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Abstract 

Understanding the communication between cancer cells and immune cells is crucial, 

particularly in ovarian cancer, given its aggressive and heterogeneous nature. This interaction 

becomes even more complex when cancer cells undergo epithelial-to-mesenchymal transition 

(EMT), which enhances their invasive capabilities. In this study, we analyzed cell-cell 

communication in 34 high-grade serous ovarian cancer single-cell RNA-sequencing datasets, 

focusing on three distinct EMT phenotypes: epithelial, partially mesenchymal, and mesenchymal. 

Our findings revealed a significant interaction mediated by the Secretory Leukocyte Protease 

Inhibitor (SLPI), a small, secreted protein highly expressed in ovarian cancer cells, particularly in 

the mesenchymal state, with CD4 receptors on immune cells. The functional consequences of this 

interaction are not well understood. To address this, we first identified the pathways regulating 

SLPI expression by comparing its baseline levels in genetically defined mouse ovarian cancer cell 

lines to non-cancerous cell lines. SLPI expression was found to be highly variable and primarily 

regulated by the MEK/ERK signaling pathway. Additionally, we explored the immune functions 

of SLPI both in vitro and in vivo, finding that SLPI is associated with an increased presence of 

immune cells expressing the immune checkpoint molecules PD-1 and its ligand PD-L1, 

particularly in CD4+ T cells.  These results suggest that SLPI should be investigated further as a 

potential target to improve immune response in ovarian cancer.  
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Chapter 1:  Introduction 

 

1.1  Ovarian Cancer 

1.1.1 Development of ovarian cancer 

Cancer is a natural process characterized by abnormal cellular division, which can occur in 

any part of the human body and result from hereditary genes or mutations. Cancer cells exhibit 

distinct behaviors, defined by 10 hallmarks: evasion of growth suppressors, avoidance of immune 

destruction, resistance to cell death, activation of invasion and metastasis, induction of 

angiogenesis, tumor-promoting inflammation, enabling replicative immortality, promotion of 

genomic instability and mutation, sustained proliferative signaling, and disruption of metabolic 

pathways1,2. These hallmarks offer a foundational framework for understanding the complex 

biology of cancer. Therefore, researchers and clinicians can better navigate the pathways that drive 

cancer research and clinical practice by examining each hallmark individually and exploring their 

interactions. However, this approach should be personalized for each type of cancer and its 

subtypes, as the hallmarks are highly variable. 

Gynecologic cancer, unique to women, targets the reproductive organs3. There are five main 

types: cervical, ovarian, uterine, vaginal, and vulvar cancer3. Among these, uterine cancer is the 

most predominant in Canada, with an estimated 8,600 women diagnosed in 20244. Ovarian cancer 

is the second most frequently diagnosed gynecological cancer, with an estimated 3,000 cases in 

2024, and about 2,000 expected deaths5. On the scale of all cancers, ovarian cancer is the fourth 

leading cause of cancer-related deaths among women, responsible for 5% of these deaths 
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compared to breast cancer (13%), the first most responsible of cancer-related deaths among 

women6. Although a 2.6% decrease in the incidence of ovarian cancer was observed from 2014 to 

2024, the 5-year overall survival rate is only 45%7.  

The low survival rate of ovarian cancer is largely attributed to late diagnosis, as the disease 

often presents with few or no symptoms in its early stages8. Over the years, extensive research has 

focused on identifying risk factors for ovarian cancer, aiming to identify women at higher risk and 

encourage them to undergo regular check-ups for early detection or consider prophylactic 

oophorectomy. Several hypotheses have been proposed to explain the risk factors associated with 

ovarian cancer. One prominent theory is the "incessant ovulation" hypothesis, which suggests that 

increased ovulation leads to more frequent ruptures and repairs of the ovarian surface epithelium, 

thereby increasing the risk of DNA damage and, subsequently, cancer development9. Therefore, 

factors associated with a decrease in ovulation rate, such as use of oral contraceptives, were 

associated with protective strategies for ovarian cancer. Conversely, late menopause, which 

prolongs the fertile period and therefore increases the lifetime number of ovulations, contributes 

to ovarian cancer risk9.  

Family history and inherited genetic predispositions are also associated with a higher 

probability of developing ovarian cancer9. For example, the Breast Cancer 1 and 2 (BRCA1 and 

BRCA2) genes encode for proteins that are responsible for homologous DNA repair. They are also 

the most altered cancer predisposition genes in breast and ovarian cancers. Women with germline 

mutations in these genes face a significantly higher risk of developing tumors, with the likelihood 

increasing notably between the ages of 35 and 4510. Additionally, mutations in other genes, such 

as SMARCA4, have been linked to a rare type of ovarian cancer called small cell carcinoma of the 

ovary hypercalcemic type (SCCOHT)10.  
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Epidemiological studies have identified several other factors related to an increased risk of 

ovarian cancer, including polycystic ovarian syndrome (PCOS), endometriosis, obesity, and 

smoking11,12. On the other hand, the use of oral contraceptives has been shown to reduce the risk 

of ovarian cancer by 40% to 50%, even among women with heightened risk, making it a significant 

protective measure12. 

1.1.2 Subtypes of ovarian cancer 

Ovarian cancer can be classified into three main types: epithelial, germ cell, and sex-cord 

stromal cancer13. More than 90% of diagnosed patients have an epithelial ovarian cancer (EOC) 

type, and it is thus the most common type14. Germ cell and sex-cord stromal cancers are rare cases 

that account for up to 5%14.  Epithelial ovarian cancer is divided into 5 subtypes: High-grade serous 

carcinoma (HGSC), endometrioid carcinoma (EC), clear cell carcinoma (CCC), low-grade serous 

carcinoma (LGSC), and mucinous carcinoma (MC)15. They can be differentiated based on 

histology and mutations in specific proteins15. For instance, the CTNNB1 gene is highly mutated 

in the EC subtype and is thus used as its marker during immunohistochemistry15,16. 

HGSC is the most aggressive subtype of EOC for several reasons. It accounts for nearly 75% 

of all EOC diagnoses, whereas EC constitutes about 10% of EOC cases, and CCC is found in only 

5% to 10% of diagnosed patients14,16. The less common EOC subtypes, LGSC and MC, each occur 

in less than 5% of EOC patients17,18. HGSC has a heterogenous morphology, histologically, where 

tumor cells have abnormal cell nuclei in different sizes and shapes with an abundance of 

proliferation19. The tissue of origin for HGSC was long believed to be the ovarian surface 

epithelium (OSE) or ovarian inclusion cysts derived from it. However, recent studies have revealed 

that premalignant lesions arise in the epithelium of the distal fallopian tube. These lesions, known 
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as serous tubal intraepithelial carcinomas (STIC), share common gene mutations and other 

similarities with HGSC, and thus are now suggested to develop into HGSC, which subsequently 

spreads to the ovary20. Genetically, HGSC is characterized by somatic mutations in TP53, the gene 

coding for the tumor suppressor protein p5321,  in approximately 97% of cases22. These mutations 

lead to the dysfunction of p53, a crucial protein that plays a key role in regulating DNA repair and 

initiating apoptosis when DNA damage is irreparable22. In addition to TP53 mutations, HGSC 

frequently exhibits mutations in homologous repair genes such as BRCA1 and BRCA2, along with 

amplification of oncogenes like MYC and Cyclin E1 (CCNE1), and deletions of tumor suppressor 

genes such as Neurofibromatosis type 1 (NF1) and the Phosphatase and tensin homolog (PTEN)23. 

These alterations lead to the activation of multiple signaling pathways that promote tumor growth. 

1.1.3 Oncogenic signaling pathways 

Cancer cells can express their hallmarks through the activation of multiple pro-tumorigenic 

signaling pathways. This thesis focuses on three key pathways: the phosphoinositide 3-kinase 

(PI3K)/AKT signaling pathway, the  rapidly accelerated fibrosarcoma (RAF)/mitogen-activated 

protein kinase (MAPK) pathway, and the transforming growth factor (TGF)-β signaling24 (Figure 

1).   

In the PI3K/Akt pathway, activation of PI3K leads to the phosphorylation of 

phosphatidylinositol-4,5-bisphosphate (PIP2) resulting in the production of phosphatidylinositol-

3,4,5-trisphosphate (PIP3), that activates the phosphoinositide-dependent kinase-1 (PDK1)25. 

PDK1 will then activate the AKT protein, a serine and threonine kinase also known as protein 

kinase B, that promotes tumor cell survival by interacting with downstream effectors25. AKT 

substrates are numerous and can be activated like mTOR complex, responsible for the regulation 
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of tumor growth and metabolism, or inhibited like the Forkhead box Os (FOXOs), a subgroup of 

the FOX transcription factor family that regulates gene expression and cell survival25. Activation 

of the PI3K/AKT pathway can be induced by growth factors such as epidermal growth factor 

(EGF) and vascular endothelial growth factor (VEGF) or by Toll-like receptors (TLRs) when 

binding to specific ligands in immune cells25. Mutations in PTEN, which is responsible for 

blocking the PI3K/AKT pathway by catalyzing the conversion of PIP3 to PIP2, inhibit its function 

and maintain the activation of the PI3K/AKT pathway25,26.  

The second important signaling pathway for tumor growth is the RAF/MAPK pathway. The 

Rat sarcoma virus (RAS) protein is the upstream protein of the RAF/MAPK pathway, which 

regulates the response to various stimuli.  Phosphorylation of growth factor receptors leads to 

activation of the RAS protein by interchanging guanosine-diphosphate (GDP) to guanosine-

triphosphate (GTP) bound molecules26. This enables RAS to activate the downstream RAF 

proteins, leading to the phosphorylation of MAPK kinase (MEK) and subsequently activating the 

MEK-extracellular signal-related kinase (ERK) pathway26. ERK protein then activates various 

transcription factors in the nucleus to regulate the expression of genes responsible for proliferation 

and cell survival in cancer26.   

Both PI3K/AKT and MAPK pathways can be activated through the non-canonical signaling 

pathway of TGFβ27. TGFβ has multiple receptors that can also lead to signaling through a 

canonical pathway involving the receptor-regulated SMAD proteins (SMAD1, 2, 3, 5, 8, 9)27.  

Both canonical and non-canonical signaling can occur at the same time but while the interplay 

between the two is not yet clear, it is thought that the cellular context, the type of the receptor and 

the external signals can push the TGFβ towards activating one of the two28.  
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These three key signaling pathways, but especially TGFβ signaling promote proliferation 

and metastasis through a specific process called epithelial-to-mesenchymal transition (EMT). 

 

Figure 1. Schematic representation of the oncogenic pathways. The binding of growth factors 

like EGF and VEGF leads to the activation of the MEK/ERK and PI3K/AKT pathways, which are 

also induced during the non-canonical signaling of TGFβ. The SMAD pathway represents the 

canonical signaling of TGFβ.  This figure was created by Biorender, and inspired from Lei et al., 

202229. 

 

1.2  Epithelial-to-mesenchymal transition 
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EMT is a biological process that normally occurs during embryonic development, where 

polarized epithelial cells transform into mesenchymal cells with an elongated morphology, 

enabling them to migrate30.  Cancer cells use this process to promote survival, tumor growth, and 

metastasis, by losing cell-cell adhesion properties, gaining motility, and reorganizing the 

cytoskeleton30. The regulation of this process depends on and is influenced by secreted cytokines 

and growth factors present in the tumor microenvironment. TGFβ, for example, is a highly 

produced protein by various types of cells within the microenvironment including cancer cells and 

fibroblasts31. Following its interaction with specific receptors, it can activate various EMT 

transcription factors (EMT-TFs) through either the canonical or non-canonical signaling 

pathway27. Activated EMT-TFs include the Snail family zinc finger transcriptional factors 

(SNAIL), Twist family transcriptional factor (TWIST), and zinc finger E-box binding homeobox 

(ZEB)32. These EMT-TFs decrease the expression of epithelial markers like E-cadherin and 

cytokeratins and increase mesenchymal markers like N-cadherin, Vimentin, Fibronectin, Snail, 

and Slug32.   

In ovarian cancer, metastasis happens primarily within the peritoneal cavity where cancer 

cells survive in a malignant intra-abdominal fluid called ascites33. Once cancer cells undergo EMT, 

they detach from the primary site as single cells or as small clusters called spheroids and 

disseminate throughout the peritoneal cavity33. The preferred site for ovarian cancer metastasis is 

the omentum, a visceral adipose tissue formed from a fold of the peritoneum surrounding the 

stomach and other organs in the abdomen34. This tissue is rich in adipocytes, which have been 

proven to interact with cancer cells leading to the formation of “cancer-associated adipocytes”, 

which can release factors that promote tumor growth35. Several studies have demonstrated that 

EMT is linked to chemoresistance, largely due to the tumor microenvironment's heterogeneity 



 
 

8 
 

created by the mesenchymal phenotype of cancer cells and the plasticity of the EMT process, along 

with the feedback loop between immunosuppression and EMT36,37. This shows the importance of 

understanding the immune system in cancer research to facilitate the development of better 

therapies. 

1.3  The tumor microenvironment (TME) 

1.3.1 Characteristics of the tumor microenvironment 

The complexity of the TME is a key factor contributing to the heterogeneity of ovarian 

cancer. Generally, the TME is composed of various types of cells including cancer cells, 

fibroblasts, endothelial cells, and immune cells38. Each one of these cell types can exhibit different 

phenotypes and distinct mutations, leading to the release of different factors which can be anti- or 

pro-tumorigenic within the same TME39. Cancer-associated fibroblasts (CAFs), for example, are 

derived from tissue-resident fibroblasts and are known to be activated within the TME40. They 

contribute to tumor growth through the secretion of cytokines and chemokines, like CXCL1, 

CCL5, and IL-6, and EMT-promoting factors, notably TGFβ40.  CAFs were also found to secrete 

extracellular (ECM) matrix components, including the remodeling enzymes matrix 

metalloproteinases (MMPs) that degrade E-cadherin, and VEGF which promotes angiogenesis38. 

ECM plays an important role in regulating the function of many cell types, but the abnormal ECM 

deposition in cancer facilitates the tumor cells to proliferate and invade the microenvironment41.  

