendix A, table A.2) they are incubated for 15 minutes

with LIVE/DEADTM corresponding to each panel and after incubation time, cells
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Figure 3.3: General staining plan for Flow Cytometry

are washed with DPBS again and surface/intermembrane markers that begin with

CC or CX (meaning chemokines) or CD as in appendx E,table E.2 that account

for a master mix corresponding to the assigned staining panel are added with

the corresponding volumes, and samples are incubated for 20 minutes. After this

time samples are washed again with DPBS (Gibco) with 2% heat inactivated FBS

(at appendix A, table A.2) - hereafter referred to as FACS buffer, resuspended

in 200µL of FACS buffer and analysed by flow cytometry (BC Cytoflex LX as in

at appendix A, table A.3). Data analysis, as to gating or gauging the T-cells with

positive fluorescence, was performed using FlowJo software version 10, to de-

termine different CD or chemokine markers frequency and mean fluorescence

intensity (MFI) by employing the gating strategies shown for T-cell subsets panel

gating strategy in appendix Ein figure E.3, for T-cell activation panel in figure E.2

and for T-homing panel in figure E.4.

ICS-Intracellular Cytokine Staining

T-cells either TILs or PBMC present cytolytic granules that contain different

types of cytolytic proteins, such as granzyme and perforin, which are released

after activation of these cells to induce target cell death and release cytokines as
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welll. Vesicles that contain these cytolytic proteins/cytokines present lining their

membranes the lysosomal-associated membrane protein-I (LAMP-I) or CD107a,

whose expression can be evaluated to assess the cytotoxic ability of an effec-

tor cell during/after its stimulation. The ICS with CD107a degranulation assay

was used to determine T-cell functionality after their in vitro co-culture with syn-

thetic peptides. CD107a expression was assessed after T-cells stimulation with

the different synthetic peptides. Effector:target cells ratios was the same in all

conditions. Briefly, T-cells extracted from TIL co-culture or whole-blood co-culture

after 7 days were washed with DPBS (at appendix A, table A.2), resuspended

in medium supplemented with IL-2 (1000 IU/mL), IL-7 (1000 IU/mL), IL-15 (150

IU/mL), IL- 21 (1 IU/mL), counted and manually distributed into the respective

FACS tubes. Cells were co-cultured for 1 h at 37oC, in a humidified atmosphere

containing 5% C02 and in the presence of the anti-CD107a PE antibody (at ap-

pendix E, table E.1). After 1 h, protein transport inhibitor containing monensin

(BD GolgiStopTM, BD Biosciences) was added to the medium and incubated for

5 h to inhibit trans-Golgi apparatus function. Tubes with only effector cells were

used as negative controls, whereas tubes with effector cells in the presence of

1 pg/mL of phorbol-12-myristate-13-acetate (PMA; 25 ng/mL; Sigma-Aldrich) for

maximal stimulation were used as positive controls. Negative and positive con-

trols were incubated simultaneously. And a tube with effector cells and all pep-

tides from peptides list (at appendix D, table D.3) at a concentration of 1ug/mL.

After incubation, cells from all conditions were stained with the LIVE/DEADTM and

surface CD4 (Thelper), CD8 (cytotoxic) and TCRγδ with the corresponding vol-

umes described in table E.1 in appendix E.After the incubation period cells were

washed with DPBS ( A.2) and fixed with fix-perm buffer (BD Cytofix/CytopermTM)

incubated 20 min at room temperature then spin-down and stained with with the

master mix (with fix-perm buffer) containing the remaning antibodies against dif-

ferent interleukins TNFα and IFNγ E.1 with an incubation period of 20 minutes.

After the staining, cells were washed with FACS with perm buffer, resuspended in

200µL of FACSwith perm buffer and analysed by flow cytometry (BC Cytoflex LX).

Data analysis was performed using FlowJo software version 10. To determine the

CD107a+ and cytokine frequency andMFI, from the CD4, CD8 and TCRgd (gama-

delta) T-cell frequencies by employing the gating strategies shown for ICS panel

gating strategy at appendix E in figure E.1.
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3.4 In Silico Assays

To perform data analysis of the obtained OD values from ELISA and to retrieve

the analyzed relative frequencies andMFI from the T-cell populations and cytokine

released relative frequency performed on flow cytometry analysis there was the

demand to develop an in silico pipeline to obtain the values of interest to then

perform the statistical analysis essential for the validation of effective and non-

effective T-cell phenotypes.

The scheme in the figure 3.4 below, outlines a data analysis pipeline that in-

corporates statistical analysis, data visualisation and immunological assays.

Figure 3.4: Python Scripts Pipeline - designed in LucidchartTM
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The inclusion of a Python script indicates that the analysis workflow is semi-

automated through scripting, which can be reproducible and efficient for other

longitudinal studies.

The process starts with a dataset organised by patient and sorted by date to

enable longitudinal studies.

Data pre-processing includes steps such as calculating means, performing

contingency tables for chi-squared comparisons, which are critical to ensuring

data quality. Statistical analysis is performed using linear regression models to

identify, for example, correlations within the data.

Firstly, the user needs a private PC and to organise the data within the specific

folders as shown in figure 3.5, hereafter, called file directory.

Figure 3.5: Organized File Directory structure to run the Python scripts

Figure 3.6: ELISAexcel raw data with patient ID and cytokine, 96-well plate layout,

OD readings, dilution factor and standard concentration average

For ELISA, the optical density readings from the plates must be entered into

an Excel file, as shown in figure 3.6, with the corresponding plate layout and to

indicate the cytokine to be read in the ELISA, plus the dilution factor used for
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each sample. To note that this dilution factor was previously optimized in the in

vivo assays.

And for flow cytometry data, it requires the fcs files and the FlowJo workspace

used for flow cytometry data analysis previously performed by a qualified techni-

cian or researcher.

All the Python scripts presented here require the packages listed in table B.1

in this document in appendix A.

The two Python scripts, elisa.py and flowjo.py, are then used to extract the

data and retrieve it into specific dictionaries to perform the analysis and save it in

csv file format.

The data is retrieved by a python script called global_func.py that takes the

data generated by elisa.py and flowjo.py and puts it together in a large data struc-

ture and offers functions for other scripts to navigate this data structure and easily

fetch the data they need.

After that, the python script, graph_pct_graphs.py can report the bar graphs

for T-cell panel, a combination of results from T-cell subset and T-cell activation

panel results with average and standard deviation, from PBMC and TIL. And it

also reports bar graphs for ICS and T-homing for PBMC and TIL as well.

Only then can statistical testing, an essential part of the workflow, be performed

to validate whether the results extracted from flow cytometry and ELISA or flow

cytometry alone provide significant evidence. All the statistical analysis modules

were developed according to the general statistical scheme in figure 3.7 used to

identify the correct statistical test, on the next page.

For example, when immune cell modulation occurs, the 2_test_t_test.py for

Th1 and Th2 reports independence between these cell subsets.

The 1_test_chi_squared.py evaluates whether the percentage of T cell subsets

is significantly different from the percentage of peptide interferon gamma IFNγ

production to determine whether a T-cell subset may be more or less sensitive to

that specific peptide.

Finally, linreg.py, which evaluates whether or not helper T cells CD4+, cytotoxic

T cells CD8+ or gamma-delta, TCRγδ T-cells are highly correlated with synthetic

peptide interferon gamma production.

After all the statistical analysis modules the data generated needs to be ac-

cessed via a data_export.py which will communicate with a database that would

be developed in the future in case of need.

A well-organised data structure is essential for managing complex datasets

and analysing results to be stored in a database for a longitudinal study.
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Figure 3.7: Choose and Identify the Statistical Test to be used
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Below is explained in detail each python script/module developed for the pro-

posed pipeline. For further references see the url: https://github.com/NoronhaC/
Pipeline$_$Immuno$_$MSc$_$Thesis to get access to the developed scripts or

see the appendix B in this monography.

3.4.1 elisa.py

The herein script/module which is located in this document in appendix B at B.1,

labelled as ELISA.py, was designed for analyzing and processing data fromELISA

tests related to patient samples, using spreadsheets as inputs like the one in fig-

ure 3.6 shown in the previous pages. The script includes numerous functional

components, ranging from reading data from Excel files, performing curve fitting

for concentration determination, to generating graphical representations and han-

dling file operations.

Initially, the script imports necessary libraries andmodules such as os, scipy.op-

timize for curve fitting, numpy, matplotlib for plotting, xlrd for reading Excel files,

csv for file operations, and itertools.compress for filtering data based on condi-

tions. Key functionalities include defining a function read_plate to extract patient

and sample data along with cytokine information and optical density (OD) readings

from given spreadsheets. This data extraction is thorough, organizing extracted

values into structured dictionaries for further manipulation.

In addition, the script defines a logistic regression function log4pl to fit a four-

parameter logistic model, essential for converting raw OD readings into calibrated

concentrations. The equation to develop this model is shown below in equa-

tion 3.1, with a, as the lower asymptote and d, as the upper asymptote, these

are the lower and upper limit of detection. The calibrated curve should report a

function of this type shown in figure 3.8 displayed below.

y = d+ a−d

1+
(
x
c

)b (3.1)
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Figure 3.8: 4PL - Four Parameter Logistics Curve

There are also utility functions to convert values into percentages and calcu-

late changes which will be used for chi-squared tests. The execution part of the

script is robust, beginning with directory checks and creation, followed by itera-

tive processing of files and sheets within specified directories. It performs data

filtering, curve fitting, and plots both standard curves and concentration charts. It

saves these graphical outputs and tabulated data into organized directories and

files, differentiating between control substances, viral antigens, and peptides.

3.4.2 flowjo.py

This script/module which is located in this document in appendix B at B.1, la-

belled as flowjo.py, was designed for processing flow cytometry data, specifically

analyzing data from FLOW workspace (.wsp) files retrived for the analysis us-

ing FlowJo 10 official software. The script uses various Python libraries including

flowkit, a powerful Python module handling .fcs files, gating strategies, and gen-

erating reports on cell populations within samples. For handling cytometry data,

graphviz for creating visual representations of data hierarchies, and os and shutil

for file and directory management.

The script begins with a series of function definitions tailored to handle different

aspects of flow cytometry data analysis. For the data extraction functions such as

get_fluoro_labels and extract_data retrieve specific data from samples, including

fluorescent event labels and mean fluorescence intensity MFI data.

For file handling, the functions like get_wsp_files recursively search directories

for workspace files, which are essential for the analysis. As for the data Process-

ing, the script includes detailed logic for processing data based on predefined cat-

egories such as ICS, Tcell, and T-homing, each corresponding to different types

of immune cell analyses.

53



CHAPTER 3. MATERIALS AND METHODS

Finally the script uses graphviz, to generate diagrams to visually represent the

hierarchy and relationships between different gates used in the cytometry analy-

sis. If a gate was not executed, the graph would still be exported and described as

n.a. for not available. The main execution block of the script sets up the environ-

ment by cleaning up and preparing directories, then iterates over each workspace

file.

For each file, it determines the type of analysis PBMC or TIL and the prefix

(analysis category), then calls the analyze function. This function performs a com-

prehensive analysis for each sample in the workspace, extracting and processing

data like gate percentages and MFI comparisons, and generating graphical out-

puts and CSV files for each sample. The script is structured to handle a wide

range of sample data, making it highly adaptable for different datasets within the

domain of flow cytometry.

Furthermore it could be explored in the future with gating.ml to perform auto-

matic gating without the need of FlowJoTM10 official software.

3.4.3 global_func.py

This module was designed to manage and analyze data from ELISA and flow

cytometry experiments by reading from CSV files generated from the two previous

scripts and structuring the data into a complex nested dictionary for easy access

during analysis. It employs custom functions for reading CSV data, filtering by

specific conditions, and extracting data associated with particular gates like, CD4,

CD8 within the flow cytometry data.

The script begins by defining functions: read_csv reads CSV files and converts

the content into dictionaries, handling special cases where the file contains irreg-

ular delimiters or is associated with specific assay types (like ’mfi’ and not ’ICS’).

get_data and get_gate_data are utility functions that fetch data based on given

parameters like assay prefix (ELISA or FLOW), data type (mfi,as to the MFI or

gate percentage, CD %), and experimental groups (like T-cell, ICS, or T-homing).

The main body of the script sets up a data structure to hold all the experimental

data categorized under ELISA and FLOW experiments. It then populates this

structure with data read from various CSV files located under specified directory

paths, handling different data types and assay conditions (PBMC vs. TIL). This

structure supports varied and extensive experimental setups, making the script

versatile for different laboratory data management tasks related to immunological

assays.

This entire script/module is in appendix B at B.1.
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3.4.4 graph_pct_graphs.py

It generates the visualizations for data from the different selected T-cell subsets.

Through defining a set of functions to compute averages and standard deviation

of percentage data for specific markers (gates) on cells in different experimental

groups, such as TILs and PBMC.

The main functions get_comp_data and get_group_avg retrieves and pro-

cesses data for specified gates and groups using external functions from the

global_func module. The script handles three types of T-cell data: ICS, Tcell, and

T-homing, defined by different lists of gates. For each type, besides calculating

averages and standard deviation of the gate percentages it stores the results.

The generated bar plots for each type of data, allows the user to compare

results between PBMC and TIL.

This entire script/module is in appendix B at B.1.

3.4.5 linreg.py

This script/module located in this document in appendix, B at B.1, labelled as lin-

reg.py, conducts linear regression analyses to examine correlation between flow

cytometry gate percentages in here from CD4+, CD8+ and TCRγδ and ELISA,

over TIL and WBA. However, it can be changed to use data across different ex-

perimental conditions with PBMC, TIL and WBA.

It utilizes the Python libraries such as scipy.stats for statistical calculations and

matplotlib.pyplot for plotting, alongwith custom functions imported from global_func

explained previously.

The script defines a couple of utility functions to process data: get_avg cal-

culates the average mean fluorescence intensity MFI of specific peptides from

given data, and perform _ linear_regression runs a linear regression analysis be-

tween random uniform data points (generated within a specified range) and actual

ELISA data, percentage increase in relation to the negative control of cells alone

with medium. The results, including the regression coefficients and their 95%

confidence intervals plus the pearson correlation coefficient, calculated using the

equation 3.2 shown below. Where r stands for pearson correlation coefficient and

xi is x variable sample and xi is x variable sample, where x is the mean of the

x-variable and y is the mean of y-variable.

These processed values are printed, saved as a CSV file, and plotted graphi-

cally. Throughout its execution, the script interacts with data fetched through cus-

tom functions, performing and visualizing linear regression analyses for various

immunological markers such as CD4, CD8, and GD from both Peripheral Blood

55



CHAPTER 3. MATERIALS AND METHODS

Mononuclear Cells (PBMCs) and Tumor-Infiltrating Lymphocytes (TILs), under

specific analytical conditions labeled ’WBA’ and ’TIL’. The script manages data

directories and handles file operations extensively, ensuring organized storage of

results.

r =

∑
(xi − x) (yi − y)√∑

(xi − x)2
∑

(yi − y)2
(3.2)

3.4.6 1_test_chi_squared.py

It conducts a chi-squared contingency tests on pairs of data lists, primarily com-

paring gate percentages from flow cytometry data against ELISA results, across

different sample types and experimental setups. It leverages the scipy.stats mod-

ule for statistical calculations and tkinter for simple GUI interactions to gather user

input for the significance level (alpha) used in the tests.

The script is structured around several key functions. The print_comp_data

function outputs pairs of data lists to the console, while perform_chi2_test handles

the statistical analysis, performing chi-squared tests to assess the independence

of categorical variables represented in the data lists. It uses the equation 3.3 to

calculate the χ2
c , the Chi Squared test value obtained and the

∑
being the sum

of a fraction of Oi observed scores and expected scores being Ei.

χ2
c =

∑ (Oi − Ei)
2

Ei

(3.3)

This function also manages the results by logging them into CSV files depend-

ing on whether the relationships are statistically significant or not, based on the

alpha value provided by the user. Files are created and managed in a specific di-

rectory structure to organize the results of dependent and independent outcomes.

Execution begins by setting the alpha level via a tkinter dialog box, ensuring

user interaction for critical input, the level of significance for the test α. After setting

up the necessary file structure and ensuring that previous results are cleared, the

script fetches data using custom functions (get_data and get_gate_data) from a

predefined structure or database. The data is then used in pairwise comparisons

between different sets of experimental conditions, such as comparing PBMC and

TIL within the ’T-homing’ flow cytometry protocol or comparing gate percentages

from T-cell analysis in PBMCs against ELISAdata measuring optical density (OD)

in WBA assays. It is organized to facilitate multiple comparisons, efficiently out-

putting data descriptions, conducting the chi-squared statistical test, and system-

atically saving and presenting the results.
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Appendix B at B.1, contains the entire script/module.

3.4.7 2_test_t_test.py

The present script focuses on analyzing and comparing immune response data by

performing statistical t-tests on flow cytometry results from two types of samples:

Peripheral Blood Mononuclear Cells, PBMC and Tumor-Infiltrating Lymphocytes,

TIL. It utilizes the Python libraries scipy.stats for statistical analysis and tkinter for

user input, alongside custom functions to fetch and process data.

The script starts by asking the user to input a significance level (alpha, α)

through a tkinter dialog box, later used to determine the significance of the statis-

tical tests. It then retrieves specific gate data (like Th1 and Th2 gates) from both

PBMC and TIL, calculating averages for specific markers within these gates us-

ing the get_average function. Markers for Th1 gates include CXCR3 and CCR6,

while Th2 gates focuses on CCR4 and CCR6.

The script then proceeds to evaluate the normality of these datasets using

the Anderson-Darling test. If the data follows a normal distribution, it performs a

paired t-test, using the equation 3.4. The observed mean of first sample x1 and

observed mean of second sample x2 and standard deviation of first sample s21 and

standard deviation of second sample s22 and sample size of first sample, n1 and

sample size second sample, n2 as in the equation.

t =
(x1 − x2)√

s21
n1

+
s22
n2

(3.4)

Otherwise, it applies a Wilcoxon signed-rank test to assess differences in the

markers between PBMC and TIL for both Th1 and Th2. The outputs include t-

statistics, p-values, and decision statements on whether the null hypothesis (no

difference between PBMC and TIL) can be rejected or accepted based on the

alpha level provided. This structured approach allows for a rigorous analysis of

immunological data, aiming to understand differences in immune responses be-

tween peripheral blood and tumor environments. Appendix B at B.1, contains the

script/module.

3.4.8 data_export.py

Although still incomplete and not fully integrated the goal of this script was to in-

teract with a MySQL database using a graphical user interface (GUI) created with
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tkinter and ttkbootstrap. It facilitates data entry and querying within a biomedi-

cal research context, focusing on data management tasks associated with ELISA

results, patient samples, and other related clinical data.

The core functionality includes connecting to a MySQL database and exe-

cuting SQL queries to fetch or manipulate data. The query_database function

performs SQL queries, specifically handling SELECT statements by fetching all

results from the database cursor. The GUI component is built using tkinter and

styled with ttkbootstrap, which provides themed widgets for a more visually ap-

pealing interface.

The script sets up a dynamic form based on selected database tables, such

as ’elisa’, ’patient’, ’sample’, and various others.

Users can select a table from a dropdownmenu, which triggers the build_menu

function to create a data entry form tailored to the specific columns of the chosen

table. The form fields are dynamically adjusted according to the table structure

defined in table_cols dictionary, and user inputs are gathered using dropdowns or

text entries according to the form_items dictionary, which specifies the required

data type and possible values for each field.

Interaction starts with the main window where users pick a database table,

and upon selection, the relevant form is generated for data entry. This interface is

part of a larger system designed to streamline data entry and querying processes

in biomedical research, making it easier to manage complex datasets related to

various types of clinical analyses. In theAppendix B at B.1, it is possible to consult

this script/module.
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4

Dıscussıon and Results

The presentation of results is accompanied by a discussion. Firstly there is the

presentation of ELISA results from TIL and WBA.

Secondly the results from correlation between CD4-Thelper, CD8-cytotoxic

andTCRγδ T-cells relative frequencies from ICS, IFNγ release from flow cytometry

against peptides, versus IFNγ concentration results from ELISA.

Thirdly the results from the Chi-squared assays, discussed with level of signif-

icance of 1 and 5%. Finally we present the t-test comparison of Th1 from PBMC

versus TIL, and Th2 from PBMC versus TIL results and a desicion based on the

p-value.

the results from flow cytometry assays, as a mean from main populations with

interesting results and statistical comparison test with results that correlate with

the study.

4.1 ELISA results from TILs and WBA

In these assays, the variable under study is the average concentration of inter-

feron gamma IFNγ. The results per patient are shown below of the synthetic pep-

tide recognition assay, displaying the immune response of the patient and eliciting

the function of immune cells in the peripheral blood versus the enriched TILs.

As previously explained in the Methods section the WBA was performed with

blood collected in pre-surgery setting.

The IFNγ concentration reported here is without the medium control concen-

tration, meaning that values presented here relate to a positive response above

medium control.

The differences in IFNγ production in response to the same stimuli suggest that

these immune-monitoring functional assays need to be carefully calibrated and

standardized to ensure consistent results across different tests and time points.
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CHAPTER 4. DISCUSSION AND RESULTS

Figure 4.1: 4PL - four parameter logistics curve calibration from ELISA samples

However, some patients, like patient three and four reveal higher functionality

of TILs when compared to immune cells fromwhole blood. This result is congruent

with the literature reviewed in the literature review chapter as to TILs being capa-

ble of recognizing a broader range of tumor associated antigens and neoantigens

with single nucleotide variants used in this experiment as synthetic peptides.

All the ELISA results were extracted through the use of 4 parameter logistic

curve, all reported a coefficient of determination (r2) above 0.95, proving that all

the ELISA in here have a almost perfect interpolated curve, has it can be seen in

figure 4.1, presented on the top of this page.