Angiogenesis is another pro-tumorigenic process through which new blood vessels generate from 

pre-existing vasculature. It is a hypoxia-dependent process that activates in response to hypoxia-

inducible factors (HIFs), enabling tumor growth and survival within the TME41. The majority of 
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these processes are stimulated or enhanced by EMT and dominate the microenvironment, allowing 

the tumors to develop resistant mechanisms against first-line immune responses and therapies42. 

1.3.2 The immune system of the tumor microenvironment 

The immune system within the TME comprises two primary cell types: myeloid-derived and 

lymphoid-derived cells. CD45 is the major transmembrane glycoprotein expressed in these cells 

and is therefore used as an initial marker to differentiate immune cells from other cell types43. 

Lymphoid lineage cells encompass T cells, B cells, and natural killer (NK) cells, each defined by 

specific markers44. T cells, for example, are identified by their expression of the CD3 

transmembrane antigen associated with the T-cell receptor (TCR), whereas NK cells are detected 

through their expression of CD56 marker45,46.  In contrast, myeloid lineage cells are known to be 

negative for both T cell, B cell, and NK cell markers, and include monocytes, macrophages, 

dendritic cells (DCs), and granulocytes44. Each of these immune cells can differentiate into various 

subtypes, exhibiting either anti-tumor or pro-tumor phenotypes. For example, monocytes serve as 

precursors to tumor-associated macrophages (TAMs), which can polarize into either classically 

activated macrophages (M1) in the presence of interferon-γ (IFNγ) and granulocyte-macrophage 

colony-stimulating factor (GM-CSF) or alternatively activated macrophages (M2) in response to 

cytokines secreted by malignant cells including IL-4, IL-6, and VEGF47,48. The presence of M1-

TAMs in the tumor microenvironment is linked to a pro-inflammatory response, characterized by 

the phagocytosis of malignant cells, leading to anti-tumor effects48. In contrast, M2-TAMs are 

associated with a poor prognosis as they promote metastasis and exhibit an anti-inflammatory 

response, which supports tumor progression48. DCs are also divided into multiple subtypes 

including classic DCs 1 and 2, plasmacytoid DCs, and monocyte-derived DCs, which can exhibit 
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various immune responses depending on the changes occurring within the TME49.  Similarly, 

lymphocytes, specifically T cells, exist in 2 main subtypes CD4+ and CD8+ T cells. They 

recognize tumor-associated antigens (TAAs) present on malignant cells and antigen-presenting 

cells (APCs) including macrophages and DCs in order to exhibit their cytotoxic function40. The 

interplay between CD4+ and CD8+ T cells is crucial for the antitumoral response since the 

activation and proliferation of CD8+ T cells depend on multiple factors, including cytokines 

secreted by CD4+ T helper (Th) cells40. 

Infiltration of immune cells within the TME is an important factor determining the fate of 

deficient cells, such as cancer cells and CAFs. This outcome depends mainly on the location of the 

T cells, referred to as tumor-infiltrating lymphocytes (TILs) within the TME. TILs are used to 

assess immune infiltration in tumors, primarily due to their prognostic potential in various cancers 

and the ability to be modulated for therapeutic purposes, compared to other immune cells like 

macrophages which may be more challenging to use given the heterogeneity of their 

phenotypes50,51. Tumors can be classified as infiltrated, when TILs are present between other cell 

types of the TME, where they exhibit their cytotoxicity and contribute to tumor-killing by secreting 

the antitumoral cytokine such as IFNγ and tumor necrosis factor alpha (TNF-α), ensuring a better 

prognosis40,52. Conversely, tumors can be immune-excluded and immune-desert when TILs are 

distant from malignant cells usually due to tumor stroma52,53. Other immune characteristics remain 

important for the functioning of immune cells, notably the expression of exhaustion markers that 

lead to immunosuppression and tumor growth. 

1.3.3 Immunosuppression 

Therapeutic strategies have been developed over the years to ensure a better prognosis for 

the patients and, if possible, eliminate tumor development. The primary treatment for ovarian 
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cancer patients when first diagnosed is surgical debulking, aiming to remove the whole tumor 

mass54. When residual disease is larger than 1 cm, patients undergo platinum and/or taxane-based 

chemotherapies for a certain number of cycles depending on their stage54. However, recurrence of 

tumors and/or resistance to chemotherapies are common and prevent the recovery from the disease. 

In the majority of cases, this is mainly due to the production of immunosuppressive factors by both 

cancer cells and immune cells55.   

Immunosuppression within the tumor microenvironment can be initiated by a chronic 

inflammation manifesting through the secretion of anti-tumor cytokines or the expression of 

specific molecules and markers on cells, both of which contribute to an environment that prevents 

the immune system's ability to target and eliminate cancer cells56. Inhibitory cytokines, such as 

TGF-β, IL-10, IL-4, and IL-13, create a suppressive environment, while pro-inflammatory 

cytokines, including IL-1, IL-15, TNF-α, and IFN-γ, can also be present but are often counteracted 

by the dominant suppressive signals57. These factors contribute to an increase in the expression of 

immune checkpoint markers within the TME. Programmed cell death ligand 1 (PD-L1) is an 

example of checkpoint molecules expressed by cancer cells and APCs, including B cells, DCs, and 

macrophages55.  PD-L1 expression allows cancer cells to evade T cell cytotoxicity by interacting 

with programmed cell death protein 1 (PD-1), the receptor on T cells. This results in the inhibition 

of T cell function within the TME and the acquisition of an exhaustion phenotype, leading to 

reduced effectiveness in combating the tumor55. Lymphocyte activation gene-3 (LAG-3) is another 

immune checkpoint molecule expressed on T cells and NK cells, acting as an inhibitor of immune 

responses55. Both PD-1 and LAG-3 are often co-expressed on CD8+ T cells in human ovarian 

tumors, resulting in impaired production of key cytokines like IFN-γ and TNF-α and reduced 

cytotoxic activity58. Other immune checkpoint molecules, such as TIM-3(T-cell immunoglobulin 
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and mucin-domain containing 3) and CTLA-4 (cytotoxic T-lymphocyte associated protein 4), also 

contribute to T cell exhaustion and immune suppression in EOC59.   

Significant efforts have been made to develop therapies targeting these molecules, known as 

immune checkpoint inhibitors (ICIs)60. In ovarian cancer, ICIs have been used as single-agent 

therapy targeting one specific immune checkpoint molecule like anti-PD-L1 drugs, dual-agent 

therapy targeting two immune checkpoint molecules like combination of anti-PD and CTLA-4, or 

in combination with other targeted therapies like PARP inhibitors60–62. Promising results have been 

observed in mouse models, but clinical results still show tumor recurrence and resistance in EOC 

patients60. Ongoing research continues to focus on enhancing existing therapies and developing 

new treatments that target the molecular mechanisms contributing to resistance in EOC to improve 

treatment outcomes and enhance the quality of life for patients. 

1.4  Rationale 

The HGSC tumor microenvironment remains a complex and shifting domain and many 

studies have tried to elucidate the factors and processes contributing to its phenotype.  The ability 

of cancer cells to transition from an epithelial to mesenchymal phenotype creates an obstacle to 

treatments, such as immunotherapies, targeting specific aspects of the TME. This is thought to be 

mainly due to the crosstalk between cancer cells at different EMT states and immune cells that aim 

to suppress cytotoxicity. Therefore, this study aims to investigate this interaction during the EMT 

process. In the course of this work, the expression of a promising molecule called secretory 

leukocyte protease inhibitor (SLPI) was found to change during EMT. SLPI is a small, secreted 

protein that positively correlates with and belongs to the protein family of a common biomarker 

of ovarian cancer, HE463. SLPI is characterized by its immunoregulatory role in normal conditions, 
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but its role in ovarian cancer is unknown. Therefore, we hypothesize that SLPI secretion is 

associated with an aggressive phenotype of ovarian cancer, leading to increased proliferation and 

immune escape or promotion of a pro-tumorigenic TME. 

1.5  Objectives 

1) Determine how the EMT state of ovarian cancer cells affects their communication with the 

immune cells in the TME by analyzing single-cell RNA sequencing (scRNA-seq) datasets 

of either primary or metastatic tumors from ovarian cancer patients.  

2) Investigate the expression profile of SLPI in datasets of human and mouse ovarian cancer 

tumors or cells and identify processes that regulate its expression. 

3) Determine the effects of recombinant SLPI on the activation of immune cells in vitro, 

particularly the CD4+ cells that are shown to interact with SLPI based on the scRNA-seq 

analysis. 

4) Examine the impact of SLPI expression on the tumor microenvironment in vivo by using a 

knockout and an overexpression model. 
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Chapter 2:  Materials and Methods 

 

2.1 Single-cell RNA sequencing analysis and data processing 

Publicly available datasets for primary and metastatic ovarian cancers were used to explore 

the impact of EMT status on immune cells. Omental metastatic ovarian cancer samples had been 

collected from 6 different patients and sequenced using a high-throughput single-cell RNA 

sequencing (scRNA-seq) technique called Drop-seq. Details about the sequencing process are 

described in the original paper published by Olalekan et al., 202164 and the dataset is located in 

the Gene Expression Omnibus (GEO) repository with the identifier GSE147082. The primary 

HGSC dataset was generated by combining 28 scRNA-seq datasets from four different studies. 

Six cases were published by Geistlinger et al., 202065, another 6 were published by Quian et 

al.,202066 and 15 were available from Hornburg et al., 202167. One unpublished scRNA-seq dataset 

was sequenced by a former PhD student in the lab, Dr. David Cook. 

Analysis of the scRNA-seq datasets was performed using Seurat v368 package in R. 

Functions in this package were used to eliminate doublets, for normalization, scaling, and 

dimensionality reduction. A specific function in the Seurat package “FindClusters” was used to 

generate clusters of cell populations within the TME. Immune cells were labeled first using a 

multimodal reference for peripheral blood mononuclear cells (PBMCs)69. Cancer cells were 

labeled manually using known markers including EpCam, Krt19, Elf3, and Amhr2. Similarly, 

Col1a1 and Col1a2 markers were used to label fibroblasts, Cldn5 and Cdh5 for endothelial cells, 

and Acta2 for smooth muscle cells.  Following the basic analysis, the 6 omental metastatic datasets 

were integrated into one Seurat dataset using the IntegrateData function68 to ensure that their 

characteristics were aligned within their group. Prior to using it for visualization, the integrated 

https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE147082
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data was also processed using functions in the Seurat pipeline. Similar steps were followed for the 

28 primary HGSC datasets.  

2.2 EMT scoring of cancer cells 

The EMT status of cancer cells in both primary and omental datasets was based on a module-

driven EMT scoring strategy for cancer cells. The initial step for our scoring strategy was to 

calculate the average expression levels of EMT genes per cell based on a published module of 

conserved EMT signature genes70 using the AddModuleScore function provided by the Seurat 

package. Thresholds defining the limits between each EMT state were calculated using the 

following formula: 

EMT score = mean (scores) ± SD (scores) 

Cancer cells were labeled as epithelial (EPI), mesenchymal (MES), or partially 

mesenchymal (E/M) for their EMT status as follows: 

EPIscore ≤ 𝑚𝑒𝑎𝑛(𝑠𝑐𝑜𝑟𝑒𝑠)− 𝑆𝐷(scores) < E/Mscore< 𝑚𝑒𝑎𝑛(𝑠𝑐𝑜𝑟𝑒𝑠)+𝑆𝐷(scores) ≤ MESscore 

2.3 Ligand-receptor analysis 

Ligand-receptor (LR) interactions were predicted using the liana_wrap function from the 

LIANA package71 that combines 12 databases and 6 methods for inferring cell-cell communication 

from single-cell transcriptomic data. In this study, the OmniPath database was used with 5 methods 

(SingleCellSignalR (sca), NATMI, logFC, Connectome and Cellchat) for the LR analysis. The 

interactions identified by each method were combined using the liana_aggregate function. 

Additional packages like circlize72
  were used for visualization purposes. Represented data was 

selected based on the aggregate rank value which can be interpreted as an adjusted p-value71. 
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2.4 Bulk RNA sequencing analysis 

The Vanderhyden lab recently published bulk RNA sequencing data of all murine ovarian 

cancer cells73 available in our lab and was used to determine the levels of SLPI. Cells of this dataset 

all had similar passage numbers. Log normalized distribution of all the genes was performed before 

the visualization that was done using ggplot2 package. 

 

2.5 SLPI overexpression and knockout in mouse ovarian cancer cells 

For the in vitro investigations, five murine HGSC cell lines were used representing the two 

known cells of origin for HGSC, two different strains of mice, and carrying clinically relevant 

mutations. ID8 and STOSE cells were derived from spontaneously transformed OSE cells and 

MOE and KPCA.B cell lines were derived from mouse oviductal epithelial cells. The cell lines 

used in this study were ID8 with Trp53-/-; MOE cells with PtenshRNA, MOE cells with both 

PtenshRNA and KRasG12V mutation; STOSE cells; and KPCA.B. ID8 and KPCA.B cells lines were 

derived from C57BL/6 mice and all other cell lines were derived from FVB/n mice.  OVE4 and 

MOSE cells are non-cancerous cell lines derived from FVB/n mouse oviductal epithelium and 

OSE, respectively, and were used as controls. KPCA.B cells were kindly provided by Dr. David 

Pépin74. 

To generate cells overexpressing SLPI with their proper control, KPCA.B and ID8 Trp53-/- 

cells were transduced with a lentiviral vector encoding Slpi generated by the Genomic Engineering 

and Molecular Biology (GEMb) core facility in the Faculty of Medicine at the University of 

Ottawa. These cells are referred to in this thesis as KPCA.B-SlpiOE and ID8 Trp53-/-SlpiOE and 

their vector-only controls as KPCA.B-SlpiEV and ID8 Trp53-/-SlpiEV. For the knockout model, 

three single guide RNAs (sgRNA) targeting SLPI coded by the Gene ID 20568 were cloned in 
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pLentiCRISPRv2 and transduced in MOE PtenshRNAKRasG12V cells. A sgRNA control vector 

containing a Renilla sequence that does not target mammalian genomes was generated to control 

the Cas9 expression as well as the transduction process. These cells are referred to as MOE 

PtenshRNAKRasG12VRenilla in this thesis. In the overexpression and knockout models, the selection 

post-infection was done using a concentration of 8μg/mL and 10μg/mL of puromycin, respectively 

(Fisher Scientific, #A11138-03). The culture media for all the cell lines described above as well 

as their mutations and/or genetic alterations are summarized in Table 1.   