ELISA is a cost-effective option compared to IsoPlexisTM [138] or multiplex anal-

ysis platforms, offering a budget-friendly means of cytokine detection.

However, its primary limitation lies in its ability to measure only one cytokine

at a time, unlike more comprehensive, but expensive like multiplex technologies.
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4.1. ELISA RESULTS FROM TILS AND WBA

4.1.1 Patient 1

From the 2 graphs in the presented figure 4.2, we can see an immune response,

TILs against synthetic peptide assay are the response of two peptides, KRASP3

and KRASP1 (wild type (WT)), showing a similar level of IFNγ production, around

0.456-0.460 pg/mL.

Both peptides elicit a similar immune response as indicated by the almost iden-

tical IFNγ levels, which suggests these peptides may be similarly recognized by

the patient’s immune system present in tumor infiltrating lymphocytes.

The WBA expresses a response for the control (EBNA), a standard viral anti-

gen used to gauge the immune response’s baseline, and peptides Survivin mix

(1-33) elicits the highest response at approximately 0.0758 pg/mL, Mesothelin

MPF-11, and Survivin (97-111) show a moderate response. Here, the peptides

elicit stronger immune responses than the control, as shown by higher IFNγ con-

centration levels.

Comparing the two graphs, we see a wider range of IFNγ concentrations in the

second graph. This suggests a more variable immune response to the different

peptides presented in TILs against synthetic peptides.

The control (EBNA) in the second graph (b) has a lower IFNγ concentration

than the peptides, suggesting that the peptides are likely to be more relevant

targets for the immune response in this particular patient.

The peripheral blood against the synthetic peptides, from the WBA shown in

the second graph reveals a very narrow range of IFNγ concentration, whereas

the first graph shows both higher values and a broader range. This could indicate

that TILs are more immunogenic or that they represent a broader repertoire of

antigens.

(a) Patient 1 - TIL - IFNγ concentration (b) Patient 1 - WBA - IFNγ concentration

Figure 4.2: Patient 1 - ELISA results from IFNγ production against synthetic pep-

tides
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CHAPTER 4. DISCUSSION AND RESULTS

4.1.2 Patient 2

At the bottom of the page the are results for this patient in the graphs, in figure 4.3.

The WBA displays the highest concentration of IFNγ is in response to the ’NY-

ESO mix (1-43)’, whereas the WBA, ’Mesothelin MPF-8’ and ’Mesothelin MPF-1’

induced the highest IFNγ production. This difference may point to the specific

immunogenicity of these peptides in the context of the patient’s immune system.

The second graph (b), as to the WBA, displays a notable immune response to

’Survivin mix (1-33)’, ’Survivin (97-111)’, and several ’Mesothelin MPF’ and ’NY-

ESO’ peptides which are not present in the first graph the TIL assay.

As an overall the range of IFNγ Concentration: The range of IFNγ concen-

tration in the second graph, as WBA recognition, is broader (approximately 0.35

to 0.43 pg/mL) compared to the first graph, as to TIL recognition (approximately

0.167 to 0.171 pg/mL). This suggests that viral antigens, peptides, and controls

in the second graph elicited a wider range of immune responses as measured by

IFNγ production.

By comparing the two graphs, specific antigens such as ’Mesothelin GPI P40

(596-610)’ and ’NY-ESO mix (1-43)’ can be seen in both graphs. They elicit dif-

ferent levels of IFNγ production in the two graphs.

As to the controls, they are consistent, PHA and M1 mix in the first graph,

Haemagglutinin and PHA in the second, show a consistent low-level IFNγ pro-

duction in both graphs. The consistency of controls responses suggests that the

experimental setup is reliable.

As a conclusion, the level of IFNγ production is higher in WBA, suggesting that

the patient’s immune system was more activated.

(a) Patient 2 - TIL - IFNγ concentration (b) Patient 2 - WBA - IFNγ concentration

Figure 4.3: Patient 2 - ELISA results from IFNγ production against synthetic pep-

tides
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4.1. ELISA RESULTS FROM TILS AND WBA

4.1.3 Patient 3

This patient results are shown in the graphs presented in the figure 4.4 at the

bottom of the page.

The range of IFNγ concentrations in the second graph(b), the WBA, approx-

imately 0.36 to 0.43 pg/mL which is significantly higher than the first graph, the

TIL, of approximately 0.11 to 0.15 pg/mL.

This suggests that the WBA detected a stronger immune response or had a

higher sensitivity.

In the TIL, the highest IFNγ production is in response to the ’EGFR’, whereas in

the second graph, the ’KRAS’ peptides seem to elicit the strongest response.The

controls (PHA, OKT3, M1 mix, Haemagglutinin, EBNA, and CMV) show varied

responses between the two graphs. For instance, PHA shows a higher IFNγ re-

sponse in the WBA compared to the first.

This may suggest differences in the functionality of the controls between the

two assays or variability in the patient’s response.

Antigens such as ’KRAS’ peptides are present in both graphs, with ’KRAS’

peptides showing higher IFNγ levels in the second graph, suggesting these pep-

tides may be more immunogenic.

There is a trend toward stronger immune responses to certain ’KRAS’ pep-

tides, and the WBA captures a broader range of these responses.

The TIL against peptide recognition shows a more uniform response across

different peptides, with a narrower concentration range. In contrast, the WBA

which shows a much wider range of responses, with ’KRAS’ peptides showing

the highest levels of IFNγ, which could indicate a robust immune reaction to these

particular peptides.

(a) Patient 3 - TIL - IFNγ concentration (b) Patient 3 - WBA - IFNγ concentration

Figure 4.4: Patient 3 - ELISA results from IFNγ production against synthetic pep-

tides
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4.1.4 Patient 4

The results for this patient are depicted in the graphs on the figure 4.5 below. In the

the first graph (a),TILs displays a narrower range of IFNγ concentrations, approx-

imately 0.24 to 0.30 pg/mL, with the highest responses to the control (PHA) and

viral antigens (CMV and EBNA). The WBA shows a range of approximately 0.188

to 0.195 pg/mL with the highest responses to peptides (specifically Mesothelin

GPI P41 (601-605) and NY-ESO mix (1-43)).

In the TILs, the immune response to peptides is minimal when compared to the

response to viral antigens and controls. In contrast, theWBA shows amore robust

immune response to peptides, with relatively little variation among the different

peptides tested.

The PHA, show a significantly higher IFNγ production in the TILs, which serves

as a positive control to indicate the functionality of the assay. The WBA does not

report these controls.

The level of IFNγ in the TIL has the highest response to PHA, a common

mitogen used to stimulate T-cell activity in these types of assays. In the WBA,

the peptides related to ’Mesothelin GPI P41 (601-605)’ and ’NY-ESO mix (1-43)’

evoke the highest responses.

The TILs response may indicate a general state of immune activation, as evi-

denced by the higher IFNγ levels in response to viral antigens and controls. This

could be indicative of an immune system that is already primed or reactive to these

stimuli.

The differences between the two graphs (a) and (b) may be due to the differ-

ences in patient’s immune system reacts to these stimuli from peripheral blood

versus lymphocytes near the tumor.

(a) Patient 4 - TIL - IFNγ concentration (b) Patient 4 - WBA - IFNγ concentration

Figure 4.5: Patient 4 - ELISA results from IFNγ production against synthetic pep-

tides
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4.1. ELISA RESULTS FROM TILS AND WBA

4.1.5 Patient 5

The results for this patient are shown in graphs presented in the figure 4.6 below.

In this patient the WBA show a higher range of IFNγ concentrations (approxi-

mately 0.102 to 0.116 pg/mL) than the TIL (approximately 0.076 to 0.080 pg/mL).

This could indicate that the immune response to the peptides tested in the WBA

was stronger or more varied. The TIL indicates that ’KRASP3’ and ’KRASP1 (WT)’

peptides elicited the highest IFNγ concentrations, which suggests a significant im-

mune response to these peptides.

In contrast, the WBA shows the ’NY-ESO mix (1-43)’ and other ’NY-ESO’ pep-

tides producing the highest IFNγ levels, indicating a stronger immune response

to these peptides compared to ’ESA6’, which has a lower response.

The control responses in the TIL (PHA, OKT3, Haemagglutinin, CMV, EBNA)

show lower IFNγ production compared to the peptides, while in theWBA ’ESA6’, a

viral antigen, elicited the least IFNγ production among all the tested substances.

The consistency of the control responses within each graph suggests that the

assay conditions were controlled effectively.

The graphs (a) and (b) show that different antigens and peptides can elicit

fluctuating levels of IFNγ production, reflecting the patient’s immune response.

The peptides ’KRASP3’ and ’KRASP1 (WT)’ peptides in the TILs, and the ’NY-

ESO mix (1-43)’ in WBA, elicited the strongest immune responses as measured

by IFNγ production. This suggests that these particular peptides may be the most

immunogenic for this patient or that induced higher IFNγ production under in vitro

testing.

(a) Patient 5 - TIL - IFNγ concentration (b) Patient 5 - WBA - IFNγ concentration

Figure 4.6: Patient 5 - ELISA results from IFNγ production against synthetic pep-

tides
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4.2 T-cell panel results from Flow Cytometry

The results presented here are from the T-cell activation panel and T-cell subset

panel from the five patients sample are in figure 4.7.

The percentages of precursor and central memory (TCM) CD8+ T cells are

relatively similar in PBMCs and TILs, with wide variability between samples and

within the population. The effector T-cells (TEFF) from PBMCs present a similar

percentage to the TILs as to the effector memory (TEM) compared to effector T-

cells (TEFF), TEM are present in higher percentages in PBMCs and TILs. This

could indicate a more activated or differentiated state in the bloodstream as TEM

are moderately higher than TILs.

Regarding tissue residency and activation, CD8+ CD103+ T-cells are markedly

higher in TILs, which fits with CD103 association with tissue-resident memory

T-cells. Similarly, CD8+ T-cells expressing activation markers (CD95+, CD39+,

CD69+) are also present in greater percentages in TILs. Reporting in a clinical

setting the CD39 CD69 T-cells profile may represent a good prognosis if they are

CD39-, CD69- or a bad prognosis in the case of being CD39+, CD69+, since there

is association with non-responders to TIL therapy according to the Rosenberg et

al.[139]

The CD95 marker is more present in PBMCs as compared to the tumor mi-

croenvironment TILs revealing the exhaustion of TILs as compared to PBMCs,

which fits with T-cell fitness of PBMCs versus TILs.

Overall, this data suggests a differential state of activation and memory CD95+

status of CD8+ T-cells when comparing the systemic circulation PBMCs to the tu-

mor microenvironment TILs. There is a pronounced activated and tissue-resident

phenotype CD103+ within the TIL.

If a gate was not included in the flowjo workspace then it is not included in

the difference T-cell panel results, demonstrating that the experimental was not

performed correctly or that the FlowJoTM workspace analysis excluded the gate

on the extracted and presented population in the graph as n.a. for not available.
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4.2. T-CELL PANEL RESULTS FROM FLOW CYTOMETRY

Figure 4.7: T-cell subset and activation panel results
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4.3 Intracellular Cytokine Staining results

The Intracellular cytokine staining are shown in figure 4.8 at the bottom of this

page shows a comparison of the percentages of different T cell subsets between

PBMCs and TILs. This bar graph presents the percentage of CD4+ and CD8+

T-cells producing IFNγ as detected by Intracellular Cytokine Staining (ICS) within

PBMC and TIL.

Concerning CD4+, both PBMC and TIL show a similar low percentage of CD4+

T-cells producing IFNγ, with TIL having slightly less variability as indicated by

shorter error bars. The presence of IFNγ-producing CD4+ T-cells might suggests

a Th1-type immune response.

Regarding CD8+ a higher percentage of CD8+ T-cells in PBMC are producing

IFNγ compared to CD8+ T-cells in TIL. The broader error bars for PBMC indicate

more variability in the IFNγ production within this group. CD8+ T-cells are cytotoxic

and their IFNγ production is crucial for the direct killing of tumor cells, so this result

correlates with the literature review.

The graph suggests that systemic CD8+ T-cells in PBMChave a higher propen-

sity to produce IFNγ compared to those localized within the tumor microenviron-

ment IFNγ, which could indicate suppression or exhaustion of TIL in the tumor

milieu or perhaps different stages of activation.

For TCRγδ T-cells IFNγ positive indicate that TILs have a more robust re-

sponse compared to PBMCs. The larger variability in TIL could suggest hetero-

geneous responses within the TIL population or differences in the tumor microen-

vironment affecting IFNγ production.

Note that the error bars indicate the standard deviation within the sampled

population for each group, showing how the response varies among the T-cells.

Shorter error bars for TIL could suggest a more homogeneous response within

the tumor environment, while longer bars for PBMC could indicate a more diverse

immune status in the blood.

The current graph does not show the CD107a degranulation marker, which

could provide an additional indication of T-cell degranulation upon antigen en-

counter. In this experimental setting, the synthetic peptide would resemble the

tumour antigen.
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4.3. INTRACELLULAR CYTOKINE STAINING RESULTS

Figure 4.8: Intracellular Cytokine Staining results for CD4+, CD8+ and TCRγδ+
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4.4 Chi-squared results comparing flow cytometry

results against ELISA results

Acomparison between T-cell responses asmeasured by ELISA fromWhole Blood

Assay WBA and Intracellular Cytokine Staining ICS of PBMC, results that were

presented previously.

Specifically, the immune responses of various T-cell subsets, including CD8,

CD4, and TCRγδ T-cells, are evaluated for their production of IFNγ in reaction to

synthetic peptides.

Revealing with a level of significance of 1% and 5% that Survivin mix (1-33),

Survivin (97-111) and Mesothelin MPF-11 reveals a level of dependency with the

different gated T-cells. Suggesting a level of T-cell functionality from this group

of patients against these peptides out from 30 peptides used in the experimental

plan in the co-culture assay.

4.5 Linear Regression Results

This data analysis was designed to assess the release of interferon-gamma IFNγ

in response to synthetic peptides, as a measure of immune reactivity. Using intra-

cellular cytokine staining (ICS) flow cytometry method, we evaluated the relative

frequency of IFNγ from CD4, CD8, and TCDγδ T-cells versus the detection of

IFNγ after a 7-day culture detected via ELISA, comparing the relative frequency

of these T-cell populations in peripheral blood mononuclear cells (PBMCs) and

tumor-infiltrating lymphocytes (TILs) against the IFNγ released when in contact

with a range of synthetic peptides.

The differences in IFNγ levels released in reaction with these peptides provide

insights into the specificity and potency of the immune response in the context of

both systemic and tumor-localized immune environments. This approach could

offers valuable information for immunological assessment of potential T-cell phe-

notype weighting more or less in the IFNγ production.

The results here are an average from all the patient samples, since all had

epithelial cancer.

It does not show linear correlation because of ’bulk’ immune cells and not

sorted or because it is mechanistically impossible to correlate the IFNγ present

in the supernatant from co-culture with synthetic peptides with ICS, it remains

therfore unclear.
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4.5. LINEAR REGRESSION RESULTS

This may be partly due to the fact that thawing the supernatants from the co-

culture assay to perform the ELISA may degrade the IFNγ cytokine, or it may be

necessary to discard outliers in the presented graphs.

The values of the ELISA from PBMCs are higher due to the presence of both

CD4, CD8 T cells and NK cells resulting in higher concentrations of IFNγ present

in the supernatant.

It may be interesting to improve such assay and analysis by separating per

synthetic peptide cytokine response to reach a clear analysis.
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4.5.1 CD4+ versus IFNγ+ production from ELISA

TIL and WBA

The linear correlation is low. The coefficient of determination is 0.013 for TIL and

0.006 for PBMC derived from whole blood in pre-surgery. This can be seen in the

figure 4.9 below, with the two presented graphs.

(a) ICS CD4 TIL IFNγ+ (b) ICS CD4 PBMC IFNγ+

Figure 4.9: ICS CD4 IFNγ+ versus ELISA results from IFNγ production against

synthetic peptides

4.5.2 CD8+ versus IFNγ+ production from ELISA

TIL and WBA

The coefficient of determination is 0.001 for TIL and 0.008 for PBMC derived from

whole blood in pre-surgery. This can be seen in the figure 4.10 below with the two

generated graphs.

(a) ICS CD8 TIL IFNγ+ (b) ICS CD8 PBMC IFNγ+

Figure 4.10: ICS CD8 IFNγ+ versus ELISA results from IFNγ production against

synthetic peptides
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4.5. LINEAR REGRESSION RESULTS

4.5.3 TCRγδ+ versus IFNγ+ production from ELISA

TIL and WBA

In here the linear correlation reveals a low degree. The coefficient of determination

is 0.116 for TIL and 0.023 for PBMC derived from whole blood in pre-surgery. This

can be seen in the figure 4.11 below with the two graphs.

(a) ICS TCRγδ+ TIL IFNγ+ (b) ICS TCRγδ+ PBMC IFNγ+

Figure 4.11: ICS TCRγδ+ IFNγ+ versus ELISA results from IFN production against

synthetic peptides

As a final conclusion, the linear regression here presented is not a good corre-

lation, this can be explained to the fact that these are non-sorted T-cells, meaning

that with this analysis performed on non-sorted cells it is difficult to elicit any great

correlation between T-cell phenotype versus IFNγ production from ELISA.

However, it can be used and explored for comparison between T-cell pheno-

type of sorted cells from the same phenotype against peptides of potential interest,

so this script can be applied in that context.

Furthermore, this module can be improved to perform the correlation between

IFNγ produced during intracellular cytokine staining versus the synthetic peptides

co-culture assay that reports IFNγ as well.
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4.6 T-homing Assay Results

T-homing bar graph in the figure 4.12 below, shows a comparison of the per-

centages of different T cell subsets between peripheral blood mononuclear cells

PBMCs and tumor-infiltrating lymphocytes TILs. It measures the gate percent-

ages for four different T-cell types: CD4+ Th1, CD4+ Th2, CD4+ Th17, and CD8+

T-scm.

Figure 4.12: T-homing results, average from 5 patient sample

The percentage of CD4+ Th1 cells is higher in PBMCs than in TILs. PBMCs

have a lower percentage of CD4+ Th2 cells compared to TILs, but the difference

is not as pronounced as with CD4+ Th1 cells. The percentage of CD4+ Th17

cells is significantly higher in TILs than in PBMCs. CD8+ T-scm cells are present

in PBMCs only since there was a mistake while running the in vitro assay for

T-homing on TILs. Overall, this suggests that the composition of T-cell subsets

in the tumor environment is different from that in the peripheral blood, which is

expected since TILs are selected for their ability to recognize and respond to tumor

antigens. The higher percentage of CD4+ Th17 cells among TILs might indicate

a role for this subset in the immune response against the tumor, while the lower

percentages of CD4+ Th1 and CD8+ T-scm cells in TILs could suggest a reduced

presence or recruitment of these cells to the tumor site or a consumption of these

cells within the tumor microenvironment. These relationships of dependency are

presented below.
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4.6. T-HOMING ASSAY RESULTS

4.6.1 Chi-squared test results for T-homing

From this analysis it is possible to extract some relations of dependency based of

the calculated p-value. The results presented below appeared due to the obtained

p-value being lower than the significance level of 1% and 5%.

By comparing gate relative frequencies from flow cytometry assays of T-homing

from TILs against PBMCs we can verify the relationships between T-cell pheno-

types as stated in the table 4.1 below.

Table 4.1: Chi-squared, T-homing PBMC versus TILs

PBMCs versus TILs

Th2 - CD4+ CCR6- CCR4+ vs Th17 - CD4+ CCR6+ CCR4+ CXCR3-

Th2 - CD4+ CCR6- CCR4+ vs Th1 - CD4+ CCR4- CXCR3+ CXCR3+

Th1 - CD4+ CCR4- CXCR3+ vs Th17 - CD4+ CCR6+ CCR4+ CXCR3-

Th1 - CD4+ CCR4- CXCR3+ vs Th2 - CD4+ CCR6- CCR4+ CXCR3-

Tscm - CD8+ CD95+

CD45RA+ CCR7+
vs Th17 - CD4+ CCR6+ CCR4+ CXCR3-

Tscm - CD8+ CD95+

CD45RA+ CCR7+
vs Th1 - CD4+ CCR4- CXCR3+ CXCR3+

Tscm - CD8+ CD95+

CD45RA+ CCR7+
vs Th2 - CD4+ CCR6- CCR4+ CXCR3-
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4.6.2 T-test to compare MFI of Th1 and Th2 in TILs and

PBMCs

As to comparing Th1 cells in Peripheral Blood Mononuclear Cells (PBMCs) MFI

value to Th1 cells in Tumor-Infiltrating Lymphocytes (TILs) MFI value. The results

are shown in figure 4.13 extracted from the Python script ”2_t_test.py” shown in

the bottom.

For Th1 PBMCs versus Th1 TILs, the t-statistic is 4.41844, and the p-value is

approximately 0.14165. The p-value is higher than the typical level of significance

alpha of 0.05 suggesting that there is no statistically significant difference between

the mean responses of Th1 PBMCs and Th1 TILs.

As for the Th2 PBMCs versus Th2 TILs, the second test compares Th2 cells

in PBMCs to Th2 cells in TILs.

The t-statistic is 4.48855, and the p-value is approximately 0.13955. Simi-

larly, this p-value does not indicate a statistically significant difference between

the mean responses of Th2 PBMCs and Th2 TILs.

In summary, the statistical tests performed did not find significant differences

between the mean values of Th1 and Th2 cells in PBMCs compared to TILs. Fi-

nally, even though there is a level of dependency between the crossed population

situtation, this is Th1 against Th2, reported with the chi-squared test presented in

above.

Figure 4.13: t-test results - Th1 PBMC versus Th1 TIL and Th2 PBMC versus Th2

TIL
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Conclusıons and Future Work

Cancer essentially arises from a collection of mutations that cause cells to behave

abnormally, sometimes in predictable ways and at other times randomly. These

aberrations distinguish tumor cells from their normal counterparts, despite both

originating from the same organism.

At their core, however, tumor cells diverge significantly from normal cells in

terms of function and structure, although they share the same genetic foundation.

The immune system plays a crucial role in identifying and eliminating cells that

deviate from the norm due to genetic mutations, such as deletions or insertions,

showcasing the immune system’s capacity to target and destroy aberrant cells.

This ability underscores the significant variance among individuals, primarily

attributed to the diversity of the immune system. While most genes not directly

related to immunity are remarkably similar across individuals, it is the unique char-

acteristics of each person’s immune response that primarily define their distinct

biological identity.

This analysis explored the differences between immune cells from the circulat-

ing system versus immune cells from the tumor environment and what impact they

might have in terms of functional assessment of one type of immune cell, T-cells,

like in the figure 5.1, using ELISA, shown on the next page. The proposed work-

flow holds significant potential for advancing personalized cancer immunotherapy.

The results extracted with ELISA from five patients are discrepant and incon-

sistent.

This fact can be due to donor variability, and controls such as Phytohaemag-

glutinin (PHA), do not appear. Also the overall IFNγ production from the tumor as-

sociated antigens (TAA) and neoantigens after medium control, result in marginal

concentration values, raging from 0.1pg/mL to 0.5pg/mL.

However, the script works, but would require different ELISA results for further

validation to compare with the obtained results here.
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Figure 5.1: Immunoanalysis Workflow for Personalized Neoepitope Discovery

and Immune Response Assay - designed in BioRenderTM[140]

The same discrepant results occur from Flow cytometry results extracted with

flowjo.py script, this can be due to lack of optimization of the cytometry results

since the program works as an extraction and graphing report.

Improvements should be developed in this package to control the gates which

can be achieved with the used of gating ML, a machine learning tool that can opti-

mize the gates from flow cytometry and therefore improving the obtained results.

However the scripts developed in statistical scope, gathering the required data

extracted from elisa.py and flowjo.py work as expected and perform the required

comparisons and correlations. Although the ELISA results affected negatively the

linear regression or linear correlation performed with linreg.py, since the IFNγ

production from co-culture with synthetic peptides is minimal.

Although a connection is observed among Survivin mix (1-33), Survivin (97-

111), andMesothelin MPF-11 Human antigens with different gated T-cells implying

a possible T-cell effectiveness within this patient group when exposed to these

peptides.

Moreover, the Th1 and Th2 comparison performed on 1_test_chi_squared.py

have a great value as a T-cell product qualification assay before infusion, in the

context of TIL therapy.
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Another improvement to the pipeline would be the integration of fresh-frozen

or paraffin-embedded tumor tissue analysis with PBMC as a control, to allow com-

prehensive identification of neoepitopes tailored to a patient’s unique tumor pro-

file.

The inclusion of DNA and RNA isolation in future, allows the sequencing, and

matching with the patient’s HLA typing, culminating in in vitro re-stimulation assays

that measure IFNγ release.

This could result in a more targeted vaccine or therapy design, capable of elic-

iting a robust immune response by considering both shared and individual/private

tumor antigen landscapes.

The exclusive ability to collect samples from patients with epithelial tumors

easily undergoes decompensation, such as the results presented retrospectively,

has made it possible to provide an objective window into the variations in the type

of T-cells circulating in the tumor and the T-cells circulating in the patient’s body.

In this way, immunomonitoring has once again demonstrated its fundamental

role in the role in the follow-up of tumor patients. It enables a more personalised

therapy in the long term, since in this particular case it allows the identification of

recognition patterns on the part of the T-cells.

The dynamic interaction between cytometry and ELISA can further charac-

terise the trajectory of the patient, requiring longitudinal measurements and not

just single readings. The challenge is to integrate data from an epithelial tumor

type population and continuous immunomonitoring at an individual level. Fur-

thermore, real predictors with collinearity must be combined, including different

physiological sensors and biomarkers.
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5.0.1 Limitations

One of the major limitations of the current study is the exclusion of dendritic cells

or immortalized B-cells for pulsing with synthetic peptides, which could potentially

enhance the immunogenicity profile of the neoantigens being studied. However,

the in silico pipeline established in this research is flexible and can be readily

adapted to incorporate this additional layer in future experiments.

Another notable constraint is the small sample size, limited to only five sam-

ples, restricts the statistical power and the generalisation of the findings.

Additionally, the project encountered setbacks in finalizing the database and

establishing proper linkages with the data_export.py script and MySQL, hinder-

ing the seamless integration and retrieval of data, which is essential for compre-

hensive analysis and interpretation of the results or for further development of

longitudinal studies within immunomonitoring. A MySQL database diagram was

developed but needs further improvement, as depicted in Figure 5.2.

These limitations outline areas for improvement and further research to bolster

the robustness and applicability of the study’s outcomes.

The study’s methodology did not incorporate the use of sorted cells, relying

solely on non-sorted cell populations. This decision may have a significant im-

pact on the results, as sorted cells could provide a more refined and enriched

population for analysis, potentially leading to different immunogenicity outcomes.

The absence of sorted cells may have limited the ability to discern subtle ef-

fects and specific immune responses attributable to particular cell types. This

factor must be taken into consideration when interpreting the study’s findings and

could be addressed in future, to improve the accuracy and specificity of the im-

munological assays here developed.

To note that it was not considered yet the integration of immunohistochemistry

and TCR sequencing with script modules was not considered yet into immuno-

monitoring clinical database in this project, although it could significantly enhance

adoptive cell therapies for solid tumors.

The inclusion of TCR sequencing enables precise tracking and analysis of

T-cell populations, aiding in the selection of tumor-specific T-cell receptors con-

tributing to understanding the diversity and dynamics of T-cell repertoires over

time, essential for optimizing T-cell therapies and predicting patient responses.

It can lead to more effective adoptive cell therapies by ensuring that the T-cells

used are most likely to recognize and target the cancer cells.

Also the integration of immunohistochemistry, allows to visualize the location

and activation status of T-cells within tumor tissues, which provides insights into
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the in vivo dynamics and functionality and effectiveness of the T-cell therapies.

This adds a detailed and functional understanding of therapeutic T-cells, lead-

ing to improved patient outcomes in solid tumor contexts.

Although not developed within this project but essential for transduced T-cells

with targets with TCR or CAR constructs via virus, determining the viral copy num-

ber in genetically modified T-cells can be crucial for ensuring safety and efficacy.
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5.0.2 Future Developments

There is room for further development and improvement.

Not least because some of the modules developed in the context of this thesis

respond to the functionality of T-cells in a tumor environment.

However, in the context of genetically modified T-cells with a target via the

TCR or CAR, there are necessary modules that have not been considered in this

project, such as a viral copy number module if the genetic modification is carried

out via the viral route. In addition, the proposed flow cytometry panels should

include a detection in the case of TCR-T or CAR-T, such as G4S linker or LNGFR

as examples of tag markers.[141]

In other words, the modules here developed, are specifically designed for the

context of functional identification of T-cells from epithelial tumors, it has not been

considered assays for genetically modified T-cells.

To this end, the first and most important step is to optimise some of the in vitro

assays developed here, since the assays have unclear results in certain markers

that would be important in the cytometry panels developed, since certain datasets

do not contain information. Once all the parameters proposed here have been

obtained, it could be important in the decision making process. It will be possible

to develop a robust database (a proposed diagram, which needs improvement,

is presented in figure 5.2 on the next page), with connection via the script under

development, data_export.py that collects the parameters proposed.

Some of the modules developed are already prepared to receive data, such

as ELISA data from WBA or TILs.

Here capable of suggesting more informed therapies and clinical decisions or

the development of more specific and standardised clinical trials with the informa-

tion collected.

In addition, it may be important to explore the removal of variables that may

be considered without actually being considered, although this decision needs to

be discussed within a immune cell manufacturing team.

Variables that may be considered without actually carrying much weight in

the decision, such as variables related to the development of associated with the

development of a particular cell therapy. In this way, the system can be optimised

to make it simpler and more specific.

The model can be updated easily and quickly in the future. To do this all you

need to do is correctly store all the cases you want to include in the suggested

directory.

For ELISA assays, all you need is the Excel file with the correct structure,
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Figure 5.2: Proposed Database Diagram - designed in MySQL WorkbenchTM

which can be used for ELISA assays that detect other cytokines as long as the

data entry is correct and reliable.

For cytometry assays, simply place the fcs files obtained from the reading of

the cell phenotype by the cytometry instrument in the directory and the gating

strategy carried out in the commercial software FlowJoTM, the specific workspace

file for the fcs data and the percentages of cell markers and specific MFI are

extracted. The set of modules is simply run to perform the analyses suggested

here.

However, there is scope to introduce further scripts that may be required, for

example, for the development of specific cell therapies:

• Cell Counting module

A critical aspect of immune cell therapy is administering the correct dose of

immune cells to a patient. Cell counting ensures enough viable cells are manu-

factured for therapeutic efficacy.

During the manufacturing process of immune cells, counting should be con-

sistent and repeatable. This data helps monitor process consistency and identify

any deviations that could affect cell quality or yield, plus it ensures that the final

product meets the pre-determined cell number and viability.
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This way a script that can store the cell numbers obtained from the different

timepoints of the manufacturing process would allow the overview of the immune

cell growth overtime. Furthermore, it can ensure consistent counting protocols

are followed across different batches and users.

• Telomere analysis

There is growing evidence that manipulating telomeres in TILs could potentially

improve their fitness and therapeutic efficacy.[142]

Telomeres themselves, which are repetitive DNA sequences at the ends of

chromosomes, are typically studied using DNAsequencing techniques. However,

aspects of telomere regulation, such as the activity of telomerase (the enzyme re-

sponsible for maintaining telomeres), can also be explored using RNAsequencing

(RNA-seq).[142, 143]

Research shows that TILs with longer telomeres tend to persist longer in pa-

tients undergoing adoptive cell transfer therapy, leading to better tumor regression

outcomes. Cells with short telomeres are prone to senescence after transfer,

while those with longer telomeres can continue to mediate antitumor effects.[142]

The enzyme telomerase, which extends telomeres, can enhance the prolif-

eration of TILs. Overexpression of telomerase components such as hTERT can

improve TIL fitness, making them more suitable for adoptive immunotherapy by

boosting their proliferative capacity.[144]

Since telomere length affects the persistence and effectiveness of TILs, strate-

gies targeting telomere maintenance in TILs could improve the effectiveness of

adoptive immunotherapy. Therefore, an inclusion of such a module in ACT on

TILs would be a good support.

• TCR analysis

TCR analysis will allow to confirm this hypothesis of which drugs modelates a

certain phenotype and determine whether the obtained cell product corresponds

to a monoclonal or polyclonal T-cell population. Since T-cells from some patients

recognized the autologous tumor cells, would also be interesting to determine the

Vα, Vβ, and Vγ, Vδ repertoires present in the PBMCs to ascertain whether tumor-

specific T-cells were only located at the tumor site or also in circulation. This can

be done using deep TCR sequencing.
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• Viral copy number

CAR-T or TCR-T products that are virally transduced require validation of the

viral copy number prior to infusion of the cell therapy product. This requires veri-

fication that the viral copy number is below 5 according to Food and Drug Admin-

istration (FDA) standards.[145]

Essentially, the number of viral copies quantified by Polymerase Chain Reac-

tion (PCR) analysis and the percentage of cells transduced with CAR or TCR by

cytometry analysis are compared between different groups of samples.

In this context, an improvement on script flowjo.py would be required to extract

the percentage of CAR or TCR, and a module for PCR analysis would need to be

developed in Python and incorporated into this pipeline.

• Seahorse XF data analysis

A module to analyze and extract data from Seahorse data, would allow to

reflect immune cell oxygen consumption and therefore metabolic process or to

indicate the rate at which cells produce lactic acid, a by product of glycolysis.

This would allow for optimization of immune cell products duringmanufacturing

to track changes in metabolic activity, comparing this profile with different immune

cells in different differentiation stages or treatment conditions on manufacturing

optimization.

Which allows the identification of disruptions in immune cell metabolism and

response to stimuli, so this is a valuable result for manufacturing.
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• Digital pathology module to evaluate histochemistry combined with

spatial transcriptomics

Such a script model can offer valuable insights into the tumor immune land-

scape in epithelial cancers, particularly regarding tumor-infiltrating lymphocytes

(TILs) and chimeric antigen receptor (CAR) or T-cell receptor (TCR) products.

Information on the tissue architecture and distribution of various cell types, in-

cluding immune cells which can be used to identify and quantify TILs by staining

for specific immune cell markers.

Then the digital pathology with high-resolution image analysis of tissue sec-

tions, allowing for more accurate and objective quantification.

Furthermore the use of spatial transcriptomics would reveal spatial localization

of gene expression within tissue section. It would gain a deeper understanding

of the immune response to epithelial cancers. This information can be used to

develop more targeted immunotherapies

• Integration site analysis

In the context of viraly transduced T-cells, like CAR-T and TCR-T, it is wise

to collect information about the integration site. Since Biasco et al were able to

demonstrate through the analysis on retroviral integration sites that adoptively

transferred CD8+ T memory stem cells (Tscm), the earliest differentiated circulat-

ing memory T-cell population possessing superior stem cell–like qualities iden-

tified thus far, preferentially survived in vivo compared with more differentiated

central memory (TCM) or effector memory T (TEM) cells in patients treated with

genetically modified lymphocytes.[146]

Amodel to analyze in the context of patients treated with adoptive cell therapy

would be essential to understand which differentiated genetically transduced T-

cell within the immune cell product retains a tumor effect and therefore improve

further ACT developments within immune cell products.

This tool would be applied in immune-monitoring of patients treated with ACT.
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Besides the in silico improvements that can be explored and added to the

pipeline, there are further improvements to be performed in the in vivo setting,

like:

• IFNγ production from co-culture assays with synthetic peptides

It would be necessary to repeat these assays with a higher sample size to

evaluate if the synthetic peptides used were active or not since the calibration

curve was well calibrated but the IFNγ was marginal and should reports higher

concentration values in theory.

• T-homing flow cytometry panel

Such improvements, are the flow cytometry panel on homing markers, since

the interaction between chemokine receptors and their ligands is a critical factor

for the proper homing of immune cells into tumor sites, a point that has been one of

the main challenges of the ACT-based cancer immunotherapies for solid tumors.

It is still necessary to perform some chemotaxis assays that confirm the migration

capacity of the expanded tumor-infiltrating cells into the tumor. To complement

these in vitro and in vivo assays, the chemokines released by the autologous

tumor could be determined through an ELISA, allowing to further confirm through

RNA-sequencing or flow cytometry whether the respective chemokine receptors

are expressed by the expanded T-cell product.

• Extract more information from T-cell flow cytometry panels

The improvement of these ACT as single therapies will allow their future com-

bination with αβ T-cells in a unique cell-based cancer immunotherapy, which will

offer the simultaneously targeting of MHC positive and negative tumor cells, re-

sulting in tumor eradication.

Thus, it would be interesting to first demonstrate in vitro the synergistic action

of non alpha beta T-cells and αβ T-cells.

Besides evaluating the IFNγ production, IL-17 production, CD107a expres-

sion and tumor cell death could also be determined. Moreover, it would also be

interesting to observe the live interactions between tumor cells and the different

immune cell types, individually or combined, since γδ T-cells have been suggested

to take up killed tumor cells and to cross-present them to αβ T-cells.
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5.0.3 Final Considerations

Developing a personalised neoepitope vaccine or adoptive cell therapies off-the-

shelf and tailored patient-specific combinations may seem an advanced concept.

However, with rapid technological and methodological advances leading to re-

duced costs and production time, it is not unlikely that this could become a stan-

dard of care for cancer patients in the future. Within a tumor sample, there can

be a variety of cell types and states. Cancer is not homogenous, different parts of

a tumor can behave differently, which complicates treatment. The adaptability of

the immune system, particularly TCR diversity, which is crucial for recognizing a

wide array of antigens presented by tumor cells. For solid or epithelial tumors the

microbiome, microbes in a particular environment, is noted, with ”cross-reactivity”

suggesting that the immune system might react to microbial antigens in ways that

influence cancer progression or treatment response. Also the timing and location

of these molecular events can have significant implications. The genomic and im-

munological complexity of cancer, implies different levels of biological information

that still need to be elicited.

The complexity of neoantigen diversity in cancer immunotherapy still under-

scores the importance of meticulously storing patient data from immunological

assays due to the overwhelmed meticulous experiments that require full attention

of technicians and researchers. In the context of personalized medicine a strong

patient data storage, especially in oncology, accounts as extremely important in-

formation.

Some patients may exhibit shared/common driver mutations and or private

patient-specific mutations it will be crucial in the long run and to keep the drive of

the ACT wave that still relies majorly on common shared tumor antigens.

Targeting the Tumor Mutational Burden (TMB) for cancer immunotherapy in-

volves a range of strategies, from neoantigen-directed antibodies to CAR T-cells,

and from shared neoantigen vaccines to TCR-transgenic T-cells and corrective

gene therapy.

Each approach relies on the unique immunological profile of the tumor and

the patient’s immune response, as it can be seen in figure 5.3, on the next page,

varying from the presence of shared or private mutations at the epithelial tumor.

This highlights the need for a detailed and accurate information management

system that can handle the diversity and complexity of this information.

Correct data storage and management of such patient-specific information en-

able the tailoring of treatment strategies that can effectively mobilize the body’s

immune system. High TCR diversity in T-cells extracted from TIL and peripheral
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Figure 5.3: Shared and Private mutations, how to target them? - designed in

BioRenderTM[140]

blood, along with the need for HLA-matched allogenic T-cells and personalized

cancer vaccines, demand robust data systems capable of handling multifaceted

and dynamic data sets.

Autologous effector cells, including B-cells and Dendritic Cells (DCs), derived

from tumors or blood, further add layers to the data complexity.

Thus, reliable data storage systems are fundamental to ensuring that the indi-

vidualized treatment plans are informed by accurate and comprehensive immuno-

logical profiles, acting as a decision support system capable of paving the way for

more effective and responsive cancer immunotherapies.
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A

Laboratory Consumables, Reagents

and Equipments

TableA.1: Table ofAntibodies and Fluorescent Dyes for

Flow Cytometry

Compo-

nent

Fluorophore Catalog No. Manufacturer Clone/ Isotype

hu-aCD3 APC - A750 A94680 Beckman Coulter UCHT1

hu-aCD4 PB B49197 Beckman Coulter 13BB.2

hu-aCD4 APC 344614 Biolegend SK3

hu-aCD8 KrO B00067 Beckman Coulter B9.11

hu-aCD8 A700 B76279 Beckman Coulter B9.11

hu-

aCD27

PC7 356412 Biolegend M-T271

hu-

aCD28

ECD 6607111 Beckman Coulter CD28.2

hu-

aCD39

ECD 328224 Biolegend A1

hu-

aCD45

KrO A96416 Beckman Coulter J33

hu-

aCD45RA

APC A700 304120 Biolegend HI100

hu-

aCD57

PB 359608 Biolegend HNK-1

hu-

aCD69

PC7 A80710 Beckman Coulter TP1.55.3
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hu-

aCD95

BV785 305646 BIolegend DX2

hu-

aCD103

FITC B49222 Beckman Coulter 2G5

hu-

aCD107a

APC 641581 BD H4A3

hu-

aCD183

(CXCR3)

BV650 353729 Biolegend GO25H7

hu-

aCD194

(CCR4)

ECD 359420 Biolegend I.291H4

hu-

aCD197

(CCR6)

PC7 B68132 Beckman Coulter B-R35

hu-

aCD197

(CCR7)

PE B30632 Beckman Coulter G043H7

hu-

aCD199

(CCR9)

APC 567976 BD C9Mab-1

hu-

aCD223

(LAG3)

BV650 416-2239-42 Invitrogen 3DS223H

hu-

aCD279

(PD1)

PC5.5 B36123 Beckman Coulter PD1.3

hu-

aTCRgd

PC5.5 A99021 Beckman Coulter IMMU510

hu-

aCD137

(4-1BB)

APC 550890 BD 4B4-1

hu-aIL-2 PC7 A53365 Beckman Coulter CF1

hu-aIL-17 BV786 563745 BD N49-653

hu-aIFNg FITC IM271U Beckman Coulter 45.15

hu-

aTNFα

PE 340512 BD 6401.1111
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Fluores-

cent Dye -

LIVE/DEAD™

Fixable

Aqua

N/A L34957 Invitrogen N/A

Fluores-

cent Dye -

LIVE/DEAD™

Fixable

Blue

Dead Cell

Dye

N/A L23105 Invitrogen N/A
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APPENDIX A. LABORATORY CONSUMABLES, REAGENTS AND EQUIPMENTS

Table A.2: Table of Consumables and Reagents

Consumable Catalog No.  Manufacturer 

24-Well Cell Culture Plate  662160  Greiner bio-one 

96-Well Plate 10265352 Corning

96-Well Plate Immuno MaxiSorp 442404 Thermo Scientific

Disposable Scalpel DTX-507 Swann Morton

ArC™ negative beads  A10346  Invitrogen, Life 

ArC™ reactive beads  A10346  Invitrogen

Negative beads  A10497  Invitrogen

UltraComp eBeads™ Plus  01-3333-42  Invitrogen

BD Cytofix/CytopermTM 51-2090KZ BD Biosciences

HS . Human Serum  H4422 Sigma-Aldrich

DPBS1x 14040133 Gibco

FBS A5256701 Gibco

AIM-V Medium 12055083 Gibco

TMB - Substrate Solution N301 Thermo Scientific

PMA phorbol-12-myristate-13-acetate P8139-1MG Sigma-Aldrich

Ficoll-Hypaque gradient 17-1440-03 GE Healthcare

Tube 15mL - centrifuge tubes CLS430290 Corning

Tube 50mL - centrifuge tubes CLS430791 Corning

BD GolgiStopTM 554724 BD Biosciences

ELISA: Human IFNg (HRP) 3420-1H-20 MABTECH

Reagent Diluent Concentrate 2 DY995 R&D

anti-human CD3 antibody - clone OKT3 317302 Biolegend

Human IL-2 130-097-743 Miltenyi Biotec

Human IL-7 130-095-367 Miltenyi Biotec

Human IL15 130-095-760 Miltenyi Biotec

Human Il-21 130-095-767 Miltenyi Biotec
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Table A.3: Table of Equipments or Devices