Table 1: Cell line information and culture media for murine HGSC models.  

 * DMEM (Corning, #10-013-CV) and αMEM (Gibco, #12571-063) are media solutions, to which 

additional products may be added including Fetal Bovine Serum (FBS) (Gibco, #12483-020), 

Cell type(Reference) Known Mutations Culture Media* 

ID8 Trp53-/-(75) Trp53-/-,   

DMEM + 4% FBS + 1x ITSS 

 
ID8 Trp53-/-SlpiOE Trp53-/-, SlpiOE 

ID8 Trp53-/-SlpiEV Trp53-/-   

MOSE(76) None 
αMEM + 4% FBS + 1x ITSS + 

2μg/mL EGF 
STOSE(77) None 

MOE PtenshRNA (78) PtenshRNA 

αMEM + 4% FBS + 1x ITSS + 

2μg/mL EGF + 18.2ng/mL β-

Estradiol 

MOE PtenshRNA 

KRasG12V (78) 
PtenshRNA, KRasG12V 

MOE PtenshRNAKRasG12V 

Slpi-/- 
PtenshRNA, KRasG12V, Slpi-/- 

MOE PtenshRNAKRasG12V 

Renilla 
PtenshRNA, KRasG12V 

OVE4(79) None 

KPCA.B(74) Trp53−/−R172H, Ccne1OE, 

Akt2OE, KRASG12V DMEM + 4% FBS+ 1x ITSS + 

2μg/mL EGF + 1x Penicillin-

Streptomycin (Thermo Fisher, 

#15140122) 

KPCA.B-SlpiOE Trp53−/−R172H, Ccne1OE, 

Akt2OE, KRASG12V, SlpiOE 

KPCA.B-SlpiEV Trp53−/−R172H, Ccne1OE, 

Akt2OE, KRASG12V 
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Insulin-Transferrin-Selenium (ITSS) (Gibco #41400045 or Sigma, #I1884), murine EGF (R&D 

systems, #2028-EG-200) and/or β-Estradiol (Sigma, #E2257). All the cells were incubated at 37 oC 

and 5% carbon dioxide (CO2). 
 

2.6 Proliferation assay 

After modifying the MOE PtenshRNAKRasG12V, ID8-Trp53-/-, and KPCA.B cell lines and 

validating their SLPI expression levels, we assessed their proliferation. The modified cells were 

seeded in 6-well plates at densities of 0.15 x 105 cells/well for ID8-Trp53-/-, 0.25 x 105 cells/well 

for MOE PtenshRNAKRasG12V, and 0.20 x 105 cells/well for KPCA.B. Two technical replicates were 

prepared for each of the four biological replicates. Cell densities were optimized prior to the 

experiment to prevent over-confluency by 96 hours. Plates for each time point were prepared on 

day 0 and incubated under standard growth conditions (37°C and 5% CO2). Cells were collected 

at 24-, 48-, 72-, and 96-hours using trypsin (Corning, #25-052-CI) and counted with the Vi-

CELL™ cell viability analyzer. Manual counts using a hemacytometer were performed to validate 

the accuracy of the Vi-CELL™ readings. 

2.7 Treatment with TGFβ 

To induce EMT in vitro, ID8 Trp53-/-, MOE PtenshRNA, MOE PtenshRNAKRasG12V, and 

STOSE cells were seeded in 6-well plates on day 0 at a density of 0.15 x 105 cells/well, 0.25 x 

105 cells/well, 0.25 x 105 cells/well and 0.20 x 105 cells/well, respectively. This density was 

optimized to avoid over-confluency by the collection day. After 24 hours, cells were treated 

for 72 hours with 10ng/mL of TGFβ1 (R&D Systems, #240-B-010), or with dimethyl sulfoxide 

(DMSO) at a 1:1000 ratio as a control, then collected for RNA extraction.  

 

2.8 Treatment with Inhibitors  
MOE PtenshRNAKRasG12V cells were used to study the effect of the inhibition of KRAS 

downstream pathways on the levels of SLPI. Cells were seeded at 1.5 x 105 cells/well in a 6-well 
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plate 24h hours prior to the treatment to allow them to adhere. Inhibitors of MEK (Selleckchem, 

Mirdametinib (PD0325901, #S1036) and AKT (Selleckchem, MK-2206, #S1078) were added at 

a concentration of 10nM, 500nM, 1μM and 10 μM.  DMSO was added at a 1:1000 ratio to another 

well as a control. After 24 hours of incubation, cells were collected for RNA and protein collection 

2.9 RNA extraction and reverse transcription polymerase chain reactions 

To assess changes in the expression of the genes of interest, RNA was extracted using 

RNAeasy Mini Kits (Qiagen, #74106), following the manufacturer’s protocol. For each sample, 

RNA concentrations were assessed using NanoDrop, and used for cDNA synthesis that was 

prepared using the Lunascript RT Supermix (New England Biolabs, #M3010X). The relative 

expression of the genes of our interest was assessed using primers listed in Table 2. Ppia and 36B4 

were used as housekeeping genes for immune cells and Ppia, Hprt1, and β-Actin for the cancer 

cells to normalize the expression of the target genes across samples.  

Table 2: Murine qPCR primer oligonucleotide sequences from 5’ to 3’. All primers were 

validated to ensure that they target their respective genes with efficiency and specificity. 

Gene of 

interest 
Forward Primer Reverse Primer 

Slpi CCATTCGCAAACCAGTGTGG AGTTTCCAGAGCACACCGAG 

     Vim CGGAAAGTGGAATCCTTGCAGG AGCAGTGAGGTCAGGCTTGGAA 

Cdh2 CCTCCATGTGCCGGATAG CACCAGAAGCCTCCACAGAC 

Sani2 TGCAAGATCTGTGGCAAGG CAGTGAGGGCAAGAGAAAGG 

Ifn-γ TTGCCAAGTTTGAGGTCAACAA CGCTTCCTGAGGCTGGATTC 

Il-4 ACCCCCAGCTAGTTGTCATC ACTCTCTGTGGTGTTCTTCGT 

Il-21 AGGACCCTTGTCTGTCTGGT GCTCACAGTGCCCCTTTACA 

Il-6 CGGAGAGGAGACTTCACAGA ATTTCCACGATTTCCCAGAG 

Il-10 TGAATTCCCTGGGTGAGAAGC CATTCATGGCCTTGTAGACACC 
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2.10 Protein extraction and western blot 

Cell pellets from each experiment were washed twice with phosphate-buffered saline (PBS), 

then lysed with a mix of RIPA buffer (Thermo Fisher, #89901), protease inhibitor (Sigma-Aldrich, 

#P8340) and phosphatase inhibitor cocktail (Sigma-Aldrich, #P0044) on ice for 15 minutes. 

Samples were then centrifuged at 15,000rpm for 15 minutes at 4 oC, from which supernatant was 

collected and quantified using the Bio-Rad Protein Assay Dye Reagent concentrate diluted in water 

at a ratio of 1:5. A mixture of the concentrated protein, water and loading buffer with 2-

mercaptoethanol (Sigma-Aldrich, #M7522) was prepared for each sample to have an equal amount 

of protein, and were then boiled for 5 min. For ERK, pERK, AKT, and pAKT proteins, NuPage 

4-12% Bis-Tris gel (Thermo Fisher, #NP0336BOX) was transferred onto a PVDF membrane 

(Millipore). After blocking using bovine serum albumin (BSA) (Bioshop, #ALB001) for 1 hour, 

membranes were probed for ERK2 (Santa Cruz, 1:2000, #SC-154), phospho-ERK (Tyr 204; Santa 

Cruz, 1:2000, #SC-7383), AKT (Cell Signaling, 1:1000, #9272) and phospho-AKT (Ser473; Cell 

Signaling, 1:1000, #9271) antibodies overnight at 4 oC. Prior to adding the secondary antibodies, 

membranes were washed in TBST three times for 5 minutes. Anti-mouse (Abcam, 1:10000, 

#ab6728) or anti-rabbit (Jackson Immunoresearch, 1:10000, #711-035-152) secondary antibodies 

were incubated with the membranes for 1 hour at room temperature. Antibodies to β-actin (Sigma, 

Tgfβ ACGTGGAAATCAACGGGATCA GTTGGTATCCAGGGCTCTCC 

Ppia AGGGTGGTGACTTTACACGC GATGCCAGGACCTGTATGCT 

β-

Actin 
CCTTCCTTCTTGGGTATGGA ACGGATGTCAACGTCACACT 

Hprt1 TCAGTCAACGGGGGACATAAA GGGGCTGTACTGCTTAACCAG 

36B4 TGACATCGTCTTTAAACCCCG TGTCTGCTCCCACAATGAAG 
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1:10000, #a2228) were used as a loading control and the membrane was incubated for 1 hour at 

room temperature.  

Because SLPI is a secreted protein, visualization of SLPI protein was enhanced by blocking 

secretion. Cells were seeded in a 6-well dish and allowed to adhere overnight. They were then 

treated with the BD GolgiPlugTM Protein Transport Inhibitor, Brefeldin A, (BD Biosciences, 

#555029) at a 1:1000 ratio or DMSO, according to the manufacturer’s protocol, for 12 hours. 

Protein was collected and lysed in RIPA buffer with protease and phosphatase inhibitors as 

indicated above. Protein lysate was run on a 15% acrylamide tris-glycine and transferred to a 

PVDF membrane. The membrane was then incubated in an SLPI antibody (R&D Systems, 1:1000, 

#AF1735) overnight followed by an anti-goat secondary (Santa Cruz, 1:10000, #sc-2354) antibody 

for 1 hour.  

For all western blots, β-actin was used as a loading control and was incubated with antibodies 

(Sigma, 1:10000, #a2228) for 1 hour at room temperature. Membranes were developed using 

Clarity Western ECL substrate (Bio-Rad) and imaged using the ChemiDoc system (Bio-rad).  

 

2.11 T cells isolation 

CD4+ T cells were isolated from the spleen and lymph nodes of 8–10 week-old female 

FVB/N mice (Charles River laboratories, strain #207) and purified using the EasySep Mouse 

CD4+ T cell isolation kit (Fischer Scientific, #NC0471206) following the manufacturer‘s protocol. 

CD8+ T cells were isolated from the spleen and lymph nodes of 8-10 week-old female OT-1 mice 

(The Jackson Laboratory, #003831) kindly provided by Dr. Rebecca Auer’s laboratory. CD8+ T 

cells were purified using the EasySepTM Mouse CD8+ T cell isolation kit (Stem Cell Technologies, 

#19853) following the manufacturer’s protocol. Before the isolation of both CD4+ and CD8+ T 

cells, the spleen and lymph nodes were disassociated and purified by the removal of erythrocytes 
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using ACK Lysis Buffer (Thermo Fisher, #A10492-01).  The culture medium for the T cells cells 

was RPMI with 10% FBS, 1X penicillin/streptomycin (Thermo Fisher, #15140122), 10mM 

HEPES (Thermo Fisher, #BP310-500), and 55 μM 2-mercaptoethanol.   

2.12 In vitro recombinant SLPI treatment 

Isolated T cells were seeded in a 12-well plate at 1 x 106 cells/well. For T cell activation, 

wells were precoated with 2μg of αCD3 (Fisher Scientific, #5012341) and αCD28 (Fisher 

Scientific, 501129711) antibodies. For CD8+ T cells form OT-1 mice, another activation condition 

used 0.5μM of ovalbumin (OVA) peptide SIINFEKL (Canpeptide, #QCP191007-5) to the culture 

conditions. Naïve CD4+ and CD8+ T cells were maintained in the normal culture conditions but 

with added 10ng/mL of mouse recombinant IL-7 (Cell Signaling, #64063S) to maintain them in 

the naïve state and ensure their survival. Recombinant mouse SLPI (Abbexa, #abx069004) was 

added to the culture medium for 72 hours at various concentrations as noted in the Results section. 

  

2.13 Flow cytometry of in vitro samples 

Single-cell suspensions of the in vitro treated T cells were washed using PBS for 

extracellular staining. All samples were first stained for cell viability discrimination for 15 minutes 

followed by Fc-blocking (BD Biosciences, CD16/CD32, #553142). Samples were then fully 

stained for the target proteins indicated in Tables 3 and 4 for 20 minutes, fixed in 1% 

paraformaldehyde (PFA), and stored overnight at 4oC. All antibodies were optimized by titration 

and diluted in PBS + 2%FBS buffer except for the Zombie NIRTM which was diluted in PBS only.  

Data acquisition from the samples was done using a CytekTM Aurora Spectral flow cytometer and 

analysis was performed using FlowJo software (v10.10.0). 

Table 3: Summary of the fluorophore-conjugated flow cytometry antibodies used to analyze 

specific targets in CD4+ treated T cells.  
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Table 4: Summary of the fluorophore-conjugated flow cytometry antibodies used to analyze 

specific targets in CD8+ treated T cells.  

 

2.14 In vivo impact of SLPI 

Target Fluorochrome Dilution Company and Catalogue # 

Viability    Zombie NIRTM 1:1000 Biolegend Cat# 423106 

LAG3 BUV805 1:200 BD Biosciences Cat# 748540  

CD62L BUV737 1:200 BD Biosciences Cat# 612833 

PD-L1 BUV395 1:200 BD Biosciences Cat# 745616  

CD25 BV786 1:200 BD Biosciences Cat# 564023 

PD-1 PE 1:200 Biolegend Cat#135206 

CD4 PERCP 1:200 Biologend Cat#100538 

CD69 NIR-685 1:200 Biolegend Cat# 104557 

Target Fluorochrome Dilution Company and Catalogue # 

Viability   Zombie NIRTM 1:1000 Biolegend Cat# 423106 

LAG3 BV786 1:200 BD Biosciences Cat# 740959 

CD62L BUV737 1:200 BD Biosciences Cat# 612833 

PD-L1 BUV395 1:200 BD Biosciences Cat# 745616  

CD25 BV605 1:200 BD Biosciences Cat# 563061 

PD-1 PE 1:200 Biolegend Cat#135206  

CD8a BUV615 1:200 BD Biosciences Cat# 613004 

CD69 Spark NIRTM 685 1:200 Biolegend Cat# 104557 

CD3 PE-Cy5 1:200 Biolegend Cat#100310  
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The effect of SLPI on the TME and progression of ovarian tumors was tested in two sets of 

experiments to evaluate the effects on overall survival and on the immune profile in the TME.  For 

all experiments, the animals were housed in the Animal Care and Veterinary Services (ACVS) 

facilities at the University of Ottawa, where they were given standard chow and water ad libitum 

and monitored daily. The Animal Care Committee approved the experimental protocols that have 

met or exceeded the ethical standards set by the Canadian Council for Animal Care. Criteria used 

to determine the humane endpoint include slow mobility, the presence of abdominal distension 

due to ascites, the presence of an obvious tumor mass by palpation, hunched back, and/or squinting 

eyes.   