Device Manufacturer Usage

CytoFLEX LX HTSTM Beckman Coulter flow cytometry

Tecan SPARk 10M microplate

reader

SPARK ELISA plate reader

HERAcell 240i CO2 Inkubator Thermo Scientific incubator

Heraeus Multifuge X3 FR Thermo Scientific centrifuge

HERASAFE 2030i Hood Thermo Scientific sterile work bench

IKA® Vortex1 IKA® vortex

Neubauer Counting Chamber Paul Marienfeld GmbH cell counting
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B

Python Packages and Python Scripts

Table B.1: Packages Requirements for Python scripts

Package Version

FlowKit 1.0.1

matplotlib 3.8.0

numpy 1.24.1

pandas 1.5.3

scipy 1.11.3

xlrd 2.0.1

graphviz 0.20.1

mysql 0.0.3

mysql-connector-python 8.2.0

ttkbootstrap 1.10.1

Python Script: elisa.py

1 import os
2 from scipy.optimize import curve_fit
3 import numpy as np
4 import matplotlib.pyplot as plt
5 import matplotlib.patches as mpatches
6 import xlrd
7 import csv
8 from itertools import compress
9 import shutil

10

11

12 # Functions
13
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14

15 def read_plate(sheet):
16 """
17 Given a spreadsheet of a plate, read it and extract the data
18

19 :param sheet: The workspace file path
20

21 :return: patient_id: Patient ID
22 :return: sample_id: Sample ID
23 :return: cytokine: Analyzed cytokine name
24 :return: plate_values: dictionary to hold target labels and the

respective ODs↪→

25 """
26 # Get patient ID and cytokine tested
27 patient_id = int(sheet.cell_value(0, 1))
28 sample_id = int(sheet.cell_value(1, 1))
29 cytokine = sheet.cell_value(2, 1)
30

31 # Plate layout dictionary
32 plate_layout = {}
33

34 # How many rows the plate layout table is ahead of the start
35 layout_row_offset = 13
36

37 # How many columns the plate layout table (and the other tables) is ahead of
the start↪→

38 col_offset = 2
39

40 # Fill the dictionary with the row and column numbers of cells containing
each label↪→

41 for row in range(0, 8):
42 for col in range(0, 12):
43 label = sheet.cell_value(row + layout_row_offset, col + col_offset)
44 if label not in plate_layout:
45 plate_layout[label] = [[row, col]]
46 else:
47 plate_layout[label].append([row, col])
48

49 # How many rows the values table is ahead of the start
50 values_row_offset = 4
51

52 # How many rows the dilution factor table is ahead of the start
53 dilution_row_offset = 22
54

55 # Dictionary to hold plate labels and respective values
56 plate_values = {}
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57

58 # Fill values dictionary with label as key and respective average value
times the respective dilution factor↪→

59 for label, indices in plate_layout.items():
60 sum = 0
61 for cell in indices:
62 sum += sheet.cell_value(cell[0] + values_row_offset, cell[1] +

col_offset)↪→

63 value = sum / len(indices)
64 dilution_factor = sheet.cell_value(cell[0] + dilution_row_offset,

cell[1] + col_offset)↪→

65 plate_values[label] = value * dilution_factor
66

67 # If the medium exists as control in the plate, subtract it from all other
mappings (except Standards)↪→

68 if 'medium' in plate_layout:
69 for k, v in plate_values.items():
70 if not k.startswith('STD') and k != 'medium':
71 plate_values[k] = v - plate_values['medium']
72

73 return patient_id, sample_id, cytokine, plate_values
74

75

76 # Curve fit function
77 def log4pl(x, A, B, C, D):
78 """
79 4 parameter logistic regression function
80

81 :param x: value
82 :param A: minimum value of OD
83 :param B: slope of the curve at point C
84 :param C: point of inflection
85 :param D: maximum value of OD
86 :return: concentration value
87 """
88 return ((A - D) / (1.0 + ((x / C) ** B))) + D
89

90

91 def to_pct(value, max):
92 """
93 Convert the given value to percentage, where max is the reference for

100%↪→

94

95 :param value: value
96 :param max: maximum value
97 :return: value in percentage
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98 """
99 return value / max * 100

100

101

102 def calculate_change(medium, peptide):
103 return round(float(peptide * 100 / medium), 3)
104

105

106 #
---------------------------------------------------------------------------------↪→

107 # Execution starts here
108

109 if os.path.exists(f'{os.getcwd()}/Patients'):
110 shutil.rmtree(f'{os.getcwd()}/Patients', ignore_errors=True)
111

112 controls = ['PHA', 'OKT3', 'medium']
113 antigens_controls = ['CMV', 'EBNA', 'M1 (mix)', 'ESAT6', 'Haemagluttinin']
114

115 base_dir = "Data/DATA_Raw_files/ELISA"
116 analysis_type = ''
117

118 if not os.path.exists('Patients'):
119 os.mkdir('Patients')
120

121 for dir in os.listdir(base_dir):
122 if str(dir) == 'WBA':
123 analysis_type = 'WBA'
124 else:
125 analysis_type = 'TIL'
126

127 for file in os.listdir(f'{base_dir}/{dir}'):
128 if file.endswith('xls'):
129 wb = xlrd.open_workbook(f'{base_dir}/{dir}/{file}')
130 for i in range(len(wb.sheet_names())):
131 sheet = wb.sheet_by_index(i)
132 # Get the plate values
133 patient_id, sample_id, cytokine, plate_values =

read_plate(sheet)↪→

134

135 print(f'Analysis Type: {analysis_type} | Patient {patient_id} |
Sample {sample_id}')↪→

136

137 # Get standards
138 plate_values_std = {k: v for k, v in plate_values.items() if

k.startswith('STD')}↪→

139
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140 # Filter out targets that did not react
141 targets = {k: v for k, v in plate_values.items() if v > 0 and

not k.startswith('STD') and k != 'medium'}↪→

142

143 with open('Patients/peptides.txt', 'a') as f:
144 for peptide in targets.keys():
145 f.write(f'{peptide}\n')
146

147 print(f'Targets Used: {list(plate_values.keys())}')
148 print(f'Targets That Reacted: {list(targets.keys())}\n')
149

150 filepath = f'Patients/Patient
{patient_id}/{analysis_type}/Sample {sample_id}/Cytokine
{cytokine}'

↪→

↪→

151

152 if not os.path.exists(filepath):
153 os.makedirs(filepath)
154

155 # Build standard curve
156 x = [1000, 500, 250, 125, 62.5, 31.25, 15.625, 7.8125] #

Concentration↪→

157 y = list(plate_values_std.values()) # Optical Density
158

159 # X values to draw the curve
160 x_min = min(x)
161 x_max = max(x)
162 step = 0.01
163 x_new = np.arange(x_min, x_max, step)
164

165 params, _ = curve_fit(log4pl, x, y)
166 A, B, C, D = params[0], params[1], params[2], params[3]
167 print("4PL parameters: A = " + str(round(A, 4)) + ", B = " +

str(round(B, 4)) +↪→

168 ", C = " + str(round(C, 4)) + ", D = " + str(round(D, 4)))
169

170 # Y values to draw the curve
171 yfit1_new = ((A - D) / (1.0 + ((x_new / C) ** B))) + D
172

173 # Plot the curve
174 plt.plot(x, y, 'r+', label="y-original")
175 plt.plot(x_new, yfit1_new, label="y=((A-D)/(1.0+((x/C)^B))) +

D")↪→

176 plt.xlabel('OD')
177 plt.ylabel('Standards (log)')
178 plt.xscale("log")
179 plt.legend(loc='best', fancybox=True, shadow=True)
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180 plt.grid(True)
181 plt.savefig(f'{filepath}/{analysis_type}_standard_curve.png')
182 plt.clf()
183

184 absError = log4pl(x, A, B, C, D) - y
185 SE = np.square(absError) # squared errors
186 MSE = np.mean(SE) # mean squared errors
187 RMSE = np.sqrt(MSE) # Root Mean Squared Error, RMSE
188 Rsquared = 1.0 - (np.var(absError) / np.var(y))
189 print('RMSE:', RMSE)
190 print('R-squared:', Rsquared)
191 print()
192

193 err = y - log4pl(x, A, B, C, D)
194 print(f'Err: {err}')
195 ss = sum(np.square(err))
196 print(f'SS: {ss}')
197

198 # Plot bar chart
199 concentrations = {k: round(log4pl(v, A, B, C, D), 4) for k, v in

targets.items()}↪→

200 data_min = min(concentrations.values())
201 data_max = max(concentrations.values())
202

203 fig, ax = plt.subplots(figsize=(16, 9))
204

205 labels = list(concentrations.keys())
206 values = list(concentrations.values())
207

208 plt.xlabel(f'{cytokine} pg/mL', fontsize=15)
209

210 controls_mask = [bool(item in controls) for item in labels]
211 antigens_mask = [bool(item in antigens_controls) for item in

labels]↪→

212 none_mask = [not (a or b) for a, b in zip(controls_mask,
antigens_mask)]↪→

213

214 ax.barh(list(compress(labels, controls_mask)),
list(compress(values, controls_mask)), color='blue')↪→

215 ax.barh(list(compress(labels, antigens_mask)),
list(compress(values, antigens_mask)), color='red')↪→

216 ax.barh(list(compress(labels, none_mask)), list(compress(values,
none_mask)), color='green')↪→

217

218 plt.yticks(fontsize=12)
219
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220 # Add padding between axes and labels
221 ax.xaxis.set_tick_params(pad=5)
222 ax.yaxis.set_tick_params(pad=10)
223

224 # Add x, y gridlines
225 ax.grid(color='grey',
226 linestyle='-.', linewidth=0.5,
227 alpha=0.2)
228

229 # Add annotation to bars
230 for i in ax.patches:
231 plt.text(i.get_width(), i.get_y() + 0.35,
232 f' {str(round((i.get_width()), 4))}',
233 fontsize=10, fontweight='bold',
234 color='grey')
235

236 plt.title(f'Patient {patient_id} - Sample {sample_id}',
fontsize=25)↪→

237

238 red_patch = mpatches.Patch(color='red', label='Viral Antigens')
239 blue_patch = mpatches.Patch(color='blue', label='Controls')
240 green_patch = mpatches.Patch(color='green', label='Peptides')
241

242 plt.legend(handles=[red_patch, blue_patch, green_patch])
243

244 # Show Plot
245 plt.subplots_adjust(left=0.2)
246 plt.xlim(data_min - data_min/100, data_max + data_max/50)
247

248 plt.savefig(f'{filepath}/{analysis_type}_concentrations.png')
249 plt.clf()
250 plt.subplots_adjust(left=0.1)
251

252 # Get ODs in order to calculate relative percentages
253 sorted_ods = sorted(targets.items(), key=lambda x: x[1])
254 sorted_ods = dict(sorted_ods)
255

256 od_values = list(sorted_ods.values())
257 max_value = od_values[len(od_values) - 1]
258

259 sorted_ods = {k: round(to_pct(v, max_value), 2) for k, v in
sorted_ods.items()}↪→

260

261 peptide_reactions = {k: calculate_change(plate_values['medium'],
v) for k, v in targets.items()}↪→

262
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263 print(peptide_reactions)
264

265 # Write Peptide reactions data to sample file
266 with open(os.path.join(filepath, f'peptide_reactions.csv'), 'w',

newline='\n') as f:↪→

267 w = csv.writer(f)
268 w.writerow(peptide_reactions.keys())
269 w.writerow(peptide_reactions.values())
270

271 # Write Peptide reactions data to global file
272 with open(f'{os.getcwd()}/Patients/{analysis_type}
273 _global_peptide_reactions.csv', 'a', newline='') as f:
274 w = csv.writer(f)
275 w.writerow(peptide_reactions.keys())
276 w.writerow(peptide_reactions.values())
277

278 # Remove controls
279 sorted_ods = {k: v for k, v in sorted_ods.items() if k not in

controls and k not in antigens_controls}↪→

280 concentrations = {k: v for k, v in concentrations.items() if k
not in controls and k not in antigens_controls}↪→

281

282 print(f'Sorted ODs: {sorted_ods}\n')
283 print(f'Concentrations: {concentrations}')
284

285 # Write OD data to sample file
286 with open(os.path.join(filepath, f'{analysis_type}_ODs.csv'),

'w', newline='\n') as f:↪→

287 w = csv.writer(f)
288 w.writerow(sorted_ods.keys())
289 w.writerow(sorted_ods.values())
290

291 # Write OD data to global file
292 with open(f'{os.getcwd()}
293 /Patients/{analysis_type}_global_ODs.csv', 'a', newline='') as

f:↪→

294 w = csv.writer(f)
295 w.writerow(sorted_ods.keys())
296 w.writerow(sorted_ods.values())
297

298 # Write concentrations data to sample file
299 with open(os.path.join(filepath,

f'{analysis_type}_Concentrations.csv'), 'w', newline='\n')
as f:

↪→

↪→

300 w = csv.writer(f)
301 w.writerow(labels)
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302 w.writerow(values)
303

304 # Write concentrations data to global file
305 with open(f'{os.getcwd()}/Patients/{analysis_type}
306 _global_concentrations.csv', 'a', newline='') as f:
307 w = csv.writer(f)
308 w.writerow(labels)
309 w.writerow(values)
310

311

Python Script: flowjo.py

1 # NOTE: This script requires graphviz to be installed in order to run:
https://graphviz.org/download/↪→

2

3 import os
4 import flowkit as fk
5 import csv
6 import graphviz
7 import shutil
8

9

10 # Functions
11

12 def get_fluoro_labels(sample, events):
13 """
14 Extract fluorescent event labels from a sample
15

16 :param sample: The sample instance
17 :param events: The gate events
18 :return: an array containing the names of the columns that correspond to

the fluorescent labels↪→

19 """
20 fluoro_labels = []
21 for chan_idx in sample.fluoro_indices:
22 fluoro_labels.append(sample.pnn_labels[chan_idx])
23

24 events_labels = []
25 for label in fluoro_labels:
26 for other_label in list(events.columns):
27 if label in other_label:
28 events_labels.append(other_label)
29 return events_labels
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30

31

32 def get_wsp_files(dir):
33 """
34 Recursive function to get all the workspace files from a directory
35

36 :param dir: The base directory
37 :return: an array with the paths to all workspace files
38 """
39 wsp_files = []
40 for item in os.listdir(dir):
41 item_path = os.path.join(dir, item)
42 # if the item is a directory, get all workspace files from that

directory↪→

43 if os.path.isdir(item_path):
44 aux_list = get_wsp_files(item_path)
45 for file in aux_list:
46 wsp_files.append(file)
47 # else, if it is a file, add it to the list if it is a workspace file
48 elif os.path.isfile(item_path):
49 if item.endswith('.wsp'):
50 wsp_files.append(item_path)
51 return wsp_files
52

53

54 def extract_data(gate, gate_path, gate_pct, mfi_comp, parent, sample, sample_id,
sample_results, wsp, labels_dict):↪→

55 """
56 Refactored piece of code that extracts the MFI for required gates and

gate percentages↪→

57 and appends them to the respective lists
58

59 :param gate: The gate
60 :param gate_path: A tuple that represents the path to the gate
61 :param gate_pct: The gate percentages list
62 :param mfi_comp: The MFI comparison list
63 :param parent: The parent gate
64 :param sample: The sample instance
65 :param sample_id: The ID of the sample instance
66 :param sample_results: The sample results dataframe
67 :param wsp: the workspace file
68 :param labels_dict: labels dictionary
69

70 :return: None
71 """
72
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73 # Get the index for the correct report entry
74 idx = -1
75 for item in

list(sample_results.report.loc[sample_results.report['gate_path'] ==
gate_path].gate_name):

↪→

↪→

76 idx += 1
77 if gate == item.strip():
78 break
79

80 # retrieve the relative percent from the report that matches the gate being
handled↪→

81 relative_pct =
float(sample_results.report.loc[sample_results.report['gate_path'] ==
gate_path].iloc[[idx]]

↪→

↪→

82 .relative_percent)
83

84 # add the value to the gate percentages dictionary
85 gate_name = ''
86 if pre == 'Thoming':
87 if th1_gate(gate=gate, gate_path=gate_path, parent=parent):
88 gate_name = gate + " Th1" if "th1" not in gate.lower() else gate
89 elif th2_gate(gate, gate_path, parent):
90 gate_name = gate + " Th2" if "th2" not in gate.lower() else gate
91 elif th17_gate(gate, gate_path, parent):
92 gate_name = gate + " Th17" if "th17" not in gate.lower() else gate
93 elif th1star_gate(gate, gate_path, parent):
94 gate_name = gate + " Th1*" if "th1*" not in gate.lower() or "th1+"

not in gate.lower() else gate↪→

95 elif tscm_gate(gate, gate_path, parent):
96 gate_name = gate + " Tscm" if "tscm" not in gate.lower() else gate
97 gate_pct[f'{parent} | {gate_name}'] = round(relative_pct, 3)
98

99 gate_pct[f'{parent} | {gate}'] = round(relative_pct, 3)
100

101 # Now to calculate the MFI
102 gate_events = wsp.get_gate_events(sample_id, gate_name=gate,

gate_path=gate_path)↪→

103

104 event_labels = get_fluoro_labels(sample, gate_events)
105 gate_events = gate_events[event_labels]
106

107 # Calculate the average of the values on the gate events dataframe
108 gate_mfi = gate_events.mean()
109

110 # Get the labels from the mfi dataframe
111 labels = gate_mfi.index.values.tolist()
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112

113 gate = gate.strip()
114

115 if pre == 'ICS':
116 # Get the dictionary of indices in order to match the labels to the

gates↪→

117

118 # ICS labels
119 list1_ics = ['FL1-H IFN-y B525-FITC-H', 'FL1-A IFN-y B525-FITC-A',

'FL3-H TCR GD B690-PC5.5-H',↪→

120 'FL3-A TCR GD B690-PC5.5-A', 'FL4-H TNF-a Y585-PE-H',
'FL4-A TNF-a Y585-PE-A',↪→

121 'FL8-H IL-2 Y763-PC7-H', 'FL8-A IL-2 Y763-PC7-A', 'FL10-H
CD8 R712-APCA700-H',↪→

122 'FL10-A CD8 R712-APCA700-A', 'FL11-H CD3 R763-APCA750-H',
'FL11-A CD3 R763-APCA750-A',↪→

123 'FL12-H CD4 V450-PB-H', 'FL12-A CD4 V450-PB-A', 'FL14-H
Live Dead V610-H',↪→

124 'FL14-A Live Dead V610-A', 'FL16-H IL-17A V763-H', 'FL16-A
IL-17A V763-A']↪→

125 list2_ics = ['FL1-H INFg B525-FITC-H', 'FL1-A INFg B525-FITC-A', 'FL8-H
CD3 Y763-PC7-H', 'FL8-A CD3 Y763-PC7-A',↪→

126 'FL11-H CD8 R763-APCA750-H', 'FL11-A CD8 R763-APCA750-A',
'FL12-H CD4 V450-PB-H',↪→

127 'FL12-A CD4 V450-PB-A', 'FL14-H Live V610-H', 'FL14-A Live
V610-A', 'FL16-H IL17 V763-H',↪→

128 'FL16-A IL17 V763-A']
129

130 list_num = None
131 if labels == list1_ics:
132 list_num = 1
133 elif labels == list2_ics:
134 list_num = 2
135

136 indices_dict = labels_dict[list_num]
137

138 idx = indices_dict[gate]
139

140 if gate in indices_dict: # if the gate is in the dictionary
141 mfi = round(gate_mfi[idx], 2)
142 if mfi != mfi: # if there are no events, the mfi dataframe will not

have the index found↪→

143 mfi_comp[f'{parent} | {gate}'] = 'No Events'
144 else:
145 mfi_comp[f'{parent} | {gate}'] = mfi
146
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147 elif pre == 'Tcell':
148 # Get the dictionary of indices in order to match the labels to the

gates↪→

149

150 # Tcell labels
151 list1_tcell = ['FITC-A', 'BV421-A', 'BV510-A', 'BV605-A', 'BV650-A',

'BV785-A', 'APC-A', 'APC-Alexa 700-A',↪→

152 'APC-Alexa 700-A', 'APC-Cy7-A', 'PE-A', 'PE-Texas Red-A',
'PE-Cy5-5-A', 'PE-Cy7-A']↪→

153 # Equal to
154 list4_tcell = ['FITC-A CD45RA', 'BV421-A CD57', 'BV510-A CD45', 'BV605-A

Live Dead', 'BV650-A LAG-3',↪→

155 'BV711-A CD8intra', 'BV785-A CD95', 'APC-A CD4',
'APC-Alexa 700-A CD8extra',↪→

156 'APC-Alexa 700-A CD8extra', 'APC-Cy7-A CD3', 'PE-A CCR7',
'PE-Texas Red-A CD28', 'PE-Cy7-A CD27',↪→

157 'PerCP-Cy5-5-A PD-1']
158

159 list2_tcell = ['FL1-H CD103 B525-FITC-H', 'FL1-A CD103 B525-FITC-A',
'FL2-H CD39 B610-ECD-H',↪→