2.14.1 Survival Study 

To assess the impact of SLPI on the rate of tumor progression and survival in mice, 3 

different syngeneic models of intraperitoneal (IP) ovarian cancer were used. The MOE 

PtenshRNAKRasG12V model (Parental, Slpi-/-, and Renilla control) was used to assess the effects of 

SLPI knockout, and 5 x 106 cells were injected IP into six 9-weeks old female FVB/N mice for 

Slpi-/- and the Renilla control, and three for the parental cell line. ID8-Trp53-/-SlpiOE, ID8-Trp53-

/-SlpiEV, KPCA.B (Parental), KPCA.B-SlpiOE and KPCA.B-SlpiEV cells were used to assess the 

effect of overexpression of SLPI and 5 x 106 cells were injected IP into 6 9-weeks old female 

C57BL/6 mice (The Jackson Laboratories, #000664) for each group.  Cells were resuspended in 

100μL of PBS for injection. The mice were monitored daily and euthanized using CO2 when they 

reached a humane endpoint.  The results of the study are presented in Kaplan-Meier plots.   

 

2.14.2 Tumor collection and flow cytometry for TME assessment  

To assess the effects of overexpression or knockout of SLPI on the TME, MOE 

PtenshRNAKRasG12V and KPCA.B-derived cell lines were used to generate orthotopic ovarian tumors 
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in syngeneic mice. Intrabursal (IB) surgery was performed to inject 0.15 x 106 cells under the 

bursal membrane as previously described77.  For MOE PtenshRNAKRasG12V, the experimental groups 

included 5 mice for the parental cell line, 6 for the Slpi-/- cell line, and 9 for the Renilla control 

cells. For the KPCA.B model, the experimental groups included 3 mice for the parental cell line, 

6 for the empty vector control (SlpiEV), and 6 for the SlpiOE cells.  

Six days before the humane endpoint, mice were euthanized, and tumors were collected and 

disassociated for flow cytometry analysis. The disruption process started by first cutting the tumors 

into small pieces using a razor blade in 2.5 mL of digestion solution from the Tumor Dissociation 

Kit (Miltenyi Biotec, #130-096-730) and the gentleMACS Octo Dissociator with heaters (protocol 

tumor 37oC_m_TDK_1) following the manufacturer’s protocol. Ascites fluid was also collected 

and, if absent, a peritoneal wash (PW) was performed by intraperitoneal injection of 5mL of PBS-

EDTA 2mM and abdominal massage. Single cells were generated by filtering the fluids through a 

70μm filter. To remove erythrocytes from the samples, cells were resuspended in ACK Lysis 

Buffer for an average of 3 minutes.   

Single-cell suspensions were stained for viability for 15 minutes followed by Fc-blocking 

(BD Biosciences, #553142) for 5 minutes.  Samples were then stained for extracellular targets 

shown in Table 5 and incubated at room temperature for 20 minutes. Prior to intracellular staining, 

cells were incubated with fixation/permeabilization buffers (eBioscienceTM, #00-5523-00) for 45 

minutes. After this, samples were incubated with the antibodies of intracellular targets, indicated 

in Table 5, at room temperature for 20 minutes. All samples were fixed in 1% PFA and stored 

overnight at 4oC. Data was acquired using a CytekTM Aurora Spectral flow cytometer and 

analyzed using FlowJo software (v10.10.0). 
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Table 5: Fluorophore-conjugated flow cytometry antibodies used to analyze specific targets in 

TME. The dilution of all antibodies was optimized by titration. The fixable viability was diluted in 

PBS, extracellular antibodies in PBS + 2%FBS and intracellular antibodies in the 

permeabilization buffer.  

 

2.15 Statistical Analysis 

Target Fluorochrome Dilution Company and Catalogue # 

Viability  BV510 1:1000 BD Biosciences Cat# 564406 

Extracellular antibodies 

CD3e BV650 1:100 BD Biosciences Cat# 564378  

CD45 PerCP-Cy5.5 1:200 BD Biosciences Cat# 550994 

CD4 APC-H7 1:200 BD Biosciences Cat# 560181  

CD8 PE-Cy7 1:200 BD Biosciences Cat# 552877  

CD25 BV421 1:200 BD Biosciences Cat# 563061 

CD11c BUV563 1:200 BD Biosciences Cat# 749040 

CD11b BUV661 1:200 BD Biosciences Cat# 612977 

F4/80 BV421 1:200 BD Biosciences Cat# 565411 

PD-1 BV785 1:200 Biolegend Cat# 135225 

PD-L1 BUV395 1:200 BD Biosciences Cat# 568308 

Intracellular antibodies 

T-Bet PE-CF594 1:150 BD Biosciences Cat# 562467 

GATA3 APC 1:150 Biolegend #653805 

RORγt BB515 1:150 BD Biosciences Cat# 567175 

FoxP3 PE 1:150 Biolegend #126404 
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All statistical analyses were performed using GraphPad Prism (v10.0.1) software. The 

student’s T-test was used when comparing two groups, and one-way ANOVA with Tukey’s 

multiple comparison method was used to compare three or more groups. Two-way ANOVA and 

Log-Rank (Mantel-Cox) tests were used to compare different groups of the survival study. Where 

applicable, results are presented as mean +/- SD. Figures were made using either the ggplot2 

(3.5.1) visualization package in R Studio or the Prism software.  Statistical significance was set at 

p ≤ 0.05 for all results. Non-significant results are identified with either nothing or “ns”, depending 

on the experiment. 
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Chapter 3:  Results 

3.1 Discovery of the ligand-receptor interaction SLPI-CD4  

Processing the primary and omental tumor scRNA-seq datasets showed, after clustering, the 

presence of similar cell populations (Figure 2A) with differences in their abundance (Figure 2B-

C). In both primary and omental tumors, cancer cells with the partially mesenchymal phenotype 

(E/M) were the most abundant (30% in the omental and 24% in the primary tumors), followed by 

fibroblasts which were the second most abundant cell type (25% in the omental and 20% in the 

primary tumors), but the metastatic tumors had more of these cells than the primary tumors. 

Epithelial (EPI) and mesenchymal (MES) cancer cells were equally abundant and each formed 5% 

to 6% of the total population. When comparing immune cell populations, the abundance in primary 

vs. metastatic tumors becomes different. For instance, B cells were the most abundant immune cell 

population in the omental tumors at 8%, followed by CD4+ T cells at 7%, then monocytes at 5%, 

with only 3% of cells being CD8 T cells and DCs. However, in the primary tumors, monocytes 

were the most abundant immune cell type with 13.6% of the cell population, followed by CD8+ T 

cells at 9.6%, CD4+ T cells at 8.3%, and finally B cells and DCs at an abundance of 3% each. NK 

cells were the least abundant immune cell type in both the primary and omental tumors with a 

percentage of around 2%. In total, immune cells comprise 27.65% of the omental tumors and 

39.73% of the primary tumors. This affects the ratio of immune to non-immune cells, specifically 

cancer cells, which is higher in the primary tumors (immune: cancer cells; 39.72%:34.42%) 

compared to the metastatic tumors (immune: cancer cells; 27.56%:42.62%, Figure 2B-C). 

After having identified the main cell populations of each type of tumor, we used the LIANA 

pipeline71 to identify the predominant interactions between cancer cells and immune cells. In both 

primary and metastatic tumors, the cancer cells with a mesenchymal phenotype had the strongest 
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interaction with immune cells (Figure 3A-B), especially with monocytes/macrophages. Based on 

this finding, we looked deeper into the ligands and receptors contributing to the strength of this 

interaction and, out of the top significant ones, the interaction between the ligand SLPI and the 

receptor CD4 was the strongest (Figure 3C). This interaction was notable not only because of its 

magnitude but also because of its specificity. This was quantified on a dot plot (Figure 3D) 

showing the specificity and magnitude of the interactions based on the cancer cell EMT phenotype. 

Interestingly, the SLPI-CD4 interaction was observed to be more specific with the mesenchymal 

cancer cells than the partially mesenchymal cancer cells, and there was no specific interaction with 

epithelial cancer cells. After assessing the level of expression of SLPI in the same tumors, we 

found that the main reason behind these differences was due to the high expression of SLPI in 

mesenchymal cancer cells and its absence in epithelial cancer cells (Figure 4A-B).  Therefore, our 

initial results suggested that SLPI-CD4 interaction could be a key player in the progression of 

ovarian cancer and a possible therapeutic target. 
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Figure 2. Cell clustering of ovarian tumor samples sequenced using scRNA-seq. (A) Labelled 

UMAP representing an overall clustering of cell populations present in the metastatic ovarian 

cancer. (B) Percentages of cell populations in the dataset from metastatic ovarian cancer based 

on an integration of the 6 datasets. (C) Percentages of cell populations in the dataset from primary 

HGSOC based on integration of the 28 datasets. Immune cells include monocytes (mono), natural 



 
 

31 
 

killer (NK) cells, dendritic cells (DC), B cells, CD8 T cells and CD4 T cells. Epithelial cancer cells 

(EPI), mesenchymal cancer cells (MES) and partially mesenchymal cancer cells (E/M). 

 

Figure 3. Interactions between ligands produced by cancer cells and receptors expressed on 

immune cells in ovarian tumors. (A) Circos plot showing an overview of ligand-receptor 

interactions between cancer cells and immune cells in primary ovarian tumors. (B) Circos plot 

showing an overview of ligand-receptor interactions between cancer cells and immune cells in 

metastatic ovarian tumors. (C) Circos plot showing ligand-receptor interactions between cancer 

cells and monocytes in the metastatic tumors. (D) Dot plot representing ligand-receptor 

interactions between cancer cells based on their EMT phenotype and monocytes in the metastatic 

tumors. For metastatic tumors, only 30 ligand-receptor (LR) interactions were significant to an 

aggregate-rank value < 0.05 and thus represented in the two plots. For primary tumors, out of 

300 LR significant interactions. Epithelial cancer cells (EPI), mesenchymal cancer cells (MES) 

and partially mesenchymal cancer cells (E/M). 
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Figure 4. Level of expression of SLPI in cell populations present in human datasets 

corresponding to (A) metastatic and (B) primary ovarian cancers. Cancer cells are referred by 

their EMT phenotype: epithelial cells (EPI), mesenchymal cells (MES) and partially mesenchymal 

cancer cells (E/M)). 

 

3.2 Assessing the baseline level of SLP in ovarian cancer cell lines 

The RNA sequencing dataset of ovarian cancer cell lines from Cook et al., 202373 provided 

a resource for our assessment of Slpi expression levels in mouse models. The analysis revealed 

variable expression levels of Slpi in different ovarian cancer cell lines (Figure 5A). Notably, the 

ID8 models exhibited relatively low Slpi expression, whereas the MOE and STOSE models 

expressed almost 4 times higher levels of Slpi. The non-cancerous OVE16 and OVE4 models 

displayed expression patterns akin to the tumorigenic cell lines derived from them, although Trp53 

mutation in those models does cause a modest increase in Slpi expression in some cases (Figure 

5A). This baseline data guided the selection of cell lines for further investigation into SLPI's role 

in ovarian cancer. We chose STOSE and MOE PtenshRNAKRasG12V cells due to their elevated SLPI 

expression, which was also higher than their respective non-cancerous control/parental lines 

MOSE and OVE4 at both the RNA and protein levels (Figure 5B-C). Conversely, ID8-Trp53-/- 

was selected as a negative control due to its low SLPI expression (Figure 5A). The mRNA and 

protein quantifications (Figure 5B-C) were consistent with the RNA-seq results, confirming 

differential baseline SLPI expression across various cancer cells. This variability prompted our 

subsequent investigation into possible underlying reasons, which is the focus of the next section.  

A B 
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Figure 5. Different mouse ovarian cancer cell lines show different levels of expression of SLPI. 

(A) Relative expression levels of SLPI were extracted from RNA-seq datasets73 of the cell lines 

(n=3/cell line) and shown as mean+/- SD. (B) When quantified by RT-qPCR, cell lines chosen 

from the plot in (A) (n=3/cell line) show levels of Slpi expression that are consistent with the results 
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from the RNA-seq analysis. (C) Protein levels of SLPI in a subset of the cells presented in (B). In 

B, statistical analysis was done using one-way ANOVA and the p-value was less than 0.01 or 0.05 

(indicated respectively as ** and *); n=3, showing mean +/- SEM. Abbreviations of the figures 

ID8, MP and MPK refer to respectively ID8-Trp53-/-, MOE PtenshRNA and MOE 

PtenshRNAKRasG12V. 

 

3.3 Assessing the relationship between SLPI and EMT 

The results of scRNA sequencing analysis indicated that mesenchymal cancer cells exhibited 

the strongest interaction between SLPI and CD4 compared to the epithelial and partially 

mesenchymal cancer cells (Figure 3C-D). Since TGFβ is known to be an inducer of EMT-like 

phenotypes80, it was used as a treatment to explore the relationship between SLPI and EMT. 

Following a 72h TGFβ treatment of ID8-Trp53-/-, MOE PtenshRNA, MOE PtenshRNAKRasG12V, and 

STOSE, the morphology of all these cells was changed to become more elongated and depolarized 

compared to their respective controls (Figure 6A), a common phenotype of EMT, validating the 

effects of the treatment. Some of the classical EMT markers, specifically Vimentin (Vim), Slug 

(Snai2), and N-cadherin (Cdh2), were also used to assess the induction of the EMT phenotypes. 

MOE PtenshRNA and MOE PtenshRNAKRasG12V both displayed a significant increase or trends 

towards an increase of all these markers (Figure 6C and 6D). In contrast, ID8-Trp53-/- showed a 

rising trend in Slug only, whereas the levels of other markers did not change (Figure 6B).  

Similarly, no markers changed in STOSE cells (Figure 6E). Surprisingly, none of the cell lines 

showed a significant increase in Slpi mRNA levels, although ID8-Trp53-/- showed a positive trend. 

In contrast, MOE PtenshRNA, and MOE PtenshRNAKRasG12V both showed a significant decrease in 

Slpi mRNA levels, and there was no effect on STOSE cells. These results suggest that, despite the 

expression of SLPI in mesenchymal cancer cells in human tumors, TGFβ-induced EMT in mouse 

ovarian cancer cell lines is not sufficient to upregulate SLPI expression. 
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Figure 6. TGFβ treatment changes significantly the level of expression of Slpi mRNA in mouse 

ovarian cancer cell lines.  A) Images of non-treated (top row) and TGFβ-treated cells showing 

morphological changes. Scale bar = 500μm. B-E) Panels showing the mRNA levels of SLPI, 

Vimentin, Slug, and N-cadherin in (B) ID8-Trp53-/-, (C) MOE PtenshRNA, (D) MOE 

PtenshRNAKRasG12V, and (E) STOSE cells. Statistical analysis was done using one-way ANOVA and 

the p-value was less than 0.001, 0.01 or 0.05 indicated respectively as ***, ** and *.  Panels show 

mean +/- SD with n=4 for each cell line except STOSE cells that are represented by n=3 and Cdh2 

for MPK. Abbreviations of the figures ID8, MP and MPK refer to respectively ID8-Trp53-/-, MOE 

PtenshRNA and MOE PtenshRNAKRasG12V. 

 

3.4 Assessing the relationship between SLPI and KRAS mutation 

Examining the level of SLPI in the various mouse cell lines, we observed that the addition 

of the Kras mutation in MOE PtenshRNA caused an increase in Slpi expression in MOE 

PtenshRNAKRasG12V, which was confirmed to be a significant increase when tested by qPCR (Figure 

7A). To explore that further, we examined TCGA datasets of ovarian cancers with KRAS mutation 

compared to non-mutants and observed a similar trend in which KRAS mutants showed a higher 

level of SLPI expression (Figure 7B). This led to the hypothesis that KRAS activation can regulate 

the expression of SLPI.  

Activation of KRAS leads to increased signaling of two primary downstream signaling 

pathways, MAPK (RAF/MEK/ERK) and PI3K/AKT. We therefore blocked the phosphorylation 

of ERK and AKT using pathway specific inhibitors in cells with constitutive KRAS activity (MOE 

PtenshRNAKRasG12V). Slpi mRNA levels decreased significantly (Figure 7D) with increasing 

concentrations of the ERK inhibitor, which was confirmed to decrease the level of pERK (Figure 

7E). The AKT inhibitor reduced the phosphorylation of AKT (Figure 7G) but did not affect the 

level of Slpi transcripts (Figure 7F). These results indicate that the expression of Slpi associated 

with KRAS activity is mainly controlled by the MAPK (RAF/MEK/ERK) pathway. 
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Figure 7. SLPI expression is controlled by activation of the MEK/ERK pathway. (A) Relative 

expression level of SLPI mRNA increases by addition of the KRas mutation in the MPK cell line 

(B) Ovarian cancer groups with KRas mutation (n=306) from TCGA show increased levels of 

SLPI compared to non-mutants (WT) (n=3) (C) MEK inhibitor treatment decreases the level of 

Slpi expression in MOE PtenshRNAKRasG12V (n=3) (D) Samples treated with MEK inhibitor show a 

decrease in the pERK levels. (E) AKT inhibitor treatment does not affect the level of Slpi expression 

in MOE PtenshRNAKRasG12V(n=5) (F) Samples treated with AKT inhibitor show a decrease in the 

pAKT levels. Results were represented as mean +/- SD in (A), (C), and (E). Statistical analysis 

was done using one-way ANOVA and the p-value was less than 0.01 or 0.05 (indicated respectively 

as ** and *). Abbreviations of the figures MP and MPK refer to MOE PtenshRNA and MOE 

PtenshRNAKRasG12V. 

 

3.5 Assessing the effect of recombinant SLPI on T cells 

The effect of SLPI on immune cells, particularly T cells, has been poorly studied. Given the 

strong interaction between SLPI and CD4+ cells discovered in the scRNA-seq analysis, we 

evaluated the effects of recombinant SLPI on CD4+ and CD8+ T cells by assessing the expression 

of activation and immune checkpoint markers under various conditions. Specifically, this analysis 

aimed to compare the impact of rSLPI on CD4+ cells with its effects on CD8+ cells. 

3.5.1 CD4+ T cells 

For CD4+ T cells, we examined two conditions. The first was the activated state, where cells 

were seeded on a pre-coated anti-CD3/CD28 plate and treated with 1μg/mL or 2μg/mL of 

recombinant SLPI for 72 hours (Figure 8). The second was the priming condition, where cells 

were initially treated with 1μg/mL or 2μg/mL of recombinant SLPI and IL-7 for 24 hours to 

maintain their naïve state, then washed and transferred to a pre-coated anti-CD3/CD28 plate for 

an additional 48 hours (Figure 8). Naïve CD4+ T cell treatment was excluded as rSLPI did not 

affect the expression of the markers of interest.  
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Figure 8. Schematic design of the CD4+ T cell experimental conditions over a 72-hour period. 

After isolation, cells were incubated either in wells pre-coated with anti-CD3/CD28 antibodies 

(Line A of the 12-well plate) for 72 hours, or in IL-7 rich media with no rSLPI (control), 1μg/mL, 

or 2μg/mL rSLPI (Line B of the 12-well plate) for 24 hours under primed conditions. Subsequently, 

the primed cells were transferred to Line C wells and incubated for an additional 48 hours (Line 

C of the 12-well plate). This figure is created with BioRender. 

3.5.1.1 Activation markers 

To assess the activation level of CD4+ T cells in both the anti-CD3/CD28 and primed 

conditions, we measured the expression of the early activation marker CD69 relative to CD25, 

another activation marker expressed later to enable the proliferation of T cells in response to 

specifically IL-2 cytokine81. In the anti-CD3/CD28 condition, rSLPI treatment increased the 

percentage of CD69+CD25+ cells from 18.7% in the controls to 55.5% at the 1μg/mL dose and to 

77.1% at the 2μg/mL dose (Figure 9A, top panel). In the primed condition, the percentage of the 

CD69+CD25+ population did not change in response to 1μg/mL of rSLPI (Q22: 41.5%) compared 

to the control (Q22: 40.6%) (Figure 9A bottom panel). However, treatment with 2μg/mL of rSLPI 



 
 

40 
 

caused a slight shift to 31.3% of CD69+CD25+ T cells (Figure 9A bottom panel). When looking 

at the CD69+CD25- CD4 T cells in the primed condition, a slight increase is observed in their 

percentage from the control (Q23: 19.2%) to the 1μg/mL treated (Q23: 23.8%) to the 2μg/mL 

treated condition (Q23: 31.7%) (Figure 9A bottom panel). Therefore, the overall percentage of 

CD69+ (activated) CD4+ T cells has increased with SLPI treatment with no change in the CD25 

marker during the primed condition.  

CD62L, another marker commonly found in naïve T cells82, showed consistent results 

with CD69. In the anti-CD3/28 condition, there was a gradual increase in the percentage of 

CD62L-CD25+ T cells (Q25) and a corresponding decrease in CD62L+CD25- T cells (Q27). The 

percentage of CD62L-CD25+ cells increased from 70.8% in the control to 75.7% with 1μg/mL 

treatment and to 87.4% with 2μg/mL treatment. Conversely, CD62L+CD25- cells decreased from 

5.63% in the control to 1.38% with 1μg/mL treatment and 0.56% with 2μg/mL treatment. (Figure 

9B top panel). In the primed condition, the percentages of CD62L-CD25+ and CD62L+CD25- T 

cells remained relatively unchanged, with Q25 values around 32% and Q27 values around 24% 

across all three conditions (Figure 9B bottom panel). However, the percentage of the 

CD62L+CD25+ T cells (Q26) decreased from 30.7% in the control to 28.4% in the 1μg/mL 

treatment to 23.8% in the 2μg/mL treatment conditions (Figure 9B bottom panel). These findings 

indicate that rSLPI treatment increases these activation markers in CD4+ T cells.  
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Figure 9. Treatment with recombinant SLPI increased the activation of CD4+ T cells based on 

the frequency of expression of CD69 and CD62L markers relative to the CD25 marker. Contour 

plots showing cell population frequencies based on the expression of A) CD25 and CD69 and B) 

CD25 and CD62L in CD4+ T cells activated with anti-CD3/CD28 and co-treated with rSLPI for 

72h (top) and CD4+ T cells primed with rSLPI then activated with anti-CD3/28 for 48h (bottom). 

Gating started by isolating lymphocytes, then single cells, followed by dead cell exclusion, and 

A 
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then CD4+ cells. FMOs were used for each marker to gate on the true positives. Only one replicate 

is represented in the figure, but another one showed similar results. 

 

3.5.1.2 Immune checkpoint markers 

The phenotypic profile of the cultured CD4+ T cells was next assessed in the two main 

studied conditions by evaluating the levels of expression of three immune checkpoint markers: 

PD-1, PD-L1, and LAG3. The PD-1 marker showed a shift in the percentage of PD-1+CD25+ T 

cells in Q14 that went from 87.8% in the control group to 96.3% and 98.4% respectively in the 

cells treated with 1μg/mL and 2μg/mL rSLPI during CD3/CD28 activation (Figure 10A top 

panel). These changes observed in Q14 did not occur in the primed condition, but instead, there 

was a slight shift in the PD-1+CD25- cell population that went from 11.4% in the control group to 

13% and 19% respectively in the 1μg/mL and 2μg/mL treated group (Figure 10A bottom panel). 

The PD-L1 marker showed similar trends to the PD-1 marker, especially in the anti-CD3/CD28 

condition, where the percentage of PD-L1+CD25+ T cells increased from 17.6% in the control 

group to 38.5% in the 1μg/mL treated group to 65.3% in the 2μg/mL treated group (Figure 10B 

top panel). The priming of the CD4+ T cells with rSLPI did not affect the proportion of cells 

expressing PD-L1 (Figure 10B bottom panel). Unlike PD-1 and PD-L1, the percentage of LAG3+ 

cells did not change with the rSLPI treatment in either the anti-CD3/28 or the primed conditions 

(Figure 10C). The only change observed was a decrease in the LAG3-CD25- in Q20 and an 

increase in the LAG3-CD25+ cell population in the anti-CD3/28 due to the rise in percentage in 

the CD25 marker (Figure 10C top panel). These findings suggest that rSLPI treatment selectively 

modulates the expression of PD-1 and PD-L1 in CD4+ T cells during CD3/CD28 activation, while 

LAG3 expression remains unaffected under the same conditions. 
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Figure 10. Treatment with recombinant SLPI increased the expression levels of PD-1 and PD-

L1 but not LAG3 in CD4+ T cells. Contour plots showing cell population frequencies based on 

the expression of A) CD25 and PD-1, B) CD25 and PD-L1, and C) CD25 and LAG3 in CD4+ T 

cells activated with anti-CD3/CD28 for 72h (top) and CD4+ T cells primed with rSLPI then 

activated with anti-CD3/28 for 48h (bottom) in control, 1ug/mL treatment with rSLPI and 2ug/mL 

treatment with rSLPI conditions. Gating started by isolating lymphocytes, then single cells, 

followed by dead cell exclusion, and then CD4+ cells. FMOs were used for each marker to gate 

on the true positives. Only one replicate is represented in the figure, but another one showed 

similar results. 

 

 

To complete the profiling of the CD4+ T cells, we collected RNA from both the anti-CD3/28 

activated and the naïve (IL-7 treated) T cells after a treatment of 48h with 2μg/mL of rSLPI. To 

determine if rSLPI causes a pro- or anti-inflammatory stimulus in the TME  6 main cytokines 

(IFNγ, IL-21, IL-4, IL-6, IL-10, and TGFβ) were assessed via RT-qPCR. In both the activated and 

naïve conditions, rSLPI did not cause any significant changes in the mRNA levels of these 

cytokines. However, some of them were trending towards an increase or a decrease. For instance, 

IL-4 and IL-10 with a p-value of 0.059 and 0.1857 respectively tended to decrease with the addition 

C 
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of rSLPI in the activating condition (Figure 11A). However, the opposite was seen in the naïve 

condition, where IL-10 (p=0.0971) and TGF-β (p=0.1116) expression tended to further increase. 

IL-21 showed a trend to decrease when naive CD4+ T cells were treated with rSLPI (p=0.1051) 

(Figure 11B). These findings indicate that, in the naïve state, rSLPI may promote the secretion of 

immunosuppressive cytokines, particularly IL-10 and TGF-β, and reduce the secretion of pro-

inflammatory cytokines like IL-21. IFNγ and IL-6 expression did not show significant changes 

under the evaluated conditions and due to the high observed variability. However, these results 

will need a more thorough investigation, especially at the protein level. 

Figure 11. RNA expression levels of some cytokines do not change whereas some trend towards 

an increase or a decrease when CD4+ T cells are A) activated with anti-CD3/CD28 and treated 

with 2μg/mL of rSLPI for 48h or (B) treated with IL-7 and 2μg/mL of rSLPI for 48h. Statistical 

analysis was done using one-way ANOVA and the p-value is shown for each plot. n=3 
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3.5.2 Assessing the effect of recombinant SLPI on CD8+ T cells 

For CD8+ T cells, OT-1 T cells were used to examine three conditions: the first one involved 

activation with anti-CD3/CD28, similar to CD4+ T cells; the second one involved activation with 

the OVA peptide (cognate peptide for OT-1 CD8+T cells, derived from the ovalbumin which is a 

protein found in the egg white), and the third condition consisted of naïve cells treated only with 

IL-7. In all conditions, cells were treated with 1μg/mL or 2μg/mL of recombinant SLPI for 72 

hours. 