160 'FL2-A CD39 B610-ECD-A', 'FL3-H GD B690-PC5.5-H', 'FL3-A
GD B690-PC5.5-A',↪→

161 'FL4-H CCR7 Y585-PE-H', 'FL4-A CCR7 Y585-PE-A', 'FL8-H
CD69 Y763-PC7-H', 'FL8-A CD69 Y763-PC7-A',↪→

162 'FL9-H 4-1BB R660-APC-H', 'FL9-A 4-1BB R660-APC-A',
'FL10-H CD45RA R712-APCA700-H',↪→

163 'FL10-A CD45RA R712-APCA700-A', 'FL11-H CD3 APC-Cy7
R763-APCA750-H',↪→

164 'FL11-A CD3 APC-Cy7 R763-APCA750-A', 'FL12-H CD4
V450-PB-H', 'FL12-A CD4 V450-PB-A',↪→

165 'FL13-H CD8 V525-KrO-H', 'FL13-A CD8 V525-KrO-A', 'FL14-H
LiveDead V610-H',↪→

166 'FL14-A LiveDead V610-A', 'FL15-H LAG3 V660-H', 'FL15-A
LAG3 V660-A', 'FL16-H CD95 V763-H',↪→

167 'FL16-A CD95 V763-A']
168 # Equal to
169 list3_tcell = ['FL1-H B525-FITC-H', 'FL1-A B525-FITC-A', 'FL2-H

B610-ECD-H', 'FL2-A B610-ECD-A',↪→

170 'FL3-H B690-PC5.5-H', 'FL3-A B690-PC5.5-A', 'FL4-H
Y585-PE-H', 'FL4-A Y585-PE-A',↪→

171 'FL8-H Y763-PC7-H', 'FL8-A Y763-PC7-A', 'FL9-H
R660-APC-H', 'FL9-A R660-APC-A',↪→

172 'FL10-H R712-APCA700-H', 'FL10-A R712-APCA700-A', 'FL11-H
R763-APCA750-H',↪→

173 'FL11-A R763-APCA750-A', 'FL12-H V450-PB-H', 'FL12-A
V450-PB-A', 'FL13-H V525-KrO-H',↪→
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174 'FL13-A V525-KrO-A', 'FL14-H V610-H', 'FL14-A V610-A',
'FL15-H V660-H', 'FL15-A V660-A',↪→

175 'FL16-H V763-H', 'FL16-A V763-A']
176

177 list_num = None
178 if labels == list1_tcell or labels == list4_tcell:
179 list_num = 1
180 elif labels == list2_tcell or labels == list3_tcell:
181 list_num = 2
182

183 if labels == list1_tcell:
184 list1_tcell.insert(5, 'BV711-A')
185

186 indices_dict = labels_dict[list_num]
187

188 gates = {} # Gates data structure
189

190 # Add gates to the gates data structure given the gate being handled
191 if gate in tcm_gate_aliases:
192 gates['TCM'] = ['CD45RA', 'CCR7']
193 elif gate in tem_gate_aliases:
194 gates['TEM'] = ['CD45RA', 'CCR7']
195 elif gate in teff_gate_aliases:
196 gates['TEFF'] = ['CD45RA', 'CCR7']
197 elif gate in precursor_gate_aliases:
198 gates['PRECURSOR'] = ['CD45RA', 'CCR7']
199 elif len(gate.strip().split(' ')) > 1:
200 check_gate_suffix(gate, gates)
201 else:
202 if gate.endswith('+') or gate.endswith('-'):
203 gates[gate] = [gate[:-1]]
204 else:
205 gates[gate] = [gate]
206

207 extract_gate_mfi(gate_mfi, gates, indices_dict, mfi_comp)
208

209 elif pre == 'Thoming':
210 # Get the dictionary of indices in order to match the labels to the

gates↪→

211

212 list1_thoming = ['FITC-A CD103', 'PerCP-Cy5-5-A CCR4', 'BV421-A CD4',
'BV510-A CD8', 'BV605-A LIVE',↪→

213 'BV650-A CXCR3', 'BV785-A CD95', 'APC-A CCR9 AF677',
'APC-Alexa 700-A CD45RA',↪→

214 'APC-Alexa 700-A CD45RA', 'APC-Cy7-A CD3', 'PE-A CCR7',
'PE-Cy7-A CCR6']↪→
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215 list2_thoming = ['FL1-H CD103 B525-FITC-H', 'FL1-A CD103 B525-FITC-A',
'FL2-H CCR4 B610-ECD-H',↪→

216 'FL2-A CCR4 B610-ECD-A', 'FL3-H GD B690-PC5.5-H',
'FL3-A GD B690-PC5.5-A',↪→

217 'FL4-H CCR7 Y585-PE-H', 'FL4-A CCR7 Y585-PE-A', 'FL8-H
CCR6 Y763-PC7-H',↪→

218 'FL8-A CCR6 Y763-PC7-A', 'FL9-H CCR9 R660-APC-H',
'FL9-A CCR9 R660-APC-A',↪→

219 'FL10-H CD45RA R712-APCA700-H', 'FL10-A CD45RA
R712-APCA700-A', 'FL11-H CD3 R763-APCA750-H',↪→

220 'FL11-A CD3 R763-APCA750-A', 'FL12-H CD4 V450-PB-H',
'FL12-A CD4 V450-PB-A',↪→

221 'FL13-H CD8 V525-KrO-H', 'FL13-A CD8 V525-KrO-A',
'FL14-H Live dead V610-H',↪→

222 'FL14-A Live dead V610-A', 'FL15-H CxCR3 V660-H',
'FL15-A CxCR3 V660-A', 'FL16-H CD95 V763-H',↪→

223 'FL16-A CD95 V763-A']
224 list3_thoming = ['FITC-A CD103', 'BV421-A CD4', 'BV510-A CD8', 'BV605-A

Live Dead', 'BV650-A CXCR3',↪→

225 'BV711-A CD8 intra', 'BV785-A CD95', 'APC-A CCR9',
'APC-Alexa 700-A CD45RA',↪→

226 'APC-Alexa 700-A CD45RA', 'APC-Cy7-A CD3', 'PE-A CCR7',
'PE-Texas Red-A CCR4', 'PE-Cy7-A CCR6',↪→

227 'PerCP-Cy5-5-A TCRgd']
228 list4_thoming = ['FL1-H CD103 B525-FITC-H', 'FL1-A CD103 B525-FITC-A',

'FL2-H CCR4 B610-ECD-H',↪→

229 'FL2-A CCR4 B610-ECD-A', 'FL4-H CCR7 Y585-PE-H', 'FL4-A
CCR7 Y585-PE-A',↪→

230 'FL7-H TCRgd Y710-PC5.5-H', 'FL7-A TCRgd Y710-PC5.5-A',
'FL8-H CCR6 Y763-PC7-H',↪→

231 'FL8-A CCR6 Y763-PC7-A', 'FL9-H CCR9 R660-APC-H',
'FL9-A CCR9 R660-APC-A',↪→

232 'FL10-H CD45RA R712-APCA700-H', 'FL10-A CD45RA
R712-APCA700-A', 'FL11-H CD3 R763-APCA750-H',↪→

233 'FL11-A CD3 R763-APCA750-A', 'FL12-H CD4 V450-PB-H',
'FL12-A CD4 V450-PB-A',↪→

234 'FL13-H CD8 V525-KrO-H', 'FL13-A CD8 V525-KrO-A',
'FL14-H Live dead V610-H',↪→

235 'FL14-A Live dead V610-A', 'FL15-H CXCR3 V660-H',
'FL15-A CXCR3 V660-A', 'FL16-H CD95 V763-H',↪→

236 'FL16-A CD95 V763-A']
237

238 list_num = None
239 if labels == list1_thoming:
240 list_num = 1
241 elif labels == list2_thoming:
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242 list_num = 2
243 elif labels == list3_thoming:
244 list_num = 3
245 elif labels == list4_thoming:
246 list_num = 4
247

248 indices_dict = labels_dict[list_num]
249

250 gates = {} # Gates data structure
251

252 # Add gates to the gates data structure given the gate being handled
253 if th1_gate(gate, gate_path, parent):
254 gates['Th1'] = ['CXCR3', 'CCR6']
255 elif th2_gate(gate, gate_path, parent):
256 gates['Th2'] = ['CCR4', 'CCR6']
257 elif th17_gate(gate, gate_path, parent):
258 gates['Th17'] = ['CCR4', 'CCR6']
259 elif th1star_gate(gate, gate_path, parent):
260 gates['Th1*'] = ['CCR4', 'CXCR3', 'CCR6']
261 elif tscm_gate(gate, gate_path, parent):
262 gates['Tscm'] = ['CD45RA', 'CCR7', 'CD95']
263 elif len(gate.strip().split(' ')) > 1:
264 check_gate_suffix(gate, gates)
265 else:
266 if gate.endswith('+') or gate.endswith('-'):
267 gates[gate] = [gate[:-1]]
268 else:
269 gates[gate] = [gate]
270

271 extract_gate_mfi(gate_mfi, gates, indices_dict, mfi_comp)
272

273

274 def extract_gate_mfi(gate_mfi, gates, indices_dict, mfi_comp):
275 """
276 Get the MFI for the gate or gates from the mfi dataframe and store it
277

278 :param gate_mfi: the MFI dataframe
279 :param gates: the gates to extract
280 :param indices_dict: the dictionary for the indices where all gates are

located in the mfi dataframe↪→

281 :param mfi_comp: the MFI comparison data structure
282 :return: None
283 """
284

285 for label, gate_list in gates.items():
286 if type(gate_list) == list:
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287 mfi_comp[label] = {}
288 for item in gate_list:
289 idx = indices_dict[item]
290 mfi = float(round(gate_mfi[idx], 2))
291 if mfi != mfi:
292 mfi_comp[label][item] = 'No Events'
293 else:
294 mfi_comp[label][item] = mfi
295 else:
296 idx = indices_dict[gate_list]
297 mfi = round(gate_mfi[idx], 2)
298 if mfi != mfi:
299 mfi_comp[label] = 'No Events'
300 else:
301 mfi_comp[label] = mfi
302

303

304 def check_gate_suffix(gate, gates):
305 """
306 Checks the gate suffix in order to match the indices dictionary
307 :param gate: the gate being handled
308 :param gates: the gates data structure
309 :return: None
310 """
311

312 gate = gate.strip()
313 gates[gate] = []
314 for item in gate.split(' '):
315 if item != '+' and item != '-':
316 if item[-1] == '+' or item[-1] == '-':
317 gates[gate].append(item[:-1])
318 else:
319 gates[gate].append(item)
320

321

322 def th1star_gate(gate, gate_path, parent):
323 """
324 Checks if the gate being handled is the Th1* gate
325 :param gate: the gate being handled
326 :param gate_path: the gate path
327 :param parent: the parent of the gate
328 :return: true if it is, false otherwise
329 """
330

331 return 'th1+' in str(gate).lower() or 'th1*' in str(gate).lower() or (
332 (gate == 'CCR4+ CXCR3+' and parent == 'CCR6+') and 'CD4+' in

gate_path)↪→
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333

334

335 def th17_gate(gate, gate_path, parent):
336 """
337 Checks if the gate being handled is the Th17 gate
338 :param gate: the gate being handled
339 :param gate_path: the gate path
340 :param parent: the parent of the gate
341 :return: true if it is, false otherwise
342 """
343

344 return 'th17' in str(gate).lower() or ((gate == 'CCR4+' and parent ==
'CCR6+') and 'CD4+' in gate_path)↪→

345

346

347 def th2_gate(gate, gate_path, parent):
348 """
349 Checks if the gate being handled is the Th2 gate
350 :param gate: the gate being handled
351 :param gate_path: the gate path
352 :param parent: the parent of the gate
353 :return: true if it is, false otherwise
354 """
355

356 return 'th2' in str(gate).lower() or ((gate == 'CCR4+' and parent ==
'CCR6-') and 'CD4+' in gate_path)↪→

357

358

359 def th1_gate(gate, gate_path, parent):
360 """
361 Checks if the gate being handled is the Th1 gate
362 :param gate: the gate being handled
363 :param gate_str: the gate converted to lowercase
364 :param gate_path: the gate path
365 :param parent: the parent of the gate
366 :return: true if it is, false otherwise
367 """
368

369 th1 = 'th1' in str(gate).lower() and 'th17' not in str(gate).lower() and
'th1+' not in str(↪→

370 gate).lower() and 'th1*' not in str(gate).lower()
371 return th1 or ((gate == 'CXCR3+' and parent == 'CCR6-') and 'CD4+' in

gate_path)↪→

372

373

374 def tscm_gate(gate, gate_path, parent):
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375 """
376 Checks if the gate being handled is the Tscm gate
377 :param gate: the gate being handled
378 :param gate_str: the gate being handled in converted to lowercase
379 :param gate_path: the gate path
380 :param parent: the parent of the gate
381 :return: true if it is, false otherwise
382 """
383

384 return 'tscm' in str(gate).lower() or ((gate == 'CD45RA+ CCR7+' and parent
== 'CD95+') and 'CD8+' in gate_path)↪→

385

386

387 def thoming_gate_of_interest(gate, gate_path):
388 """
389 Checks if the gate is one of the Thoming gates to be analyzed
390 :param gate: the gate being handled
391 :param gate_path: the gate path
392 :return: true if it is, false otherwise
393 """
394

395 gate_str = str(gate).lower()
396 parent = gate_path[-1]
397 th1_gate = 'th1' in gate_str and 'th17' not in gate_str and 'th1+' not in

gate_str and 'th1*' not in gate_str↪→

398 tscm_gate = 'tscm' in gate_str or ((gate == 'CD45RA+ CCR7+' and parent ==
'CD95+') and 'CD8+' in gate_path)↪→

399 return tscm_gate or \
400 (((th1_gate or 'th2' in gate_str or 'th1*' in gate_str or 'th1+' in

gate_str or 'th17' in gate_str) or↪→

401 (gate == 'CCR4+ CXCR3+' and parent == 'CCR6+') or # Th1*
402 (gate == 'CCR4+' and parent == 'CCR6+') or # Th17
403 (gate == 'CCR4+' and parent == 'CCR6-') or # Th2
404 (gate == 'CXCR3+' and parent == 'CCR6-')) and 'CD4+' in gate_path) #

Th1↪→

405

406

407 def write_sample_id(sample_id):
408 with open('Samples/sample_ids.txt', 'a') as f:
409 f.write(f'{sample_id[:-4]}\n')
410

411

412 def analyze(wsp_file, analysis, pre):
413 """
414 Analyze the workspace and its corresponding sample files given the type

of↪→
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415 analysis(TIL, PBMC) and the prefix (ICS, Tcell, Thoming)
416

417 :param wsp_file: The workspace file path
418 :param analysis: The type of analysis
419 :param pre: The prefix of the analysis
420

421 :return: None
422 """
423

424 print(f'\nWORKSPACE {wsp_file}\n')
425

426 # Create a Workspace with the path to our WSP file and FCS files
427 wsp = fk.Workspace(wsp_file, fcs_samples=os.path.dirname(wsp_file),

ignore_missing_files=True)↪→

428

429 # Loop through all sample groups
430 sample_group = 'All Samples'
431

432 # Analyze samples in order to fetch analysis results
433 wsp.analyze_samples(sample_group)
434

435 # Get sample file names
436 sample_list = wsp.get_sample_ids(group_name=sample_group)
437

438 # loop through samples
439 for sample_id in sample_list:
440 print("##################################################")
441 print(f'\nSAMPLE {sample_id}\n')
442

443 write_sample_id(sample_id)
444

445 # Get the sample from its ID
446 sample = wsp.get_sample(sample_id)
447

448 # Get the sample date
449 date = sample.acquisition_date
450

451 # Get gate hierarchy
452 hierarchy = wsp.get_gate_hierarchy(sample_id)
453 print(hierarchy)
454

455 # Get the sample results dataframe
456 sample_results = wsp.get_gating_results(sample_id)
457

458 # Data structures to hold our data
459 mfi_comp = {}
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460 gate_pct = {}
461

462 # gate aliases checking for Gamma Delta + gate
463 gd_gate_name = ''
464 for alias in gd_gate_aliases:
465 if alias in hierarchy:
466 gd_gate_name = alias
467 break
468

469 if pre == 'ICS':
470 # gate aliases checking for IFN-g gate
471 ifng_gate_name = ''
472 for alias in ifng_gate_aliases:
473 if alias in hierarchy:
474 ifng_gate_name = alias
475 break
476

477 ics_gates = [f'CD4+/{ifng_gate_name}', f'CD8+/{ifng_gate_name}',
f'{gd_gate_name}/{ifng_gate_name}']↪→

478

479 labels_dict_ics = {
480 1: {ifng_gate_name: 1, 'CD3+': 11, 'CD4+': 13, 'CD8+': 9,

gd_gate_name: 3},↪→

481 2: {ifng_gate_name: 1, 'CD3+': 3, 'CD4+': 7, 'CD8+': 5}
482 }
483

484 # The gates we want to extract data from
485 for item in ics_gates:
486 parent, gate = item.split('/')
487 # The gate structure
488 for gate_id, gate_path in wsp.get_gate_ids(sample_id):
489 # if the gate id is a gate of interest, the last item in the

gate path is the parent↪→

490 # and the gate is a descendant of the CD3+ gate
491 if gate_id == gate and gate_path[-1] == parent:
492 # extract_data function
493 extract_data(gate, gate_path, gate_pct, mfi_comp,

parent, sample, sample_id,↪→

494 sample_results, wsp, labels_dict_ics)
495 elif pre == 'Tcell':
496 # gate aliases checking for LAG-3 gate
497 lag3_gate_name = ''
498 for alias in lag3_gate_aliases:
499 if alias in hierarchy:
500 lag3_gate_name = alias
501 break
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502

503 # gate aliases checking for TCM gate
504 tcm_gate_name = ''
505 for alias in tcm_gate_aliases:
506 if alias in hierarchy:
507 tcm_gate_name = alias
508 break
509

510 # gate aliases checking for TEM gate
511 tem_gate_name = ''
512 for alias in tem_gate_aliases:
513 if alias in hierarchy:
514 tem_gate_name = alias
515 break
516

517 # gate aliases checking for Teff gate
518 teff_gate_name = ''
519 for alias in teff_gate_aliases:
520 if alias in hierarchy:
521 teff_gate_name = alias
522 break
523

524 # gate aliases checking for Precursor gate
525 precursor_gate_name = ''
526 for alias in precursor_gate_aliases:
527 if alias in hierarchy:
528 precursor_gate_name = alias
529 break
530

531 if lag3_gate_name.endswith('+'):
532 lag3_gate_name_plus = lag3_gate_name[:-1]
533 else:
534 lag3_gate_name_plus = lag3_gate_name
535

536 labels_dict_tcell = {
537 1: {'CD45RA': 0, 'CD57': 1, 'CD45': 2, precursor_gate_name: 3,

lag3_gate_name_plus.strip(): 4,↪→

538 'CD95': 6, 'CD4': 7, 'CD8': 8,
539 'CD3': 10, 'CCR7': 11, 'CD28': 12, 'CD27': 13, 'PD-1': 14},
540 2: {'CD103': 1, 'CD39': 3, 'GD': 5, 'CCR7': 7, 'CD69': 9,

'4-1BB': 11, 'CD45RA': 13, 'CD3': 15,↪→

541 'CD4': 17, 'CD8': 19, precursor_gate_name: 21,
lag3_gate_name_plus.strip(): 23, 'CD95': 25},↪→

542 }
543

544 if analysis == 'PBMCs':
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545 # Check if the CD4+ gate (alone) is in the gating strategy.
546 # If it is not, it is joined with the CD8+ gate
547 cd4_in = False
548 for gate, _ in wsp.get_gate_ids(sample_id):
549 if gate == 'CD4+':
550 cd4_in = True
551 break
552

553 if not cd4_in:
554 tcell_pbmc_gates = [f'CD4+ CD8+/{precursor_gate_name}',

f'CD4+ CD8+/{tcm_gate_name}',↪→

555 f'CD4+ CD8+/{tem_gate_name}', f'CD4+
CD8+/{teff_gate_name}',↪→

556 'CD4+ CD8+/CD95+', f'CD4+
CD8+/{lag3_gate_name}', 'CD4+
CD8+/CD103+',

↪→

↪→

557 f'GD+/{precursor_gate_name}',
f'GD+/{tcm_gate_name}',
f'GD+/{tem_gate_name}',

↪→

↪→

558 f'GD+/{teff_gate_name}', 'GD+/CD95+',
f'GD+/{lag3_gate_name}',
'GD+/CD103+']

↪→

↪→

559 else:
560 tcell_pbmc_gates = [f'CD4+/{tcm_gate_name}',
561 f'CD4+/{tem_gate_name}',

f'CD4+/{teff_gate_name}',↪→

562 'CD4+/CD95+', f'CD4+/{lag3_gate_name}',
'CD4+/CD103+',↪→

563 f'CD8+/{tcm_gate_name}',
564 f'CD8+/{tem_gate_name}',

f'CD8+/{teff_gate_name}',↪→

565 'CD8+/CD95+', f'CD8+/{lag3_gate_name}',
'CD8+/CD103+',
f'GD+/{tcm_gate_name}',

↪→

↪→

566 f'GD+/{tem_gate_name}',
567 f'GD+/{teff_gate_name}', 'GD+/CD95+',

f'GD+/{lag3_gate_name}',
'GD+/CD103+']

↪→

↪→

568

569 # The gates we want to extract data from
570 for item in tcell_pbmc_gates:
571 parent, gate = item.split('/')
572 # The gate structure
573 for gate_id, gate_path in wsp.get_gate_ids(sample_id):
574 # if the gate id is a gate of interest, the last item in

the gate path is the parent↪→
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575 # and the gate is a descendant of the CD3+ gate
576 if gate in gate_id and gate_path[-1] == parent and