3.5.2.1 Activation markers 

To assess the activation of the CD8+ T cells across all the conditions, we focused on three 

main markers CD25, CD69, and CD62L. In the anti-CD3/CD28 condition, treatment with rSLPI 

did not cause any significant changes in the CD25 expression (gMFI) nor the frequency of the 

CD8+CD25+ T cells population (Figure 13A). However, in the OVA condition, the addition of 

2μg/mL of rSLPI caused a significant increase in the gMFI of CD25 compared to the control with 

no change in its frequency (Figure 13B). The changes of the CD25 marker are important not only 

because they dictate the activation state in each condition, but also because CD25 is used as a 

reference to the CD69 and CD62L markers (Figure 12A-B). In the anti-CD3/28 condition, the 

addition of rSLPI did not cause any significant changes in either the gMFI or the frequency of 

CD69 (Figure 12A top panel, and 13B) and CD62L (Figure 12B top panel, and 13B) within the 

CD8+CD25+ T cell population. Similarly, in the OVA condition, rSLPI caused a non-significant 

shift in both CD69 (Figure 12A middle panel, and 13B) and CD62L (Figure 12B middle panel, 

and 13B) markers compared to the control. The naïve condition (IL-7) also showed no significant 

changes in the frequency of CD69 (Figure 12A bottom panel) and CD62L (Figure 12B bottom 
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panel), with a shift of 2% and 3% respectively in the percentage of the CD25+CD69+ and the 

CD25+CD62L+ populations. In summary, rSLPI treatment significantly increased CD25 

expression in CD8+ T cells under the OVA condition, while showing no significant effects in the 

anti-CD3/CD28 and naïve conditions. The changes in CD69 and CD62L were minor and non-

significant across all conditions (Figure 13). 
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Figure 12. Treatment with recombinant SLPI induces a shift in the frequency of the activation 

markers CD69 and CD62L in CD8+ T cells only when stimulated with OVA and rSLPI. Contour 

plots showing cell population frequencies based on the expression of (A) CD25 and CD69 and (B) 

CD25 and CD62L in CD8+ T cells activated with anti-CD3/CD28 for 72h (top), CD8+ T cells 

stimulated with OVA peptide (middle), and CD8+ T cells maintained in their naïve state using IL-

7 (bottom), when co-treated with 0, 1ug/mL or 2ug/mL rSLPI. Gating started by isolating 

lymphocytes, then single cells, followed by dead cell exclusion, and then CD8+ cells. FMOs were 

used for each marker to gate on the true positives. 

 

    
Figure 13. Quantification of the CD8+ T cell populations expressing CD25, CD69, and CD62L 

markers during the treatment with 1μg/mL and 2μg/mL of rSLPI presented using their geometric 

mean fluorescent intensity (gMFI) and their frequency (%) when stimulated with (A) anti-CD3/28 

to activate (B) OVA peptide. Statistical analysis was done using one-way ANOVA and the p-value 

is shown as * when p<0.05, and as ns (non-significant) when p>0.05. 

 

3.5.2.2 Immune checkpoint markers 

Similar to the CD4+ T cell analysis, we assessed CD8+ T cells for changes of expression of 

three markers of immune checkpoint molecules PD-1, PD-L1, and LAG3 relative to CD25 in 

response to rSLPI under each of the three previously described conditions. In the anti-CD3/CD28 

condition, rSLPI treatment did not cause any significant changes compared to the control which is 
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observed as the unchanging percentage of the CD8+CD25+ population in Q16 (Figure 14A top 

panel) as well as in the statistical analysis of the gMFI and frequency of PD-1 in the CD8+CD25+ 

population (Figure 15A).  A similar observation was noted for PD-L1 and LAG3 in the anti-

CD3/CD28 activated cells, where rSLPI treatment did not induce any significant changes (Figure 

14B, Figure 14C top panel, and Figure 15A).  

In contrast, in the OVA condition, the frequency of PD-1 in CD8+CD25+ cells increased 

significantly from 13% in the control to 40-45% after the addition of 1μg/mL and 2μg/mL of rSLPI 

(Figure 14A middle panel, Figure 15B). PD-L1 frequency in CD8+CD25+ cells also showed a 

trend towards an increase in response to 2μg/mL rSLPI in the OVA condition (Figure 15B) (9.62% 

in control vs. 22.7% with 2μg/mL rSLPI). However, PD-L1 expression represented by the gMFI 

in the CD8+CD25+ population significantly decreased with both 1μg/mL and 2μg/mL rSLPI. This 

indicates that even if the level of expression of PD-L1 in cells is decreasing, the percentage of PD-

L1+ cells is increasing with rSLPI treatment. Similarly, LAG3 expression in cells did not change, 

but the frequency of CD8+CD25+LAG3+ cells increased dramatically with rSLPI (Figure 14C 

middle panel, Figure 15B).  

In the naïve condition (IL-7), only slight shifts were observed in PD-1, PD-L1, and LAG3 

frequencies within the CD8+CD25+ population, increasing from 0% in the control to 2%, 6%, and 

2% after rSLPI treatment under the three conditions. In summary, rSLPI treatment did not 

significantly affect immune checkpoint markers PD-1, PD-L1, and LAG3 in the naïve or the anti-

CD3/CD28 condition. However, in the OVA condition (cognate peptide), an increase in the 

frequency of PD-1+, PD-L1+, and LAG3+ cells was observed, suggesting that the effects of rSLPI 

on these markers in CD8+ T cells vary depending on the activation conditions and the strength of 

the TCR signaling. 



 
 

51 
 

A 



 
 

52 
 

 

 

B 

C 



 
 

53 
 

Figure 14. Treatment with recombinant SLPI induces a shift in the frequency of the activation 

markers PD-1, PD-L1, and LAG3 in CD8+ T cells only when stimulated with both OVA and 

rSLPI. Contour plots showing cell population frequencies based on the expression of (A) CD25 

and PD-1 and (B) CD25 and PD-L1 in CD8+ T cells activated with anti-CD3/CD28 for 72h (top), 

CD8+ T cells stimulated with OVA peptide (middle), and CD8+ T cells maintained in their naïve 

state using IL-7 (bottom), in three conditions: control, 1ug/mL treatment with rSLPI and 2ug/mL 

treatment with rSLPI. Gating started by isolating lymphocytes, then single cells, followed by dead 

cell exclusion, and then CD8+ cells. FMOs were used for each marker to gate on the true positives. 

 

 

Figure 15. Quantification of the CD8+ T cell populations expressing PD-1, PD-L1, and LAG3 

markers during the treatment with 1μg/mL and 2μg/mL of rSLPI presented using their geometric 

mean fluorescent intensity (gMFI) and their frequency (%) when stimulated with (A) anti-CD3/28 

to activate (B) OVA peptide. Statistical analysis was done using one-way ANOVA and the p-value 

is shown as * for p<0.05, ** for p<0.01, *** for p<0.001, value for p<0.1, and as ns for non-

significant. n=3 

3.6 Development of knockout and overexpression models for SLPI 

Having shown that SLPI has the potential to modify the activation/exhaustion state of T cells 

in vitro, I sought to determine whether those actions can modify cancer progression and the TME 

using mouse models of ovarian cancer.  Based on their baseline levels of SLPI expression, two 

models were selected, MOE PtenshRNAKRasG12V and ID8-Trp53-/-, for the knockout and 

A B 
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overexpression of SLPI, respectively. ID8-Trp53-/- cells exhibit the lowest SLPI expression and 

MOE PtenshRNAKRasG12V had the highest, as shown in Figures 5A and 5B.  In MOE 

PtenshRNAKRasG12V, Slpi was knocked out using three single-guide RNAs (sgRNA) using 

CRISPR/Cas9 technology. A control sgRNA targeting Renilla, a non-mammalian gene, was used 

a positive control expressing Cas9 and a guide RNA. The knockout was confirmed by western blot 

(Figure 16A) showing that sgSLPI-3 has a complete knockout of Slpi compared to sgSLPI-1 and 

sgSLPI-2 which still have some modest expression levels of SLPI. sgRenilla showed the same 

levels as the parental cell line (Figure 16A).  

The overexpression of Slpi was carried out in ID8-Trp53-/- and KPCA.B cells using an 

expression vector generated by PCR amplifying fragments of the Slpi gene from genomic DNA to 

encode Slpi under the control of a CMV (cytomegalovirus) promoter. The lentivirus carrying the 

overexpression, or the empty vector was transduced into the cell lines that were then positively 

selected for puromycin resistance. The overexpression was confirmed by western blot (Figure 

16B-C) after treating the cells with Brefeldin A to inhibit protein secretion. Cells overexpressing 

Slpi (ID8-Trp53-/-SlpiOE and KPCA.B-SlpiOE) had a higher SLPI abundance compared to vector-

transduced and parental that had little to no detectable expression of SLPI with or without 

Brefeldin A treatment.  

The effect of the knockout or overexpression of SLPI was first determined by assessing 

potential autocrine effects on cell proliferation. In the MOE PtenshRNAKRasG12V model, the parental, 

Renilla control, and Slpi-/- cell lines all reached the plateau after 72h with no significant difference 

in the cell counts (Figure 16D), which indicates that they all reached confluency at the same 

growth rate. However, at 96 hours, the parental cell line had significantly fewer cell counts than 

the Renilla control and the Slpi-/- (Figure 16D) due to cell death after the confluency. The 
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comparison between parental and Renilla controls mainly for the transduction impact on cell 

proliferation. When comparing the Renilla control and the Slpi-/-, the cell count of these cells over 

time was not different (Figure 16D). The overexpression of SLPI also did not affect the 

proliferation of the modified cells since there were no significant differences between the SlpiOE 

and SlpiEV in both ID8-Trp53-/- and KPCA.B (Figure 16E-F). SlpiEV controls exhibited no 

significant difference from the parental control over time in both ID8-Trp53-/- and KPCA.B cells, 

but the growth rate of the parentals in the latter started to slow down after 72 hours, which 

decreased significantly the cell count by 96 hours compared to the SlpiEV. Overall, the knockout 

and overexpression modifications did not alter the proliferation rate across time in all modified 

cells. 
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Figure 16. Knockout and overexpression of Slpi do not impact cell proliferation. (A) Western 

blot showing the levels of SLPI in MOE PtenshRNAKRasG12V cells transduced with 3 sgRNA and a 

control (sgRenilla) lentivirus compared to the parental cell line. (B) Western blot showing the 

levels of SLPI in ID8-Trp53-/- cells transduced with a lentiviral vector alone (empty) or 

overexpressing Slpi compared to the parental cell line. (C) Western blot showing the levels of SLPI 

in KPCA.B cells transduced with a lentiviral vector alone (empty) or overexpressing Slpi 

compared to the parental cell line. (D) Graph showing the proliferation of modified MOE 

PtenshRNAKRasG12V cells across time. (E) Graph showing the proliferation of modified ID8-Trp53-

/- cells across time. (F) Graph showing the proliferation of modified KPCA.B cells across time. 

Data in D-F are shown as mean ± SD. Statistical analysis was done using one-way ANOVA and 

Tukey’s post-hoc comparison test and the p-value was less than 0.01 or 0.05 (indicated 

respectively as ** and *). n=4 

 

3.7 Assessing the impact of SLPI’s expression on mice survival 

To determine the effects of SLPI on tumorigenicity and the rate of tumor progression, the 

modified MOE PtenshRNAKRasG12V, ID8-Trp53-/- and KPCA.B cells were injected 

intraperitoneally.  All the models formed metastatic tumors within the peritoneal cavity, indicating 

that the presence or absence of SLPI did not affect the tumorigenicity of the three cell lines. At 

humane endpoint, the tumor weights in the MOE PtenshRNAKRasG12V model were not different 

amongst the mice with parental, Renilla control, and Slpi-/- tumors (Figure 17D). However, the 

ascites volume was significantly higher in the mice with parental tumors (~7mL) compared to both 

the Renilla control and Slpi-/- tumors (~2mL) (Figure 17D). In terms of survival rate, mice with 

tumors deficient in SLPI had a significantly lower median survival (46 days) than the mice with 

Renilla control tumors (62 days) (Figure 17A). This shows that the knockout of Slpi increased 

tumor progression which resulted in shorter survival. However, mice with tumors derived from 

the parental cell line had a significantly shorter period of survival (median of 37 days) compared 

to both the Renilla control and the Slpi-/- tumors. This difference between the parental and Renilla 

control group is possibly due to the immunogenicity of Cas983, reducing the amounts of ascites 
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that are known to have immunosuppressive cytokines/chemokines, thereby slowing tumor 

progression.  

The models which tested the effects of overexpression of SLPI led to divergent outcomes. 

In the ID8-Trp53-/- model, mice with tumors that overexpress SLPI (SlpiOE) had significantly 

prolonged survival (median of 55 days) (Figure 17B) and significantly lower tumor weight 

(Figure 17E) compared to the SlpiEV control group. The ascites volume was around 4.5mL and 

was not different between the two groups (Figure 17E). In contrast, in the KPCA.B model, the 

length of survival of mice with SlpiOE tumors was not different from mice with control and parental 

tumors (Figure 17C). Despite the similar survival, mice with SlpiOE tumors had a significantly 

higher volume of ascites (~3mL) compared to the parental group (~0.5mL), with a trend of an 

increase relative to the SlpiEV group (~1.5mL, p= 0.1008) (Figure 17F). The ascites volume did 

not have any impact on the tumor weights, which were not significantly different among the three 

groups (Figure 17F). 
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Figure 17. Survival of mice bearing tumors with modified expression of SLPI.  Kaplan-Meier 

plots showing the survival of A) modified MOE PtenshRNAKRasG12V tumor-bearing mice, B) 

modified ID8-Trp53-/- tumor-bearing mice, and C) modified KPCA.B tumor-bearing mice. Panel 

showing the tumor weight and ascites volume at the humane endpoint in D) modified MOE 

PtenshRNAKRasG12V tumor-bearing mice, E) modified ID8-Trp53-/- tumor-bearing mice, and F) 

modified KPCA.B tumor-bearing mice. Statistical analysis of (A-C) was done using the Log-rank 

(Mantel-Cox). Data in (D-F) is shown as mean +/- SD. Statistical analysis of (D-F) was done 

using one-way ANOVA. *p<0.05, **p<0.01. 
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3.8 Assessing the impact of SLPI’s expression on the TME 

components  

 

3.8.1 Gating Strategy 

The effects of SLPI on the composition of the ovarian TME have never been studied. 

Therefore, we used the modified MOE PtenshRNAKRasG12V and KPCA.B cells with SLPI knockout 

and overexpression to determine how SLPI contributes to the TME.  The cell lines were injected 

under the bursa of syngeneic mice and the mice were monitored until the tumor formation passed 

50% of development and was closer to the humane endpoint (6 days before), then collected for the 

TME analysis. The TME composition of these two models was analyzed using a flow cytometry 

panel (Table 5) that generated an overview of the major differences that occur with the 

overexpression or knockout of SLPI from cancer cells. The gating strategy (Figure 18) first 

eliminated doublets by gating on single cells, showing a linear correlation between the Forward 

Scatter Height (FSC-H) and Forward Scatter Area (FSC-A). We then gated on the lymphocytes 

based on the FSC-H and the Side Scatter Area (SSC-A) and, using our viability sample, we gated 

on the cells with low FSV510 staining (viable cells). From the viable population, we separated the 

CD45+ and CD45- populations, in which we examined the expression of PD-L1. Using the CD3 

marker, we separated T cells (CD3+) from myeloid cells (CD3-), the latter of which we gated on 

4 populations based on the expression levels of CD11b, CD11c, and F4/80 markers. In T cells, we 

gated on the CD4+ and CD8+ T cells, in which we examined the frequency of cells expressing 

CD25, PD-1, PD-L1, GATA3, T-Bet, and FOXP3 markers. FMO controls were used to gate on 

the real positive populations. In our analysis, TME was determined by the percentage of cells in 

that population and differences in expression levels, which were compared using the gMFI values.  
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Figure 18. Gating strategy of the cell populations of interest for analysis of the TME. The panel 

of antibodies used are listed in Table 5.     

 

3.8.2 Effect of SLPI on the ovarian TME 

Because the MOE PtenshRNAKRasG12V has a median survival of 37 days84, we collected 

tumors from the mice on day 24, which allowed us to examine the TME in growing tumors that 

were large enough for TME analysis. However, at day 24, both the Slpi-/- and Renilla control 

groups had not yet reached 50% of their tumor development. Consequently, some mice had no 

sign of tumor formation, others had a solid ovary that indicated the onset of tumor development, 

and a few others had tumors with a small weight (i.e. less than 0.05g) that we were able to pool 

together. Therefore, the number of samples that were processed was 4 for the parental tumors, 2 

for the Renilla control group, and 2 for the Slpi-/- group. The statistical analysis done using this 

number mainly allows for visualization of the differences occurring within the TME at this 

timepoint but still needs to be confirmed with a greater number of samples.  
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Conversely, tumors from the KPCA.B model were collected after 50% of their median 

survival, by which time enough samples were available for each group. However, one of the mice 

from the parental group and another one from the SlpiOE group reached the endpoint before the 

scheduled day of collection. Therefore, the final number of samples for each of the parental, SlpiEV, 

and SlpiOE groups was 2, 6, and 5 tumors, respectively.  

3.8.2.1 Frequency of main cell populations in the TME 

Differences in the frequencies of cell populations within the TME are important indicators 

of mechanisms contributing to tumor development. In the MOE PtenshRNAKRasG12V model, the 

presence or absence of SLPI resulted in no significant differences in terms of the frequency of 

CD45- (epithelial or non-immune cells) (Figure 19A) and the CD45+ (leukocytes) (Figure 19B) 

populations. The frequency of all 4 subsets of myeloid cells (i.e. CD11b-CD11c+, 

CD11b+CD11c+ representing generally dendritic cells (DCs)85, CD11b+F4/80+ representing 

TAMs, and the CD11b-CD11c-) was also not different among the 3 tumor groups (Figure 19C-

F). Similarly, the T cell subsets were not different among the tumors (Figure 19G), whether in 

terms of the CD4+ T cell population (Figure 19J), or the CD8+ T cell population (Figure 19I), or 

their ratio (Figure 19H).  This suggests that the knockout of SLPI did not change the MOE 

PtenshRNAKRasG12V TME at the collected timepoint.  

The overexpression of SLPI in the KPCA.B model similarly had no effect on the main cell 

populations in the TME.  The frequency of CD45- (non-immune cells) (Figure 20A), myeloid 

cells including CD11b-CD11c+ (Figure 20C), CD11b+CD11c+ (Figure 20D) and 

CD11b+F4/80+ cells (Figure 20E) were not different among the parental, SlpiEV and SlpiOE 

tumors. Similarly, the frequency of CD4+ (Figure 20J) and CD8+ T cells (Figure 20I) as well as 

their ratio (Figure 20H) were not significantly different across all the groups. The frequency of 
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leukocytes was significantly higher in the SlpiOE tumors compared to the Parental group, but not 

the SlpiEV group (Figure 20B). The only significant difference between SlpiOE tumors and the 

SlpiEV group was a higher percentage of CD11b-CD11c- cells in SLPI-overexpressing tumors 

(Figure 20F). This suggests that SLPI does not significantly affect the overall abundance of 

different cell populations but may influence specific immune cell populations within the TME. 
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Figure 19. The abundance of cell populations within the Parental, Renilla control, and Slpi-/- 

tumor microenvironment of the MOE PtenshRNAKRasG12V model. Tumors were collected from 

mice injected with 0.15x106 cells under the bursa and analyzed by flow cytometry. The number of 

biological replicates in the parental group is 4 samples, whereas in the Renilla and Slpi-/- group, 

tumors with a small weight from different mice were pooled together and therefore each group 

had only 2 biological replicates, which are represented by dots in the graph. Data is represented 

as mean +/- SD. Statistical analysis was done using one-way ANOVA and Tukey’s multiple 

comparison test. ns: non-significant.  
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Figure 20. The abundance of cell populations within the parental, SlpiEV, and SlpiOE tumor 

microenvironment of the KPCA.B model. Tumors were collected from mice injected with 0.15x106 

cells under the bursa and analyzed by flow cytometry. 2 tumor samples were used for the parental 

group, 6 for the SlpiEV, and 5 for the SlpiOE. Each biological replicate is represented by dots in the 

graph. Data is represented as mean +/- SD.  Statistical analysis was done using one-way ANOVA. 

ns: non-significant. 
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3.8.2.2 Assessment of PD-L1 in the CD45- and myeloid 

cell population 

Immune evasion in tumors can occur through various mechanisms, with the upregulation of 

immune checkpoints, particularly PD-L1, being a common strategy86. To explore the role of SLPI 

in this process, we examined its impact on PD-L1 expression in both CD45-negative epithelial 

cells and myeloid cells using knockout and overexpression models. Our analysis revealed that in 

epithelial cells (CD45-negative), PD-L1 expression did not differ between the Slpi-/- and Renilla 

control groups (Figure 21A). There was also no difference in the overall expression of PD-L1 in 

the CD3- group (Figure 21B), in which the lack of SLPI did not affect the frequency of PD-L1 in 

its subsets (i.e. CD11b-CD11c+, CD11b+CD11c+, CD11b+F4/80+ and CD11b-CD11c-) (Figure 

21C-F).   

Similarly, the overexpression of SLPI in the KPCA.B cells did not alter the frequency of 

PD-L1-expressing cells in the CD45- and the CD3- groups (Figure 22A-B). However, the SlpiOE 

group showed a trend for an increase in the frequency of PD-L1 in the CD11b-CD11c+ population 

(Figure 22C) compared to the SlpiEV control group (p=0.0954). In the CD11b+CD11c+ cells, the 

frequency of PD-L1 was significantly higher in the SlpiOE group compared to the SlpiEV control 

(Figure 22D). A similar difference was noted in the CD11b+F4/80+ cells that had a significant 

increase of the PD-L1 in the SlpiOE tumors (Figure 22E). In the CD11b-CD11c- cells, the 

expression of PD-L1 showed a trend for an increase in the SLPI-overexpressing cells but did not 

reach significance (Figure 22F).   

Overall, the SlpiOE tumors had an increase in the frequency of PD-L1+ myeloid cells 

compared to the SlpiEV control group, while no differences were observed in the tumors lacking 

SLPI. 
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Figure 21. Expression levels of PD-L1 in cell populations within the Parental, Renilla control, 

and Slpi-/- tumor microenvironment of the MOE PtenshRNAKRasG12V model. Tumors were 

collected from mice injected with 0.15x106 cells under the bursa and analyzed by flow cytometry. 

The number of biological replicates in the parental group is 4 samples, whereas in the Renilla and 

Slpi-/- group, tumors with a small weight from different mice were pooled together and therefore 

each group had only 2 biological replicates, which are represented by dots in the graph. Data is 

represented as mean +/- SD. Statistical analysis was done using one-way ANOVA and Tukey’s 

multiple comparison test. *p<0.05 and ns: non-significant. 
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Figure 22. Expression levels of PD-L1 in the Parental, SlpiEV control, and SlpiOE tumor 

microenvironment of the KPCA.B model. Tumors were collected from mice injected with 

0.15x106 cells under the bursa and analyzed by flow cytometry. 2 tumor samples were used for the 

parental group, 6 for the SlpiEV, and 5 for the SlpiOE. Each biological replicate is represented by 

dots in the graph. Data is represented as mean +/- SD. Statistical analysis was done using one-

way ANOVA. *p<0.05, **p<0.01 and ns: non-significant. 

 

3.8.2.3 Assessment of the impact of SLPI on T cells  

3.8.2.3.1 Activation and immune checkpoint markers 

To investigate the effects of SLPI on the activity of the T-cell compartment, the expression 

of the activation and exhaustion markers CD25, PD-1, and PD-L1 were evaluated in CD4+ and 

CD8+ T cells. In the MOE PtenshRNAKRasG12V model, the knockout of SLPI did not alter the level 

of CD25 in either CD4+ T cells (Figure 23A) and CD8+ T cells (Figure 23D). Similarly, the 
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frequency of PD-L1 marker in T cells was not different between tumors whether on CD4+ T cells 

(Figure 23B) or CD8+ T cells (Figure 23E). However, SLPI knockout tumors exhibited a 

significant reduction in PD-1 expression, particularly in the CD4+T cells (Figure 23C) with no 

difference observed in CD8+ T cells (Figure 23F). This suggests that SLPI knockout 

predominantly affects PD-1 levels in CD4+ T cells. 

Consistent with the MOE PtenshRNAKRasG12V model, the SlpiOE tumors in the KPCA.B model 

showed a significantly higher frequency of the PD-1+CD4+T cells (Figure 24C) compared to the 

Parental group, however, a similar increase was observed in the SlpiEV control group. Still, no 

significant differences in the PD-1 levels were observed between the SlpiOE and the SlpiEV in both 

CD4+ and CD8+ T cell populations (Figures 24C and 24F). Notably, in the KPCA.B model, the 

SlpiOE tumors had a significantly higher percentage of the PD-L1 marker in the CD4+ T cells 

compared to the SlpiEV tumors (Figure 24B). In contrast, these changes were not observed in the 

CD8+ T cells, which had no significant differences in PD-L1 (Figure 24E) when comparing the 

SlpiOE tumors with the SlpiEV and the parental controls. The frequency of the CD25 in the KPCA.B 

model remained unchanged in both CD4+ (Figure 24A) and CD8+ T cells (Figure 24D) similar 

to the MOE PtenshRNAKRasG12V model.  

 Overall, the analysis of T cells revealed that changes in SLPI levels impacted the frequency 

of cells expressing PD-1 and PD-L1 markers in CD4+ T cells, and had no impact on the CD25 

marker. 
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Figure 23. Expression levels of CD25, PD-L1, and PD-1 markers in T-cell subsets present within 

the Parental, Renilla control, and Slpi-/- tumor microenvironment of the MOE 

PtenshRNAKRasG12V model. Tumors were collected from mice injected with 0.15x106 cells under 

the bursa and analyzed by flow cytometry. The number of biological replicates in the parental 

group is 4 samples, whereas in the Renilla and Slpi-/- group, tumors with a small weight from 

different mice were pooled together and therefore each group had only 2 biological replicates, 

which are represented by dots in the graph. Data is represented as mean +/- SD. Statistical 

analysis was done using one-way ANOVA. *p<0.05, **p<0.01 and ns: non-significant. 
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Figure 24. Expression levels of CD25, PD-L1, and PD-1 markers in T-cell subsets present within 

the Parental, SlpiEV control, and SlpiOE tumor microenvironment of the KPCA.B model. Tumors 

were collected from mice injected with 0.15x106 cells under the bursa and analyzed by flow 

cytometry. 2 tumor samples were used for the parental group, 6 for the SlpiEV, and 5 for the SlpiOE. 

Each biological replicate is represented by dots in the graph. Data is represented as mean +/- SD. 

Statistical analysis was done using one-way ANOVA. *p<0.05 and ns: non-significant. 

 

3.8.2.3.2 Impact of SLPI levels on tumor immune cell 

transcription factors 

To identify the type of immunity driven by the knockout and overexpression of SLPI, we 

evaluated, by flow cytometry, the expression of 3 main transcription factors T-bet, FoxP3, RORγt, 

and GATA3 in T-cell compartments.  

In the MOE PtenshRNAKRasG12V model, the frequency of T-bet in Slpi-/- tumors was 

significantly higher in CD8+ T cells (Figure 25A) compared to both the parental and empty vector 
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control groups. In CD4+ T cells, approximately 10% of cells in Slpi-/- tumors expressed T-bet, 

similar to the frequency in CD8+ T-bet+ cells, but this was not significantly different from the 

Renilla control, likely due to variability (Figure 25E). The GATA3+ cell population comprised 

less than 1% in both CD8+ and CD4+ T cells across all tumor categories (Figure 25B and 25F). 

Similar trends were observed for the RORγt transcription factor, with around 55% of 

RORγt+CD4+ and RORγt+CD8+ T cells in all tumors with or without SLPI expression (Figure 

25C and 25G). Although FoxP3 expression profiles were consistent across all three tumor groups, 

its frequency was between 20% and 40% in CD4+ T cells and less than 6% in CD8+ T cells 

(Figure 25D and 25H), which is expected since CD4+ T cells are known to express more FoxP3 

than CD8+ T cells87.  

In the KPCA.B model, the frequency of T-bet and its frequency in CD4+ and CD8+ T cells 

did not change with the overexpression of SLPI (Figure 26A and 26E) unlike the MOE 

PtenshRNAKRasG12Vmodel. GATA3, RORγt, and FoxP3’s expression profiles in both CD4+ and 

CD8+T cells were the same among all three tumor groups (Figure 26B-D and 26F-H), and 

therefore not affected by SLPI overexpression.  