'CD3+' in gate_path \↪→

577 or str(gate) == 'CD39- CD69-':
578 extract_data(gate, gate_path, gate_pct, mfi_comp,

parent, sample,↪→

579 sample_id, sample_results, wsp,
labels_dict_tcell)↪→

580

581 elif analysis == 'TILs':
582 # The gate structure
583 for gate, gate_path in wsp.get_gate_ids(sample_id):
584 # Use everything except (CD4+ CD8+), all gates that have 2

minus (-) signs↪→

585 # and all gates with no child gates
586 if gate != 'CD4+ CD8+' and 'CD4+ CD8+' not in gate_path and

str(gate).count('-') != 2 \↪→

587 and not wsp.get_child_gate_ids(sample_id, gate,
gate_path) or str(gate) == 'CD39- CD69-':↪→

588 parent = gate_path[-1]
589 extract_data(gate, gate_path, gate_pct, mfi_comp,

parent, sample,↪→

590 sample_id, sample_results, wsp,
labels_dict_tcell)↪→

591

592 elif pre == 'Thoming':
593

594 # gate aliases checking for Precursor gate
595 precursor_gate_name = ''
596 for alias in precursor_gate_aliases:
597 if alias in hierarchy:
598 precursor_gate_name = alias
599 break
600

601 labels_dict_thoming = {
602 1: {'CD103': 0, 'CCR4': 1, 'CD4': 2, 'CD8': 3,

precursor_gate_name: 4, 'CXCR3': 5, 'CD95': 6,↪→

603 'CCR9': 7, 'CD45RA': 8, 'CD3': 10, 'CCR7': 11, 'CCR6': 12},
604 2: {'CD103': 1, 'CCR4': 3, gd_gate_name: 5, 'CCR7': 7, 'CCR6':

9, 'CCR9': 11, 'CD45RA': 13, 'CD3': 15,↪→

605 'CD4': 17, 'CD8': 19, precursor_gate_name: 21, 'CXCR3': 23,
'CD95': 25},↪→

606 3: {'CD103': 0, 'CD4': 1, 'CD8': 2, precursor_gate_name: 3,
'CXCR3': 4, 'CD95': 6, 'CCR9': 7,↪→

607 'CD45RA': 8, 'CD3': 10, 'CCR7': 11, 'CCR4': 12, 'CCR6': 13,
gd_gate_name: 14},↪→
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608 4: {'CD103': 1, 'CCR4': 3, 'CCR7': 5, gd_gate_name: 7, 'CCR6':
9, 'CCR9': 11, 'CD45RA': 13,↪→

609 'CD3': 15, 'CD4': 17, 'CD8': 19, precursor_gate_name: 21,
'CXCR3': 23, 'CD95': 25}↪→

610 }
611

612 # The gate structure
613 for gate, gate_path in wsp.get_gate_ids(sample_id):
614 # Check for the gates of interest
615 if thoming_gate_of_interest(gate, gate_path):
616 extract_data(gate.strip(), gate_path, gate_pct, mfi_comp,

gate_path[-1], sample,↪→

617 sample_id, sample_results, wsp,
labels_dict_thoming)↪→

618

619 print(mfi_comp)
620 print(gate_pct)
621

622 # Cut off the file type extension
623 sample_id_path = sample_id[: -4]
624

625 # Create the directory structure
626 if not

os.path.exists(f'Samples/{pre}_{analysis}/{sample_id_path}_{date}'):↪→

627 os.makedirs(f'Samples/{pre}_{analysis}/{sample_id_path}_{date}')
628

629 # Build directed graph to extract gate hierarchy
630 dot = graphviz.Digraph(f'{sample_id_path}_gate_hierarchy', strict=True)
631 for gate, gate_path in wsp.get_gate_ids(sample_id):
632 if ':' in gate:
633 gate = gate.replace(':', '')
634 dot.node(gate)
635 for i in range(len(gate_path)):
636 if i == len(gate_path) - 1:
637 dot.edge(gate_path[i], gate)
638 else:
639 dot.edge(gate_path[i], gate_path[i + 1])
640 dot.format = 'png'
641 dot.render(directory=f'Samples/{pre}_{analysis}
642 /{sample_id_path}_{date}') \
643 .replace('\\', '/')
644

645 # if the mfi dataframe is not empty (i.e. we found gates of interest)
646 if mfi_comp:
647 with open(f'{os.getcwd()}/Samples
648 /{pre}_{analysis}/{sample_id_path}_{date}/{sample_id_path}_mfi.csv',

'w',↪→
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649 newline='\n') as f:
650 writer = csv.DictWriter(f, fieldnames=mfi_comp.keys())
651 writer.writeheader()
652 writer.writerow(mfi_comp)
653

654 with open(f'{os.getcwd()}/Samples/{pre}_{analysis}/global_mfi.csv',
'a', newline='\n') as f_object:↪→

655 writer_object = csv.DictWriter(f_object,
fieldnames=mfi_comp.keys())↪→

656 writer_object.writeheader()
657 writer_object.writerow(mfi_comp)
658

659 # if the gate percentages dictionary is not empty (i.e. we found gates
of interest)↪→

660 if gate_pct:
661 with open(f'Samples/{pre}_{analysis}/{sample_id_path}_{date}
662 /{sample_id_path}_gate_percentages.csv', 'w',
663 newline='\n') as f:
664 writer = csv.DictWriter(f, fieldnames=gate_pct.keys())
665 writer.writeheader()
666 writer.writerow(gate_pct)
667

668 with open(f'{os.getcwd()}/Samples/{pre}_{analysis}
669 /global_gate_pct.csv', 'a', newline='\n') as f_object:
670 writer_object = csv.DictWriter(f_object,

fieldnames=gate_pct.keys())↪→

671 writer_object.writeheader()
672 writer_object.writerow(gate_pct)
673 print("##################################################")
674

675

676 # ----------------------------------------------------------------------------
677 # Execution starts here
678

679 # base directory where the files are stored
680 base_dir = "Data/DATA_Raw_files/FLOW"
681

682 # All gate aliases found
683 gd_gate_aliases = ['Gamma delta + ', 'GD+', 'TCRgd+', 'TCR gd+', 'gd+']
684 ifng_gate_aliases = ['INFg+', 'IFN-g+']
685 lag3_gate_aliases = ['LAG3+', 'LAG3', 'LAG-3 +', 'Lag3+']
686 tcm_gate_aliases = ['TCM CD45RA- CCR7+', 'TCM']
687 teff_gate_aliases = ['Teff CD45RA+ CCR7-', 'Teff', 'TEFF']
688 tem_gate_aliases = ['TEM CD45RA- CCR7-', 'TEM']
689 precursor_gate_aliases = ['precursors', 'precursor', 'Precursor',
690 'PRECURSOR', 'Naive CD45RA+ CCR7+', 'Live Dead',
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691 'Live-Dead']
692

693 if __name__ == '__main__':
694

695 if os.path.exists(f'{os.getcwd()}/Samples'):
696 shutil.rmtree(f'{os.getcwd()}/Samples', ignore_errors=True)
697

698 os.mkdir('Samples')
699

700 wsp_files = get_wsp_files(base_dir)
701

702 # Loop through workspace files
703 for wsp_file in wsp_files:
704

705 analysis = ''
706 if 'PBMC' in wsp_file:
707 analysis = 'PBMCs'
708 elif 'TIL' in wsp_file:
709 analysis = 'TILs'
710

711 pre = ''
712 if 'ICS' in wsp_file:
713 pre = 'ICS'
714 elif 'Tcell' in wsp_file:
715 pre = 'Tcell'
716 elif 'Thoming' in wsp_file:
717 pre = 'Thoming'
718

719 analyze(wsp_file, analysis, pre)

Python Script: gate_pct_graphs.py

1 import numpy as np
2 from matplotlib import pyplot as plt
3 from matplotlib.lines import Line2D
4

5 import global_func
6 import statistics
7

8

9 def get_comp_data(gate_list, group):
10 avg = {}
11 print(gate_list)
12 print(group)
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13 get_group_avg(avg, gate_list, group)
14 print(avg)
15 return avg
16

17

18 def get_group_avg(avg, gate_list, group):
19 for gate in gate_list:
20 data_til = global_func.get_gate_data(gate, 'FLOW', group, 'TILs',

'gate_pct')↪→

21 data_pbmc = global_func.get_gate_data(gate, 'FLOW', group, 'PBMCs',
'gate_pct')↪→

22 print(data_til)
23 print(data_pbmc)
24

25 avg[gate] = {'TILs': {'mean': 0, 'std': 0}, 'PBMCs': {'mean': 0, 'std':
0}}↪→

26

27 if data_til:
28 data_values = [float(value) for dict_item in data_til for value in

list(dict_item.values())]↪→

29 avg[gate]['TILs']['mean'] = round(statistics.mean(data_values), 3)
30 avg[gate]['TILs']['std'] = round(statistics.stdev(data_values), 3)
31 if data_pbmc:
32 data_values = [float(value) for dict_item in data_pbmc for value in

list(dict_item.values())]↪→

33 avg[gate]['PBMCs']['mean'] = round(statistics.mean(data_values), 3)
34 avg[gate]['PBMCs']['std'] = round(statistics.stdev(data_values), 3)
35

36

37 ics_gate_list = ['CD4+', 'CD8+', 'gd+']
38 tcell_gate_list = ['precursor', 'TCM', 'TEM', 'TEFF', 'CD103+', 'CD95+', 'CD39+

CD69+', 'CD39- CD69-']↪→

39 thoming_gate_list = ['Th1', 'Th2', 'Th17', 'Tscm']
40

41 ics_data = get_comp_data(ics_gate_list, 'ICS')
42 tcell_data = get_comp_data(tcell_gate_list, 'Tcell')
43 thoming_data = get_comp_data(thoming_gate_list, 'Thoming')
44

45 final_data = {'ICS': ics_data, 'Tcell': tcell_data, 'Thoming': thoming_data}
46

47 for key, dataset in final_data.items():
48 print(dataset)
49

50 _, ax = plt.subplots(figsize=(16, 9))
51

52 if key == 'ICS':
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53 plt.title(f'{key} IFN-�', fontsize=30)
54 else:
55 plt.title(f'{key}', fontsize=30)
56

57 legend = ['PBMCs', 'TILs']
58 custom_lines = [Line2D([0], [0], color="cyan", lw=6),
59 Line2D([0], [0], color="purple", lw=6)]
60

61 ax.legend(custom_lines, legend, loc='best', fontsize=15)
62

63 gates = list(dataset.keys())
64 if key == 'Tcell':
65 gates = ['CD8+ | ' + gate for gate in gates]
66 elif key == 'Thoming':
67 gates = ['CD4+ | ' + gate if gate.lower() != 'tscm' else 'CD8+ | ' +

gate for gate in gates]↪→

68

69 x = np.arange(len(dataset))
70 width = 0.4
71

72 pbmcs_avg = []
73 pbmcs_std = []
74 tils_avg = []
75 tils_std = []
76 for values in list(dataset.values()):
77 pbmcs_avg.append(values['PBMCs']['mean'])
78 pbmcs_std.append(values['PBMCs']['std'])
79 tils_avg.append(values['TILs']['mean'])
80 tils_std.append(values['TILs']['std'])
81

82 ax.bar(x - 0.2, pbmcs_avg, width, color='cyan')
83 ax.bar(x + 0.2, tils_avg, width, color='purple')
84

85 all_std = pbmcs_std + tils_std
86 iterator = iter(all_std)
87

88 for p in ax.patches:
89 rect_x = p.get_x() # get the bottom left x corner of the bar
90 rect_y = p.get_y()
91 w = p.get_width() # get width of bar
92 h = p.get_height() # get height of bar
93 if h > 0:
94 rect_std = next(iterator)
95 min_y = h - rect_std # use h to get min from dict z
96 max_y = h + rect_std # use h to get max from dict z
97 plt.vlines(rect_x + w / 2, min_y, max_y, color='k') # draw a

vertical line↪→
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98 plt.hlines(max_y, (rect_x + w / 2) - w / 4, (rect_x + w / 2) + w /
4, color='k')↪→

99 plt.hlines(min_y, (rect_x + w / 2) - w / 4, (rect_x + w / 2) + w /
4, color='k')↪→

100 else:
101 plt.text(rect_x + w / 4, rect_y, "n.a.", fontsize=15)
102

103 # plt.xlabel("Gates", fontsize=20)
104 plt.ylabel("Gate Percentages", fontsize=20)
105

106 plt.xticks(x, gates, rotation=30, ha="center", fontsize=20)
107 plt.yticks(fontsize=20)
108 plt.subplots_adjust(bottom=0.25)
109

110 plt.savefig(f'Samples/{key}_gate_percentages.png')
111 plt.clf()

Python Script: global_func.py

1 import os
2

3

4 # Functions
5

6 def read_csv(csv_file):
7 """
8 Read the data from a csv and transform it into a dictionary
9 :param csv_file: the csv file path

10 :return: the data from the csv file path, in a dictionary
11 """
12 csv_data = []
13 with open(csv_file, 'r') as f:
14 lines = f.read().splitlines()
15 for line in lines:
16 idx = lines.index(line)
17 if idx % 2 == 1:
18 if 'mfi' in csv_file and 'ICS' not in csv_file:
19 values_list = [x for x in line.split('\"') if x.strip() !=

'' and x != ',']↪→

20 copy_values_list = values_list[:]
21 for item in copy_values_list:
22 if item.startswith(',') or item.endswith(','):
23 item_idx = values_list.index(item)
24 values_list.remove(item)
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25 aux_list = [x for x in item.split(',') if x != '']
26 for i in range(len(aux_list)):
27 values_list.insert(item_idx + i, aux_list[i])
28 csv_data.append(dict(zip(lines[idx - 1].split(','),

values_list)))↪→

29 else:
30 csv_data.append(dict(zip(lines[idx - 1].split(','),

line.split(','))))↪→

31 return csv_data
32

33

34 def get_data(prefix, group, analysis, data_type):
35 """
36 Get the data given the conditions
37 :param prefix: FLOW or ELISA
38 :param group: ICS, Tcell or Thoming
39 :param analysis: PBMCs, TILs or WBA
40 :param data_type: gate_mfi or gate_pct
41 :return: the data, as a list
42 """
43 if prefix.upper() == 'ELISA':
44 return data[prefix][group][analysis]
45 else:
46 if group == '':
47 result = []
48 for aux_group in ['ICS', 'Tcell', 'Thoming']:
49 result.extend(data[prefix][aux_group][analysis][data_type])
50 return result
51 return data[prefix][group][analysis][data_type]
52

53

54 def get_gate_data(gate, prefix, group, analysis, data_type):
55 """
56 Get data from a specific gate
57 :param gate: the gate
58 :param prefix: FLOW or ELISA
59 :param group: ICS, Tcell or Thoming
60 :param analysis: PBMCs or TILs
61 :param data_type: gate_mfi or gate_pct
62 :return: the data, as a list
63 """
64 res_data = []
65 gate_data = get_data(prefix, group, analysis, data_type)
66 for dict_item in gate_data:
67 for key, value in dict_item.items():
68 if gate.lower() in key.lower() or gate in key.upper():
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69 res_data.append({key: value})
70 return res_data
71

72

73 #
-------------------------------------------------------------------------------↪→

74 # Execution starts here
75

76 # Import Data
77

78 # Build data structure
79 data = {'ELISA': {'Concentrations': {'TIL': [], 'WBA': []}, 'OD': {'TIL': [],

'WBA': []},↪→

80 'Reactions': {'TIL': [], 'WBA': []}},
81 'FLOW': {'ICS': {'PBMCs': {'gate_mfi': {}, 'gate_pct': {}}, 'TILs':

{'gate_mfi': {}, 'gate_pct': {}}},↪→

82 'Tcell': {'PBMCs': {'gate_mfi': {}, 'gate_pct': {}}, 'TILs':
{'gate_mfi': {}, 'gate_pct': {}}},↪→

83 'Thoming': {'PBMCs': {'gate_mfi': {}, 'gate_pct': {}}, 'TILs':
{'gate_mfi': {}, 'gate_pct': {}}}↪→

84 }
85 }
86

87 # Import ELISA data
88 data['ELISA']['Concentrations']['TIL'] =

read_csv('Patients/TIL_global_concentrations.csv')↪→

89 data['ELISA']['Concentrations']['WBA'] =
read_csv('Patients/WBA_global_concentrations.csv')↪→

90 data['ELISA']['OD']['TIL'] = read_csv('Patients/TIL_global_ODs.csv')
91 data['ELISA']['OD']['WBA'] = read_csv('Patients/WBA_global_ODs.csv')
92 data['ELISA']['Reactions']['TIL'] =

read_csv('Patients/TIL_global_peptide_reactions.csv')↪→

93 data['ELISA']['Reactions']['WBA'] =
read_csv('Patients/WBA_global_peptide_reactions.csv')↪→

94

95 # Import FLOW data
96 for directory in os.listdir('Samples'):
97 if os.path.isdir(os.path.join('Samples', directory)):
98 for item in os.listdir(os.path.join('Samples', directory)):
99 path = os.path.join('Samples', directory, item)

100 if os.path.isfile(path):
101 if 'ICS_PBMCs' in path:
102 if 'mfi' in path:
103 data['FLOW']['ICS']['PBMCs']['gate_mfi'] =

read_csv(path)↪→

104 elif 'gate_pct' in path:
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105 data['FLOW']['ICS']['PBMCs']['gate_pct'] =
read_csv(path)↪→

106 elif 'ICS_TILs' in path:
107 if 'mfi' in path:
108 data['FLOW']['ICS']['TILs']['gate_mfi'] = read_csv(path)
109 elif 'gate_pct' in path:
110 data['FLOW']['ICS']['TILs']['gate_pct'] = read_csv(path)
111 elif 'Tcell_PBMCs' in path:
112 if 'mfi' in path:
113 data['FLOW']['Tcell']['PBMCs']['gate_mfi'] =

read_csv(path)↪→

114 elif 'gate_pct' in path:
115 data['FLOW']['Tcell']['PBMCs']['gate_pct'] =

read_csv(path)↪→

116 elif 'Tcell_TILs' in path:
117 if 'mfi' in path:
118 data['FLOW']['Tcell']['TILs']['gate_mfi'] =

read_csv(path)↪→

119 elif 'gate_pct' in path:
120 data['FLOW']['Tcell']['TILs']['gate_pct'] =

read_csv(path)↪→

121 elif 'Thoming_PBMCs' in path:
122 if 'mfi' in path:
123 data['FLOW']['Thoming']['PBMCs']['gate_mfi'] =

read_csv(path)↪→

124 elif 'gate_pct' in path:
125 data['FLOW']['Thoming']['PBMCs']['gate_pct'] =

read_csv(path)↪→

126 elif 'Thoming_TILs' in path:
127 if 'mfi' in path:
128 data['FLOW']['Thoming']['TILs']['gate_mfi'] =

read_csv(path)↪→

129 elif 'gate_pct' in path:
130 data['FLOW']['Thoming']['TILs']['gate_pct'] =

read_csv(path)↪→

Python Script: linreg.py

1 from scipy.stats import linregress
2 import numpy as np
3 from global_func import get_data, get_gate_data
4 import matplotlib.pyplot as plt
5 from scipy.stats import t
6 import os
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7 import csv
8

9

10 # Functions
11

12 def get_avg(peptide, data):
13 """
14 Get the average mfi for a peptide in the data provided
15 :param peptide: the peptide string
16 :param data: the data to be checked
17 :return: the average mfi of the peptide in the data list
18 """
19 res = []
20 for dict_item in data:
21 if peptide in dict_item:
22 res.append(float(dict_item[peptide]))
23 return round(sum(res) / len(res), 3)
24

25

26 def perform_linear_regression(data_min, data_max, elisa_data, analysis, gate,
elisa_type):↪→

27 """
28 Performs linear regression with the given data
29

30 :param data_min: the minimum value of the gate data
31 :param data_max: the maximum value of the gate data
32 :param elisa_data: the elisa data
33 :param analysis: analysis string (PBMCs or TILs)
34 :param gate: the gate (CD4, CD8, GD)
35 :param elisa_type: the ELISA analysis type (TIL or WBA)
36 :return: None
37 """
38 reg_array = np.random.uniform(low=float(data_min), high=float(data_max),

size=(len(elisa_data),))↪→

39 res = linregress(reg_array, elisa_data)
40

41 print(f'R-squared: {res.rvalue**2:.6f}')
42

43 tinv = lambda p, df: abs(t.ppf(p / 2, df))
44 ts = tinv(0.05, len(reg_array) - 2)
45

46 print(f"slope (95%): {res.slope:.6f} +/- {ts * res.stderr:.6f}")
47 print(f"intercept (95%): {res.intercept:.6f}"
48 f" +/- {ts * res.intercept_stderr:.6f}")
49

50 extracted_data = {'R-Squared': round(res.rvalue**2, 6),
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51 'Slope': f'{round(res.slope, 6)} +/- {round(ts +
res.stderr, 6)}',↪→

52 'Intercept': f'{round(res.intercept, 6)} +/- {round(ts *
res.intercept_stderr, 6)}'}↪→

53

54 filepath = f'LinearRegression/{gate}_IFN-g_{analysis}_vs_ELISA_{elisa_type}'
55 if not os.path.exists(filepath):
56 os.makedirs(filepath)
57

58 # Write data to sample file
59 with open(f'{filepath}/data.csv', 'w', newline='\n') as f:
60 w = csv.writer(f)
61 w.writerow(extracted_data.keys())
62 w.writerow(extracted_data.values())
63

64 plt.plot(reg_array, elisa_data, 'o', label='data points')
65 plt.plot(reg_array, res.intercept + res.slope * reg_array, 'r',

label='fitted line')↪→

66

67 if gate == 'GD':
68 plt.title(f'��+ IFN-�+ {analysis} VS ELISA {elisa_type}', fontsize=15)
69 else:
70 plt.title(f'{gate}+ IFN-�+ {analysis} VS ELISA {elisa_type}',

fontsize=15)↪→

71

72 # plt.xticks([])
73 # plt.yticks([])
74

75 if gate == 'GD':
76 plt.xlabel(f'% ��+ IFN-�+ from ICS {analysis}')
77 else:
78 plt.xlabel(f'% {gate}+ IFN-�+ from ICS {analysis}')
79

80 plt.ylabel(f'% IFN-�+ Supernatant Concentration from ELISA {elisa_type}',
fontsize=8)↪→

81

82 plt.legend()
83

84 plt.savefig(f'{filepath}/graph.png')
85 plt.clf()
86

87 print()
88

89

90 #
---------------------------------------------------------------------------------↪→
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91 # Execution starts here
92

93 # If results directorydoes not exist, create it
94 if not os.path.exists('LinearRegression'):
95 os.makedirs('LinearRegression')
96

97 # get elisa data
98 elisa_wba = get_data('ELISA', 'Reactions', 'WBA', '')
99 elisa_til = get_data('ELISA', 'Reactions', 'TIL', '')

100

101 print(f'Elisa WBA: {elisa_wba}')
102 print(f'Elisa TIL: {elisa_til}')
103

104 # Rebuild elisa data into a dictionary to take only the average of the peptides
it holds↪→

105 final_elisa_wba = {}
106 for dict_item in elisa_wba:
107 for k in dict_item.keys():
108 if k not in final_elisa_wba:
109 final_elisa_wba[k] = get_avg(k, elisa_wba)
110

111 final_elisa_til = {}
112 for dict_item in elisa_til:
113 for k in dict_item.keys():
114 if k not in final_elisa_til:
115 final_elisa_til[k] = get_avg(k, elisa_til)
116

117 print(f'Elisa WBA Values: {list(final_elisa_wba.values())}')
118 print(f'Elisa TIL Values: {list(final_elisa_til.values())}')
119 print()
120

121 # PBMCs gate percentages vs ELISA WBA
122 # CD8
123 cd8_pbmcs_data = [float(list(entry.values())[0]) for entry in

get_gate_data('cd8', 'FLOW', 'ICS', 'PBMCs', 'gate_pct')]↪→

124 perform_linear_regression(min(cd8_pbmcs_data), max(cd8_pbmcs_data),
list(final_elisa_wba.values()), 'PBMCs', 'CD8', 'WBA')↪→

125

126 # CD4
127 cd4_pbmcs_data = [list(entry.values())[0] for entry in get_gate_data('cd4',

'FLOW', 'ICS', 'PBMCs', 'gate_pct')]↪→

128 perform_linear_regression(min(cd4_pbmcs_data), max(cd4_pbmcs_data),
list(final_elisa_wba.values()), 'PBMCs', 'CD4', 'WBA')↪→

129 # GD
130 gd_pbmcs_data = [list(entry.values())[0] for entry in get_gate_data('gd',

'FLOW', 'ICS', 'PBMCs', 'gate_pct')]↪→
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131 perform_linear_regression(min(gd_pbmcs_data), max(gd_pbmcs_data),
list(final_elisa_wba.values()), 'PBMCs', 'GD', 'WBA')↪→

132

133 # TILs gate percentages vs ELISA TIL
134 # CD8
135 cd8_tils_data = [list(entry.values())[0] for entry in get_gate_data('cd8',

'FLOW', 'ICS', 'TILs', 'gate_pct')]↪→

136 perform_linear_regression(min(cd8_tils_data), max(cd8_tils_data),
list(final_elisa_til.values()), 'TILs', 'CD8', 'TIL')↪→

137

138 # CD4
139 cd4_tils_data = [list(entry.values())[0] for entry in get_gate_data('cd4',

'FLOW', 'ICS', 'TILs', 'gate_pct')]↪→

140 perform_linear_regression(min(cd4_tils_data), max(cd4_tils_data),
list(final_elisa_til.values()), 'TILs', 'CD4', 'TIL')↪→

141

142 # GD
143 gd_tils_data = [list(entry.values())[0] for entry in get_gate_data('gd', 'FLOW',

'ICS', 'TILs', 'gate_pct')]↪→

144 perform_linear_regression(min(gd_tils_data), max(gd_tils_data),
list(final_elisa_til.values()), 'TILs', 'GD', 'TIL')↪→

Python Script: 1_test_chi_squared.py

1 import scipy.stats as stats
2 import os
3 from global_func import get_data, get_gate_data
4 from tkinter import simpledialog
5

6

7 # Functions
8

9

10 def print_comp_data(comp_str, list1, list2):
11 """
12 Print both lists of data
13

14 :param comp_str: The string that describes the two data lists
15 :param list1: the first list
16 :param list2: the second list
17

18 :return: None
19 """
20 print(comp_str)
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21 print()
22 print(list1)
23 print()
24 print(list2)
25 print()
26

27

28 def perform_chi2_test(list1, list2, comp_str):
29 """
30 Perform the chi-squared contingency test with the
31 values on the two lists
32

33 :param list1: the first list
34 :param list2: the second list
35 :param comp_str: The string that describes the two data lists
36

37 :return: None
38 """
39 # Create the directory structure
40 if not os.path.exists('Stats_Tests/Chi2'):
41 os.makedirs('Stats_Tests/Chi2')
42

43 written_ind = False
44 written_dep = False
45

46 for dict_item in list1:
47 for other_dict_item in list2:
48 for key1, value1 in dict_item.items():
49 for key2, value2 in other_dict_item.items():
50 value1 = float(value1)
51 value2 = float(value2)
52 print(f'Chi-Squared test for {key1}:{value1} and

{key2}:{value2}')↪→

53 if value1 != 100 or value2 != 100:
54 values_1 = [value1, float(100 - value1)]
55 values_2 = [value2, float(100 - value2)]
56 chi2, pvalue, dof, expected_freq =

stats.chi2_contingency([values_1, values_2])↪→

57 print(f'Chi-Squared: {chi2}\t\tP-Value:
{pvalue}\t\tDegrees of Freedom: {dof}\t\t'↪→

58 f'Expected Frequency: {expected_freq}')
59

60 if pvalue <= alpha:
61 print(f'dependent: the relation between {key1} and

{key2} is significant')↪→

62 file = open(f'Stats_Tests
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63 /Chi2/results_chi2_dependent_{alpha}.csv', 'a')
64 if not written_dep:
65 file.write(comp_str + '\n')
66 written_dep = True
67

68 file.write(f'{key1} versus {key2}')
69 file.write('\n')
70 file.write(f'Chi2: {chi2}, P-Value: {pvalue}, DOF:

{dof}, Expected_Freq: {expected_freq}')↪→

71 file.write('\n')
72 else:
73 print(f'independent: {key1} and {key2} do not have a

significant relation')↪→

74 file = open(f'Stats_Tests
75 /Chi2/results_chi2_independent_{alpha}.csv', 'a')
76 if not written_ind:
77 file.write(comp_str + '\n')
78 written_ind = True
79

80 file.write(f'{key1} versus {key2}')
81 file.write('\n')
82 file.write(f'Chi2: {chi2}, P-Value: {pvalue}, DOF:

{dof}, Expected_Freq: {expected_freq}')↪→

83 file.write('\n')
84 break
85 file.write('\n')
86 file.close()
87

88

89 # -----------------------------------------------------------------------------
90 # Execution starts here
91

92 # Use tkinter to get user input for significance level (alpha) for p-value
comparison↪→

93 alpha = simpledialog.askfloat('Chi-Squared Contingency Tests',
94 'Input alpha value for p-value comparisons:')
95

96 if alpha is None or alpha < 0:
97 print('ERROR: Alpha value is negative or not defined.')
98 exit()
99

100 input('Press ENTER to continue...')
101

102 # If the files to be created already exist, delete them
103 if os.path.exists(f'Stats_Tests/Chi2/results_chi2_dependent_{alpha}.csv'):
104 os.remove(f'Stats_Tests/Chi2/results_chi2_dependent_{alpha}.csv')
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105 if os.path.exists(f'Stats_Tests/Chi2/results_chi2_independent_{alpha}.csv'):
106 os.remove(f'Stats_Tests/Chi2/results_chi2_independent_{alpha}.csv')
107

108 # gate % flow_Thoming_PBMCs versus gate % flow_Thoming_TILs
109 flow_thoming_pbmcs_gate_pct = get_data('FLOW', 'Thoming', 'PBMCs', 'gate_pct')
110 flow_thoming_tils_gate_pct = get_data('FLOW', 'Thoming', 'TILs', 'gate_pct')
111 print_comp_data('GATE PCT THOMING PBMCS VS GATE PCT THOMING TILS',

flow_thoming_pbmcs_gate_pct,↪→

112 flow_thoming_tils_gate_pct)
113 perform_chi2_test(flow_thoming_pbmcs_gate_pct, flow_thoming_tils_gate_pct,

'Thoming PBMCs VS Thoming TILs')↪→

114

115 # gate % flow_Tcell_PBMCs versus %(each peptide) ELISA_WBA
116 flow_tcell_pbmcs_gate_pct = get_data('FLOW', 'Tcell', 'PBMCs', 'gate_pct')
117 elisa_wba = get_data('ELISA', 'OD', 'WBA', '')
118 print_comp_data('GATE PCT TCELL PBMCS VS ELISA', flow_tcell_pbmcs_gate_pct,

elisa_wba)↪→

119 perform_chi2_test(flow_tcell_pbmcs_gate_pct, elisa_wba, 'Tcell PBMCs VS ELISA
WBA')↪→

120

121 # gate % flow_ICS_PBMCs versus %(each peptide) ELISA_WBA
122 flow_ics_pbmcs_gate_pct = get_data('FLOW', 'ICS', 'PBMCs', 'gate_pct')
123 print_comp_data('GATE PCT ICS PBMCS VS ELISA', flow_ics_pbmcs_gate_pct,

elisa_wba)↪→

124 perform_chi2_test(flow_ics_pbmcs_gate_pct, elisa_wba, 'ICS PBMCs VS ELISA WBA')
125

126 # ICS_PBMCs_CD3_IFNgamma COMPARE with ELISA_WBA
127 print('MFI CD3 ICS PBMCS VS ELISA')
128 print('No data.')
129 print()
130

131 # ICS_PBMCs_CD8_IFNgamma COMPARE with ELISA_WBA
132 cd8_data = get_gate_data('cd8', 'FLOW', 'ICS', 'PBMCs', 'gate_pct')
133 print_comp_data('GATE PCT CD8 ICS PBMCS VS ELISA', cd8_data, elisa_wba)
134 perform_chi2_test(cd8_data, elisa_wba, 'ICS PBMCS CD8 INF-G VS ELISA WBA')
135

136 # ICS_PBMCs_CD4_IFNgamma COMPARE with ELISA_WBA
137 cd4_data = get_gate_data('cd4', 'FLOW', 'ICS', 'PBMCs', 'gate_pct')
138 print_comp_data('GATE PCT CD4 ICS PBMCS VS ELISA', cd4_data, elisa_wba)
139 perform_chi2_test(cd4_data, elisa_wba, 'ICS PBMCS CD4 INF-G VS ELISA WBA')
140

141 # ICS_PBMCs_gd_IFNgamma COMPARE with ELISA_WBA
142 gd_data = get_gate_data('gd', 'FLOW', 'ICS', 'PBMCs', 'gate_pct')
143 print_comp_data('GATE PCT GD ICS PBMCS VS ELISA', gd_data, elisa_wba)
144 perform_chi2_test(gd_data, elisa_wba, 'ICS PBMCS GD INF-G VS ELISA WBA')
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Python Script: 2_test_t_test.py

1 import scipy.stats as stats
2 from global_func import get_data
3 from tkinter import simpledialog
4 import os
5

6

7 def get_average(key, th_list):
8 """
9 Return the average of the gate mfi for the given Thoming list

10

11 :param key: the gate to be checked
12 :param th_list: th1 or th2 list
13 :return: the average of the gate specified in the th list specified
14 """
15 res = []
16 for dict_item in th_list:
17 dict_item = eval(dict_item)
18 if key in dict_item:
19 res.append(dict_item[key])
20 return round(sum(res) / len(res), 3)
21

22

23 def get_values_for_key(key):
24 """
25 filter the averages dictionary given the key (Th1 or Th2)
26 :param key: Th1 or Th2
27 :return: Dictionary with PBMCs and TILs for the given key
28 """
29 return {k: v for k, v in averages.items() if k.startswith(key)}
30

31 # ----------------------------------------------------------------------------
32 # Execution starts here
33

34

35 # Use tkinter to get user input for significance level (alpha) for p-value
comparison↪→

36 alpha = simpledialog.askfloat('T-Test Dependent Tests',
37 'Input alpha value for p-value comparisons:')
38

39 if alpha is None or alpha < 0:
40 print('ERROR: Alpha value is negative or not defined.')
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41 exit()
42

43 input('Press ENTER to continue...')
44

45 th1_gates = ['CXCR3', 'CCR6']
46 th2_gates = ['CCR4', 'CCR6']
47 all_gates = list(set(th1_gates + th2_gates))
48

49 th1_pbmcs = [dict_item['Th1'] for dict_item in get_data('FLOW', 'Thoming',
'PBMCs', 'gate_mfi') if 'Th1' in dict_item]↪→

50 th2_pbmcs = [dict_item['Th2'] for dict_item in get_data('FLOW', 'Thoming',
'PBMCs', 'gate_mfi') if 'Th2' in dict_item]↪→

51

52 th1_tils = [dict_item['Th1'] for dict_item in get_data('FLOW', 'Thoming',
'TILs', 'gate_mfi') if 'Th1' in dict_item]↪→

53 th2_tils = [dict_item['Th2'] for dict_item in get_data('FLOW', 'Thoming',
'TILs', 'gate_mfi') if 'Th2' in dict_item]↪→

54

55 # Get the averages for all gates composing each Thoming gate for the respective
analysis type↪→

56 averages = {'Th1_PBMCs': [get_average('CXCR3', th1_pbmcs), get_average('CCR6',
th1_pbmcs)],↪→

57 'Th2_PBMCs': [get_average('CCR4', th2_pbmcs), get_average('CCR6',
th2_pbmcs)],↪→

58 'Th1_TILs': [get_average('CXCR3', th1_tils), get_average('CCR6',
th1_tils)],↪→

59 'Th2_TILs': [get_average('CCR4', th2_tils), get_average('CCR6',
th2_tils)]↪→

60 }
61

62 print(averages)
63

64 th1_pbmcs_norm = stats.anderson(averages['Th1_PBMCs'],
dist='norm').fit_result.success↪→

65 th1_tils_norm = stats.anderson(averages['Th1_TILs'],
dist='norm').fit_result.success↪→

66

67 th2_pbmcs_norm = stats.anderson(averages['Th2_PBMCs'],
dist='norm').fit_result.success↪→

68 th2_tils_norm = stats.anderson(averages['Th2_TILs'],
dist='norm').fit_result.success↪→

69

70 if th1_pbmcs_norm and th1_tils_norm:
71 # Perform related T-test for Th1
72 th1 = get_values_for_key('Th1')
73 th1_t_stat, th1_p_value = stats.ttest_rel(th1['Th1_PBMCs'], th1['Th1_TILs'])
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74 print(f'Th1:\nT-stat: {th1_t_stat}\t\tP-value:{th1_p_value}')
75

76 if th1_p_value <= alpha:
77 print('Reject the null hypothesis: the averages of CXCR3 and CCR6 for

Th1 PBMCs and Th1 TILs are different')↪→

78 else:
79 print('Accept the null hypothesis: the averages of CXCR3 and CCR6 for

Th1 PBMCs and Th1 TILs are similar')↪→

80

81 else:
82 th1_pbmcs_wilcoxon = stats.wilcoxon(averages['Th1_PBMCs'])
83 print(th1_pbmcs_wilcoxon)
84 th1_tils_wilcoxon = stats.wilcoxon(averages['Th1_TILs'])
85 print(th1_tils_wilcoxon)
86

87

88 if th2_pbmcs_norm and th2_tils_norm:
89 # Perform related T-test for Th2
90 th2 = get_values_for_key('Th2')
91 th2_t_stat, th2_p_value = stats.ttest_rel(th2['Th2_PBMCs'], th2['Th2_TILs'])
92 print(f'Th2:\nT-stat: {th2_t_stat}\t\tP-value:{th2_p_value}')
93

94 if th2_p_value <= alpha:
95 print('Reject the null hypothesis: the averages of CCR4 and CCR6 for Th2

PBMCs and Th1 TILs are different')↪→

96 else:
97 print('Accept the null hypothesis: the averages of CCR4 and CCR6 for Th2

PBMCs and Th1 TILs are similar')↪→

98

99 else:
100 th2_pbmcs_wilcoxon = stats.wilcoxon(averages['Th2_PBMCs'])
101 print(th2_pbmcs_wilcoxon)
102 th2_tils_wilcoxon = stats.wilcoxon(averages['Th2_TILs'])
103 print(th2_tils_wilcoxon)

Python Script: data_export.py

1 import mysql.connector
2 import tkinter as tk
3 from tkinter import messagebox
4 import ttkbootstrap as ttk
5

6

7 # Functions
8
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9 def query_database(query):
10 res = None
11 cursor.execute(query)
12 if query.lower().startswith('select') or query.lower().startswith('show'):
13 res = cursor.fetchall()
14 return res
15

16

17 def build_form(master_window, table):
18 cols = table_cols[table]
19 print(cols)
20 for col in cols:
21 print(f'{col} : {form_items[col]}')
22 pass
23

24

25 def build_menu(table):
26 if len(table) == 0:
27 messagebox.showerror('Table Undefined', 'Please choose a table to insert

data!')↪→

28 else:
29 new_window = ttk.Toplevel(root)
30 menu_frame = tk.Frame(master=new_window, background='red')
31 menu_frame.pack(fill="both", expand=True, padx=20, pady=20)
32 build_form(new_window, table, table_cols[table])
33

34

35 def change_label(menu, txt):
36 menu['text'] = txt
37

38

39 # ----------------------------------------------------------------------------
40 # Execution starts here
41

42 tables = ['elisa', 'output', 'patient', 'phenotype_cytometry', 'sample',
'tumor_biopsy',↪→

43 'wes_whole_exosome_sequencing', 'whole_blood']
44

45 table_cols = {
46 'elisa': ('Patient_ID', 'Sample_ID', 'Protein_Cytokine_Interest',

'ELISA_Date', 'ELISA_Plate_ID'),↪→

47 'output': ('Output_ID', 'Patient_ID', 'Sample_ID',
'ELISA_CytokineProtein_Conc_Peptide', 'Flow_Panel_ID',↪→

48 'CD_Percentage', 'CD_MFI', 'CytokineProtein_Percentage',
'CytokineProtein_MFI'),↪→

49 'patient': ('Patient_ID', 'Age', 'Sex'),

154



50 'phenotype_cytometry': ('Flow_Panel_ID', 'Patitent_ID', 'Sample_ID'),
51 'sample': ('Sample_ID', 'Patient_ID', 'Tumor_Biopsy_ID', 'Whole_Blood_ID',

'Tissue_Type', 'Sample_Date'),↪→

52 'tumor_biopsy': ('Tumor_Biopsy_ID', 'WES_Whole_Exosome_Sequencing',
'Biopsy_Location', 'Tissue_Type',↪→

53 'Pathology_Diagnosis'),
54 'wes_whole_exosome_sequencing': ('Artificial_Peptides_from',

'Biopsy_Location', 'Tissue_Type', 'Pathology_Diagnosis'),↪→

55 'whole_blood': ('Whole_Blood_ID', 'Heparin', 'EDTA', 'Serum', 'LRS_chamber',
'Buffy_Coat')↪→

56 }
57

58 flow_panel_id = ['ICS', 'T-cell panel', 'Thoming']
59

60 pathology_diagnosis = ['Intrahepatic Cholangiocarcinoma', 'Metastatic Colon
Adenocarcinoma',↪→

61 'Colon Adenocarcinoma', 'Colon Neuroendocrine Tumor',
'Rectum Adenocarcinoma',↪→

62 'Pancreas Neuroendocrine Tumor', 'Pancreas
Adenocarcinoma', 'Retroperitoneum Liposarcoma',↪→

63 'Metastatic Melanoma possibly, uveal melanoma',
64 'Glioblastoma', 'Ductal Adenocarcinoma',
65 'Ampullary Adenomyomatous Hyperplasia',
66 'Stomach Gastrointestinal Stromal Tumour',
67 'Billiary Tract Adenocarcinoma']
68

69

70 def get_samples():
71 with open('Samples/sample_ids.txt', 'r') as f:
72 lines = f.readlines()
73 lines = set(list(map(lambda x: x[:-1], lines)))
74 return lines
75

76

77 def get_peptides():
78 with open('Patients/peptides.txt', 'r') as f:
79 lines = f.readlines()
80 lines = set(list(map(lambda x: x[:-1], lines)))
81 return lines
82

83

84 form_items = {
85 'Patient_ID': {'label': 'Select Patient:', 'data_type': 'dropdown',

'dropdown_list': [1, 2, 3, 4, 5]},↪→

86 'Sample_ID': {'label': 'Select Sample:', 'data_type': 'dropdown',
'dropdown_list': get_samples()},↪→
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87 'Protein_Cytokine_Interest': {'label': 'Select Cytokine:', 'data_type':
'str'},↪→

88 'ELISA_Date': {'label': 'Select Date:', 'data_type': 'date'},
89 'ELISA_Plate_ID': {'label': 'Select Plate:', 'data_type': 'int'},
90 'Output_ID': {'label': '', 'data_type': 'inc_int'},
91 'ELISA_CytokineProtein_Conc_Peptide': {'label': 'Select Peptide',

'data_type': 'dropdown', 'dropdown_list': get_peptides()},↪→

92 'Flow_Panel_ID': {'label': 'Select Flow Panel ID:', 'data_type': 'dropdown',
'dropdown_list': flow_panel_id},↪→

93 'Pathology_Diagnosis': {'label': 'Select Pathology Diagnosis:', 'data_type':
'dropdown', 'dropdown_list': pathology_diagnosis},↪→

94 }
95

96 root = ttk.Window(themename='superhero')
97 root.title("User Input")
98 root.resizable(False, False)
99

100 main_frame = ttk.Frame(master=root)
101 main_frame.pack(fill="both", expand=True, padx=20, pady=20)
102

103 table_var_label = ttk.StringVar()
104

105 table_label = ttk.Label(main_frame, textvariable=table_var_label)
106 table_var_label.set('Table Name')
107 table_label.grid(row=0, column=1, padx=5)
108

109 # Flow Panel menu
110 clicked_table_var = ttk.StringVar()
111

112 dropdown_table = ttk.Menubutton(main_frame, bootstyle='primary', text='Pick the
Table')↪→

113 dropdown_table.grid(row=0, column=2)
114

115 inside_dropdown_table = ttk.Menu(dropdown_table)
116 for x in tables:
117 inside_dropdown_table.add_radiobutton(label=x, variable=clicked_table_var,
118 command=lambda x=x:

change_label(dropdown_table, x))↪→

119

120 dropdown_table['menu'] = inside_dropdown_table
121

122 next_button = ttk.Button(root, text="Next", command=lambda:
build_menu(clicked_table_var.get()),↪→

123 bootstyle='success, outline')
124 next_button.pack(pady=10)
125
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126 root.mainloop()
127

128 # # Pathology Diagnosis menu
129 # clicked_pathology_diagnosis = ttk.StringVar()
130 #
131 # dropdown_path_diag = ttk.Menubutton(root, bootstyle='primary', text='Pick the

Pathology Diagnosis')↪→

132 # dropdown_path_diag.pack(pady=10)
133 #
134 # inside_dropdown_path_diag = ttk.Menu(dropdown_path_diag)
135 # for x in pathology_diagnosis:
136 # inside_dropdown_path_diag.add_radiobutton(label=x,

variable=clicked_pathology_diagnosis,↪→

137 # command=lambda x=x: change_label(dropdown_path_diag, x))
138 #
139 # dropdown_path_diag['menu'] = inside_dropdown_path_diag
140 #
141 # # Button for closing
142 # exit_button = ttk.Button(root, text="Save & Exit", command=root.destroy,

bootstyle='success, outline')↪→

143 # exit_button.pack(pady=10, side=BOTTOM)
144

145 conn = mysql.connector.connect(
146 host='localhost',
147 user='root',
148 password='root',
149 database='biomedicaldb'
150 )
151

152 cursor = conn.cursor()
153

154 # tables = [table[0] for table in query_database('SHOW TABLES')]
155 # print(tables)
156 #
157 # for table in tables:
158 # entries = query_database(f'SELECT * FROM biomedicaldb.{table}')
159 # print(f'{table} - {cursor.column_names}')
160
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C

Key T-Helper CD Markers and correlated Cytokınes

Table C.1: Markers for CD4+ T-cells

T-cell

sub-

set

Main characteristic Cell surface markers Additional Marker 1 Additional Marker 2 Additional Marker 3 Additional Marker 4 Major transcription factor(s) Major cytokines

Th1 pro-inflammatory CXCR3+ CCR6- CCR4- T-bet, STAT1, STAT4 IFN-γ, TNF-α, IL-2

Th2 anti-inflammatory CCR4+ CCR6- CXCR3- GATA3, STAT6, c-MAF IL-4, IL-13, IL-5, IL-10

Th17 pro-inflammatory CCR4+ CCR6+ CD161+ CXCR3- STAT3, RORγT, RORα IL-17A, IL-17F, IL-22

Treg anti-inflammatory CD39+ CD73+ CD103+ GARP-LAP+ GITR+ FoxP3, STAT5, Smad3 TGFβ, IL-10, IL-35
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D

Human Tumor Antıgen Peptıdes and Controls for Co-Culture

Table D.1: Example of Human Tumor Antigens

Antigen Class Antigen Example Antigen Description Associated Tumor

i) Germline MAGE, CAGE, BAGE, NY-ESO-1 Normally expressed only in tests/placenta fetal cells, but re-

expressed in cancer cells

Melanoma and other tu-

mors

ii) Onco-fetal CEA, AFP Expressed by tumors and also by fetal tissues but they are pro-

duced in much lower concentration by adult tissues.

Hepatoma and other tumors

iii) Lineage-restricted differ-

entiation

gp100, MART-1, tyrosinase, TRP-1, PSA, PAP, PSM, PSMA,

Proteinase-3

Normally only seen at particular phases of differentiation of a cell

type

Melanoma, Prostate Can-

cer, Myeloid Leukemia

iv) Overexpression MUC1, CEA, Survivin, HER-2/neu Present in normal tissues, but with an increased expression in

cancer

Breast Cancer and Ovarian

Cancer

v) Mutated molecules or

Translocation products

β-catenin, CDK4, MART-2, MUM3, BCR-ABL, TEL/AML-1, Ras,

p53

Arising from specific mutations Melanoma, Leukemia, vari-

ous Carcinomas

vi) Viral EBV-EBNA, HTVL-1, Tax, HPV 16-E7 Viral antigens expressed in virally induced cancers Lymphoma, Adult T-cell

Leukaemia, Cervical Can-

cer

vii) Idiotypic surface immunoglobulin Located in the variable regions of antibodies Lymphoma, Myeloma
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Table D.2: List of controls used for co-culture assays

Vial Peptide Sequence Information Length Concentration - Stock Concentration - Used

PHA N/A Cat. No. L8902-25mg N/A 2 mg/mL 5 µg/mL

OKT3 N/A Cat. No. 317302 N/A 0.5 mg/mL 5 µg/mL

M1 (mix) N/A Peptide Pool of 61 15-mers with 11 aa overlap,

Matrix protein 1 (UniProt ID: B4UPA8)

N/A 2 mg/mL 1 µg/mL

Haemagglutinin VEPGDKITFEATGNL Wildtype peptide 15 1.5 mg/mL 1 µg/mL

EBNA N/A Peptide Pool of 234 15-mers with 11 aa overlap,

EBNA 3 (UniProt ID: P12977)

N/A 2 mg/mL 1 µg/mL

CMV N/A Peptide Pool of 138 15-mers with 11 aa overlap,

pp65 (UniProt ID: P06725)

N/A 2 mg/mL 1 µg/mL

ESAT6 ELNNALQNL Wildtype peptide from ESAT-6, Mycobacterium

tuberculosis

9 2 mg/mL 1 µg/mL

EGFR LEEKKGNYVVTDH Wildtype peptide 13 1.5 mg/mL 1 µg/mL
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Table D.3: List of peptides used for co-culture assays

vial peptide sequence gene Length information Concentration - Stock Concentration - Used

KRAS_P1

(WT)

YKLVVVGAGGVGKSALT KRAS 17 wildtype peptide with position G12 in the middle with biotin at the C-terminus 1,5 mg/mL 1 µg/mL

KRAS_P2 YKLVVVGAVGVGKSALT KRAS 17 G12V mutation peptide with biotin at the C-terminus 1,5 mg/mL 1 µg/mL

KRAS_P3 YKLVVVGADGVGKSALT KRAS 17 G12D mutation peptide with biotin at the C-terminus 1,5 mg/mL 1 µg/mL

KRAS_P4 YKLVVVGARGVGKSALT KRAS 17 G12R mutation peptide with biotin at the C-terminus 1,5 mg/mL 1 µg/mL

KRAS_P5 YKLVVVGASGVGKSALT KRAS 17 G12S mutation peptide with biotin at the C-terminus 1,5 mg/mL 1 µg/mL

KRAS_P6 YKLVVVGACGVGKSALT KRAS 17 G12C mutation peptide with biotin at the C-terminus 1,5 mg/mL 1 µg/mL

KRAS_P7 YKLVVVGAAGVGKSALT KRAS 17 G12A mutation peptide with biotin at the C-terminus 1,5 mg/mL 1 µg/mL

KRAS_P8

(WT)

KLVVVGAGGVGKSALTI KRAS 17 wildtype peptide with position G13 in the middle with biotin at the C-terminus 1,5 mg/mL 1 µg/mL

KRAS_P9 KLVVVGAGDVGKSALTI KRAS 17 G13D mutation peptide with biotin at the C-terminus 1,5 mg/mL 1 µg/mL

KRAS_P10

(WT)

LDILDTAGQEEYSAMRD KRAS 17 wildtype peptide with position Q61 in the middle with biotin at the C-terminus 1,5 mg/mL 1 µg/mL

KRAS_P11 LDILDTAGKEEYSAMRD KRAS 17 Q61K mutation peptide with biotin at the C-terminus 1,5 mg/mL 1 µg/mL

KRAS_P12 LDILDTAGHEEYSAMRD KRAS 17 Q61H mutation peptide with biotin at the C-terminus 1,5 mg/mL 1 µg/mL

KRAS_P13 LDILDTAGREEYSAMRD KRAS 17 Q61R mutation peptide with biotin at the C-terminus 1,5 mg/mL 1 µg/mL

KRAS_P14

(WT)

GIPFIETSAKTRQRVED KRAS 17 wildtype peptide with position A146 in the middle with biotin at the C-terminus 1,5 mg/mL 1 µg/mL

KRAS_P15 GIPFIETSTKTRQRVED KRAS 17 A146T mutation peptide with biotin at the C-terminus 1,5 mg/mL 1 µg/mL

MART-

1/Melan-

A26-35

ELAGIGILTV MLANA 10 melanoma antigen peptide 2 mg/mL 1 µg/mL

MART-

1/Melan-

A27-35

AAGIGILTV MLANA 9 melanoma antigen peptide 2 mg/mL 1 µg/mL

Survivin (97-

111)

TLGEFLKLDRERAKN BIRC5 15 wildtype peptide 2 mg/mL 1 µg/mL

Survivin mix (1-

33)

N/A BIRC5 N/A 15AA each (peptides 1-33) 2 mg/mL 1 µg/mL

Mesothelin-

MPF_1

MALPTARPLLGSCGT MSLN 15 Mesothelin peptide 2 mg/mL 1 µg/mL

Mesothelin-

MPF_8

HRLSEPPEDLDALPL MSLN 15 Mesothelin peptide 2 mg/mL 1 µg/mL
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Mesothelin-

MPF_11

LLPRGAPERQRLLPA MSLN 15 Mesothelin peptide 2 mg/mL 1 µg/mL

Mesothelin-

MPF_12

ALACWGVRGSLLSEA MSLN 15 Mesothelin peptide 2 mg/mL 1 µg/mL

Mesothelin-

MPF_14

FVAESAEVLLPRLVS MSLN 15 Mesothelin peptide 2 mg/mL 1 µg/mL

Mesothelin-

MPF_17

SVSTMDALRGLLPVL MSLN 15 Mesothelin peptide 2 mg/mL 1 µg/mL

Mesothelin GPI

P40 (596-610)

LQGGIPNGYLVLDLS MSLN 15 Mesothelin peptide 2 mg/ml 1 µg/mL

Mesothelin GPI

P41 (601-605)

MQEALSGTPCLLGPG MSLN 15 Mesothelin peptide 2 mg/ml 1 µg/mL

NY-ESO-1-80-

94

ARGPERSLLEFYLAM CTAG1B 15 wildtype peptide 1,5 mg/ml 1 µg/mL

NY-ESO-1-89-

103

EFYLAMPFATPMEAE CTAG1B 15 wildtype peptide 1,5 mg/ml 1 µg/mL

NY-ESO-1-

157-171

SLLMWITQCFLPVFL CTAG1B 15 wildtype peptide 1,5 mg/ml 1 µg/mL

NY-ESO-1_1 MQAEGRGTGGSTGDA CTAG1B 15 wildtype peptide for mix 1,5 mg/ml 1 µg/mL

NY-ESO-1_2 GRGTGGSTGDADGPG CTAG1B 15 wildtype peptide for mix 1,5 mg/ml 1 µg/mL

NY-ESO-1_3 GGSTGDADGPGGPGI CTAG1B 15 wildtype peptide for mix 1,5 mg/ml 1 µg/mL

NY-ESO-1_4 GDADGPGGPGIPDGP CTAG1B 15 wildtype peptide for mix 1,5 mg/ml 1 µg/mL

NY-ESO-1_5 GPGGPGIPDGPGGNA CTAG1B 15 wildtype peptide for mix 1,5 mg/ml 1 µg/mL

NY-ESO-1_6 PGIPDGPGGNAGGPG CTAG1B 15 wildtype peptide for mix 1,5 mg/ml 1 µg/mL

NY-ESO-1_7 DGPGGNAGGPGEAGA CTAG1B 15 wildtype peptide for mix 1,5 mg/ml 1 µg/mL

NY-ESO-1_8 GNAGGPGEAGATGGR CTAG1B 15 wildtype peptide for mix 1,5 mg/ml 1 µg/mL

NY-ESO-1_9 GPGEAGATGGRGPRG CTAG1B 15 wildtype peptide for mix 1,5 mg/ml 1 µg/mL

NY-ESO-1_10 AGATGGRGPRGAGAA CTAG1B 15 wildtype peptide for mix 1,5 mg/ml 1 µg/mL

NY-ESO-1_11 GGRGPRGAGAARASG CTAG1B 15 wildtype peptide for mix 1,5 mg/ml 1 µg/mL

NY-ESO-1_12 PRGAGAARASGPGGG CTAG1B 15 wildtype peptide for mix 1,5 mg/ml 1 µg/mL

NY-ESO-1_13 GAARASGPGGGAPRG CTAG1B 15 wildtype peptide for mix 1,5 mg/ml 1 µg/mL

NY-ESO-1_14 ASGPGGGAPRGPHGG CTAG1B 15 wildtype peptide for mix 1,5 mg/ml 1 µg/mL

NY-ESO-1_15 GGGAPRGPHGGAASG CTAG1B 15 wildtype peptide for mix 1,5 mg/ml 1 µg/mL

NY-ESO-1_16 PRGPHGGAASGLNGC CTAG1B 15 wildtype peptide for mix 1,5 mg/ml 1 µg/mL

NY-ESO-1_17 HGGAASGLNGCCRCG CTAG1B 15 wildtype peptide for mix 1,5 mg/ml 1 µg/mL

NY-ESO-1_18 ASGLNGCCRCGARGP CTAG1B 15 wildtype peptide for mix 1,5 mg/ml 1 µg/mL

NY-ESO-1_19 NGCCRCGARGPESRL CTAG1B 15 wildtype peptide for mix 1,5 mg/ml 1 µg/mL
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NY-ESO-1_20 RCGARGPESRLLEFY CTAG1B 15 wildtype peptide for mix 1,5 mg/ml 1 µg/mL

NY-ESO-1_21 RGPESRLLEFYLAMP CTAG1B 15 wildtype peptide for mix 1,5 mg/ml 1 µg/mL

NY-ESO-1_22 SRLLEFYLAMPFATP CTAG1B 15 wildtype peptide for mix 1,5 mg/ml 1 µg/mL

NY-ESO-1_23 EFYLAMPFATPMEAE CTAG1B 15 wildtype peptide for mix 1,5 mg/ml 1 µg/mL

NY-ESO-1_24 AMPFATPMEAELARR CTAG1B 15 wildtype peptide for mix 1,5 mg/ml 1 µg/mL

NY-ESO-1_25 ATPMEAELARRSLAQ CTAG1B 15 wildtype peptide for mix 1,5 mg/ml 1 µg/mL

NY-ESO-1_26 EAELARRSLAQDAPP CTAG1B 15 wildtype peptide for mix 1,5 mg/ml 1 µg/mL

NY-ESO-1_27 ARRSLAQDAPPLPVP CTAG1B 15 wildtype peptide for mix 1,5 mg/ml 1 µg/mL

NY-ESO-1_28 LAQDAPPLPVPGVLL CTAG1B 15 wildtype peptide for mix 1,5 mg/ml 1 µg/mL

NY-ESO-1_29 APPLPVPGVLLKEFT CTAG1B 15 wildtype peptide for mix 1,5 mg/ml 1 µg/mL

NY-ESO-1_30 PVPGVLLKEFTVSGN CTAG1B 15 wildtype peptide for mix 1,5 mg/ml 1 µg/mL

NY-ESO-1_31 VLLKEFTVSGNILTI CTAG1B 15 wildtype peptide for mix 1,5 mg/ml 1 µg/mL

NY-ESO-1_32 EFTVSGNILTIRLTA CTAG1B 15 wildtype peptide for mix 1,5 mg/ml 1 µg/mL

NY-ESO-1_33 SGNILTIRLTAADHR CTAG1B 15 wildtype peptide for mix 1,5 mg/ml 1 µg/mL

NY-ESO-1_34 LTIRLTAADHRQLQL CTAG1B 15 wildtype peptide for mix 1,5 mg/ml 1 µg/mL

NY-ESO-1_35 LTAADHRQLQLSISS CTAG1B 15 wildtype peptide for mix 1,5 mg/ml 1 µg/mL

NY-ESO-1_36 DHRQLQLSISSCLQQ CTAG1B 15 wildtype peptide for mix 1,5 mg/ml 1 µg/mL

NY-ESO-1_37 LQLSISSCLQQLSLL CTAG1B 15 wildtype peptide for mix 1,5 mg/ml 1 µg/mL

NY-ESO-1_38 ISSCLQQLSLLMWIT CTAG1B 15 wildtype peptide for mix 1,5 mg/ml 1 µg/mL

NY-ESO-1_39 LQQLSLLMWITQCFL CTAG1B 15 wildtype peptide for mix 1,5 mg/ml 1 µg/mL

NY-ESO-1_40 SLLMWITQCFLPVFL CTAG1B 15 wildtype peptide for mix 1,5 mg/ml 1 µg/mL

NY-ESO-1_41 WITQCFLPVFLAQPP CTAG1B 15 wildtype peptide for mix 1,5 mg/ml 1 µg/mL

NY-ESO-1_42 CFLPVFLAQPPSGQR CTAG1B 15 wildtype peptide for mix 1,5 mg/ml 1 µg/mL

NY-ESO-1_43 FLPVFLAQPPSGQRR CTAG1B 15 wildtype peptide for mix 1,5 mg/ml 1 µg/mL
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E

Flow Cytometry Panels and Gatıng Strategıes

Table E.1: Intracellular Cytokine Staining and Degran-

ulation - ICS and CD107a panel

Flow Cytometer Configuration PANEL

Laser Wavelength Detector/Filter Range ICS

405nm 450/45 CD4 - PB - [5uL/100uL]

601/20 Live Dead Aqua

488nm 763/43 IL17 - BV786 - [5uL/100uL]

561nm 525/40 IFNg - FITC - [5uL/100uL]

585/42 TNFα - PE - [5uL/100uL]

710/50 TCRgd - PC5.5 - [5uL/100uL]

638nm 763/43 IL2 - PC7 - [5uL/100uL]

660/10 CD107a - APC - [10uL/100uL]

712/25 CD8 - A700 - [5uL/100uL]
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APPENDIX E. FLOW CYTOMETRY PANELS AND GATING STRATEGIES

Table E.2: T-homing, T-cell subset and T-cell activation

panel

Flow Cytometer Configuration PANEL

Laser Wavelength Detector/Filter Range Thoming T-cell subset T-cell activation

375nm 405/30 Live Dead Blue

405nm 450/45 CD4 - PB - [5uL/100uL] CD57 - PB - [5uL/100uL] CD4 - PB - [5uL/100uL]

525/40 CD8 - KrO - [5uL/100uL] CD45 - KrO - [2uL/100uL] CD8 - KrO - [5uL/100uL]

601/20 Live Dead Aqua Live Dead Aqua

660/10 CXCR3 - BV650 - [2uL/100uL] LAG3 - BV650 - [2uL/100uL] LAG3 - BV650 - [2uL/100uL]

488nm 763/43 CD95 - BV675 - [5uL/100uL] CD95 - BV785 - [5uL/100uL] CD95 - BV785 - [5uL/100uL]

525/40 CD103 - FITC - [5uL/100uL] CD45RA - FITC - [5uL/100uL] CD103 - FITC - [5uL/100uL]

561nm 610/20 CCR4 - ECD - [5uL/100uL] CD28 - ECD - [5uL/100uL] CD39 - ECD - [5uL/100uL]

585/42 CCR7 - PE - [5uL/100uL] CCR7 - PE - [5uL/100uL] CCR7 - PE - [5uL/100uL]

710/50 TCRgd - PC5.5 - [5uL/100uL] PD1 - PC5.5 - [5uL/100uL] TCRgd - PC5.5 - [5uL/100uL]

638nm 763/43 CCR6 - PC7 - [2uL/100uL] CD27 - PC7 - [5uL/100uL] CD69 - PC7 - [5uL/100uL]

660/10 CCR9 - APC - [2uL/100uL] CD4 - APC - [5uL/100uL] 4-1BB - APC - [2uL/100uL]

712/25 CD45RA - APC A700 - [5uL/100uL] CD8 - A700 - [5uL/100uL] CD45RA - APC A700 - [5uL/100uL]
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Figure E.1: Intracellular Cytokine Staining gating startegy
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APPENDIX E. FLOW CYTOMETRY PANELS AND GATING STRATEGIES

Figure E.2: T-cell Activation gating strategy
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Figure E.3: T-cell subset gating strategy
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APPENDIX E. FLOW CYTOMETRY PANELS AND GATING STRATEGIES

Figure E.4: T-homing subset gating strategy
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