Overall, the analysis of the four key transcription factors in T cells suggests that altering 

SLPI levels in tumors did not influence the T-cell phenotype, as defined by transcription factor 

expression. 
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Figure 25. Expression levels of the transcription factors T-bet, GATA3, RORyt, and FoxP3 in 

T-cell subsets present within the Parental, Renilla control, and Slpi-/- tumor microenvironment 

of the MOE PtenshRNAKRasG12V model. Tumors were collected from mice injected with 0.15x106 

cells under the bursa and analyzed by flow cytometry. The number of biological replicates in the 

parental group is 4 samples, whereas in the Renilla and Slpi-/- group, tumors with a small weight 

from different mice were pooled together and therefore each group had only 2 biological 

replicates, which are represented by dots in the graph. Data is represented as mean +/- SD. 

Statistical analysis was done using one-way ANOVA. *p<0.05 and ns: non-significant. 
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Figure 26. Expression levels of the transcription factors T-bet, GATA3, RORγt, and FoxP3 in 

T-cell subsets present within the Parental, SlpiEV control, and SlpiOE tumor microenvironment 

of the KPCA.B model. Tumors were collected from mice injected with 0.15x106 cells under the 

bursa and analyzed by flow cytometry. 2 tumor samples were used for the parental group, 6 for 

the SlpiEV, and 5 for the SlpiOE. Each biological replicate is represented by dots in the graph. Data 

is represented as mean +/- SD.  Statistical analysis was done using one-way ANOVA. *p<0.05 

and ns: non-significant. 
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Chapter 4:  Discussion 

Understanding ovarian cancer has always been challenging due to the heterogeneity of the 

tumors that differs not only between patients but also across different anatomical locations within 

the same body39,88. Therefore, in this study, we aimed to compare key interactions between cancer 

cells and immune cells by starting with a scRNA sequencing analysis.  

4.1. Cell-cell communication based on EMT and discovery of SLPI   

4.1.1.  SLPI-CD4 as a key interaction between cancer cells and immune 

cells 

The analysis of primary and metastatic ovarian tumor scRNA sequencing datasets revealed 

more similarities than differences in cell-cell communication pathways. In both primary and 

metastatic tumors, cancer cells strongly interact with myeloid cells, particularly monocytes and 

macrophages. Depending on their phenotype and their numbers, monocytes can be pro- or anti-

tumorigenic47. They exist in various types that can modulate the immune response depending on 

the stage of the tumor, the tissue of origin, and the environmental signaling through cytokine 

secretion by other cells89. Their interactions become more complicated when cancer cells undergo 

EMT since the TME becomes more heterogeneous and immunosuppressed37. Studies have 

reported different mechanisms by which these changes happen, focusing particularly on 

transcription factors- or cytokine and chemokine-related mechanisms of action37. However, this 

study focused more on characterizing the TME cell-cell communication by focusing on the EMT 

phenotype of cancer cells, showing for the first time the stronger communication of 

monocytes/macrophages with mesenchymal cancer cells in both primary and metastatic tumors 

independently from the abundance of both. This is a novel discovery and may now have become 
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evident in light of the growing evidence for EMT as a plastic process in which cancer cells 

interconvert between all three phenotypes. Fortunately, our analysis was possible thanks to a well-

defined epithelial-mesenchymal plasticity signature gene list published by Cook and 

Vanderhyden, 202270, based on which cancer cells have been classified into epithelial, partially 

mesenchymal, and mesenchymal. 

The EMT classification allowed us to observe changes in the ligand-receptor interaction with 

immune cells during the transition.  By looking at the monocyte-MES link, we discovered a strong 

interaction between a ligand secreted by cancer cells called SLPI and the CD4 receptor on 

monocytes. This interaction was first studied by McNeely et al.90 in the context of human 

immunodeficiency virus (HIV) after having discovered that physiological concentrations of SLPI 

in saliva had an anti-HIV-1 function. Specifically, they reported that SLPI acts on an HIV host cell 

molecule (i.e. a receptor on monocytes) instead of the virus itself, which others later found to be a 

CD4 molecule91,92, although McNeely et al. showed through a biosensor technique that SLPI does 

not directly interact with recombinant CD490.  It was confirmed by others that SLPI levels were 

associated with CD4+ cell counts during HIV-1 infection93. When exploring the molecular 

mechanism of action of SLPI on CD4+ cells, Py et al.94 found that SLPI interacts with the 

cytoplasmic domain of a transmembrane protein called phospholipid scramblase 1 and 4 (PLSCR1 

and PLSCR4) that also interacts with CD4, but they were not able to identify the functional impact 

of this interaction especially on the HIV-1 infection, which remains unknown, and thus keeps the 

mechanism of SLPI-CD4 interaction in question. To understand the SLPI-CD4 link, we need first 

to understand what SLPI are and CD4 and what might be their potential roles in ovarian cancer. 

SLPI is a small protein (~11.7kDa) of the whey acidic protein family (WAP), thus called 

also WFDC4 (WAP four-disulfide protein) or WAP495. In humans, this protein is located on 
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chromosome 20q12-13 and is composed of 107 amino acids95,96. SLPI performs an anti-protease 

activity that depends on its active site located at Leu72-Met73 of the C terminal WAP domain97. 

Some of the inhibited proteases include neutrophil elastase (NE), cathepsin G, trypsin, and 

chymotrypsin to prevent tissue destruction, especially in specific organs like the intestine and 

lungs98–101.  Therefore, SLPI is highly produced in these tissues as well as others, in which it also 

plays an antimicrobial role through a mucosal defense system like saliva or genital secretions102 

and a homeostatic function regulating the immune response103. SLPI is known for its anti-

inflammatory function induced by the inhibition of the secretion of pro-inflammatory cytokines. 

In monocytes for example, it was reported that SLPI inhibits toll-like receptors 2 and 4, by 

inhibiting NF-kB activation through the blockade of the degradation of its inhibitors101,104. Other 

studies have reported that SLPI-treated monocytes decreased the presentation of MHC II 

molecules and secreted IL-4, IL-6, and IL-10105, known to be immunosuppressive cytokines106–108. 

These SLPI-treated monocytes were also found to decrease CD4+ lymphocyte proliferation but 

not CD8+105.  However, this was shown only in a normal condition.  It remained unclear whether 

SLPI abundance in the TME of ovarian cancers could impact negatively the immune response, 

especially since its levels were more highly expressed in the mesenchymal cancer cells, which are 

thought to be associated with more advanced, metastatic disease. 

CD4 or cluster of differentiation 4 is a 55kDa receptor and a type 1 glycoprotein, containing 

4 extracellular immunoglobin (Ig)-like domains, a transmembrane domain, and a cytoplasmic 

tail109,110. Its highest expression is found in T cells, then in monocytes and macrophages, and then 

in natural killers, DCs, and neutrophils110. CD4 is expressed on T cells that  activate other immune 

cells, unlike CD8 which is expressed on cytotoxic T cells111. CD4+ T cells are also known to 

recognize MHC (major histocompatibility) class II molecules on APCs in contrast to CD8+ T cells 
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that recognize MHC I molecules111. Specifically, the extracellular domain D1 of the CD4 molecule 

stabilizes the interaction of MHC class II molecules with the T cell receptor (TCR)110,111.  

Therefore, CD4 is called a co-receptor and its signaling mechanism depends on the interaction of 

the TCR with the MHC class II molecule.  

During T cell activation, the lymphocyte C-terminal Src kinase (Lck) binds to CD4 to 

prevent its endocytosis, and alternatively, Lck phosphorylates the immunoreceptor tyrosine-based 

activation motifs (ITAMs) present on the intracellular tails of CD3 receptor, that is essential to the 

TCR signaling109,110. Other molecules like zeta-associated protein of 70 kDa (ZAP-70) bind to the 

phosphorylated tails and will then phosphorylate downstream proteins like phospholipase Cy1 

(PLCy1) that activates the signaling towards the protein kinase C (PKC)109,110. CD4 receptor is 

also important because it enhances the sensitivity of TCR to MHC II molecules110.  In monocytes, 

the CD4 receptor plays a role in mediating their proliferation112 and differentiation through the 

calcium flux and the activation of the ERK/MAPK/NF-kB signaling pathway following the 

ligation with MHC II113. All in all, the CD4 receptor plays an important role in the activation of 

immune cells, whether they are T cells or monocytes. Therefore, understanding the type of its 

interaction with SLPI and its impact on immune functionality in cancer is of great importance.  

One limitation of this aspect of our study was the disproportionate number of datasets used, 

with 28 samples from primary tumors compared to only 6 samples from metastatic ovarian tumors. 

This imbalance could lead to a greater diversity of cell populations in the primary tumor samples 

relative to the omental metastases. Additionally, this disparity may introduce bias in the ligand-

receptor analysis, as the magnitude of interactions could be influenced by the overall gene 

expression levels, which are correlated with the number of cells present in the dataset. Another 

potential limitation is that the samples used for scRNA-seq represent only a portion of the tumors 
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and may not fully capture the entire transcriptome. For example, the removal of adipocytes during 

the processing of the omental tumors may have led to the exclusion of important populations that 

could impact the ligand-receptor interactions. 

4.1.2. Ovarian cancer mouse models exhibit an increased level of SLPI 

The level of expression of SLPI as well as its role in cancer differs from one tissue to another, 

since it can be pro-tumorigenic in some and anti-tumorigenic in others114. For instance, SLPI is 

highly expressed in metastatic breast cancer cells compared to the epithelial breast cancer cell 

line115. Colorectal cancer also shows a high expression of SLPI116, and its knockdown was related 

to reduced cell growth and migration via downregulation of AKT117. Similarly, SLPI is highly 

expressed in gastric cancer, in which it was associated with poor survival and greater tumor size118.  

In contrast to these cancers, SLPI expression is decreased in head and neck squamous cell 

carcinoma (HNSCC), where higher SLPI levels are associated with a better prognosis119. In this 

thesis, the analysis of ovarian cancer cells using an RNA sequencing dataset published recently 

showed different expression profiles of SLPI where some express significantly higher levels 

compared to others. Nevertheless, various studies have reported an increase in the level of SLPI in 

ovarian cancer and was associated with an aggressive phenotype120–124.  It was discovered first in 

serum samples of patients with invasive EOC using proteomic profiling technique and was found 

to be increased compared to patients with benign tumors or healthy individuals122. Therefore, it 

has long been considered as a possible diagnosis biomarker and was compared to the cancer 

antigen 125 (CA125), a tumor marker used to diagnose various cancers120,121. SLPI was elevated 

in patients with normal levels of CA-125, and in another study, the combination of both SLPI and 

CA-125 tests increased the sensitivity and specificity of detection of ovarian cancer patients120,121. 

However, limiting factors like sample size and cancer subtype in ovarian cancer make it difficult 
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to proceed with its testing in clinical trials121. The variability in the expression profile of SLPI 

across different ovarian cancer cells based on our findings creates, furthermore, another limitation 

to using SLPI as a biomarker. Therefore, understanding regulation mechanisms controlling the 

expression of SLPI will help determine conditions where to use SLPI as a biomarker.  

The expression of SLPI in mouse ovarian cancer cell lines shown by RNA-seq was quite 

variable but was confirmed by qPCR and western blots in a subset including MOE 

PtenshRNAKRasG12V and STOSE as cells expressing high levels compared to MOE PtenshRNA and 

ID8-Trp53-/- expressing lower levels of SLPI as well as their respective non-cancerous control 

cells (OVE4 and MOSE). The differences in SLPI expression could be because they originate from 

different backgrounds and have different mutations. For instance, the ID8 cells derive from 

C57BL/6 murine ovarian surface epithelial cells125. None of the additional mutations that have 

been introduced to this cell line resulted in increased levels of SLPI, including the ones that are 

common in ovarian cancer like TP5322, BRCA1 or BRCA2 mutations126.  MOE cells are derived 

from primary cultures of murine oviductal epithelial cells from FVB/N mice, and modified to 

express similar pathway alterations found in HGSC patients, These included MOE PtenshRNA and 

MOE PtenshRNAKRasG12V with PTEN silenced via shRNA and an activating mutation in KRAS 

G12V78.  Like MOE cells, the STOSE cells are from an FVB/N background but differ because, 

like ID8 cells, they result from the spontaneous transformation of a primary culture of ovarian 

surface epithelial cells77. They resemble HGSC in the chromosomal aberrations that caused the 

loss of various tumor suppressors77. Recently, Cook et al. group73 have found that the cells 

originating from the oviduct have different transcriptional profiles than those originating from the 

surface epithelium, impacting the activity of signaling pathways. These differences are possibly 

responsible for the variability observed in the level of expression of SLPI among the cell lines.  
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Expression of SLPI may be associated with the inefficacy of chemotherapy in patients. A 

recent study has shown that SLPI inhibition combined with cisplatin reduced the colorectal tumor 

burden in mice compared to mice receiving only cisplatin127. Cisplatin is a platinum-based therapy 

known to be effective for ovarian cancer, but resistance to its mechanisms of action is common 

among patients128. SLPI was also found to reduce the exposure and response of ovarian cancer 

cells to paclitaxel, a taxane chemotherapy known to target microtubules and prevent the proper 

formation of spindles during cellular division and induce apoptosis129,130.  Thus far, the link 

between SLPI and chemotherapy resistance has only been shown with cisplatin and paclitaxel with 

no mechanisms describing this resistance effect. Therefore, it would be essential to determine how 

SLPI promotes resistance to chemotherapy and if the combination with SLPI inhibition would 

improve prognosis. However, it is important to first understand the factors controlling the 

regulation of SLPI’s expression and its mechanisms of action 

 

4.2. Regulation of SLPI expression 

During this study, the level of expression of SLPI differed based on different circumstances. 

The first difference was observed in the human scRNA-seq analysis, where cancer cells with more 

mesenchymal phenotypes expressed higher levels of SLPI. The second one was observed when 

comparing the mouse cell lines, which showed an increase in SLPI with the addition of a KRAS 

mutation. Therefore, we explored both mechanisms to understand how they impact the level of 

expression of SLPI.  

 

4.2.1. SLPI levels decrease during the TGFβ-dependent EMT 

SLPI is a multifunctional protein that has been involved in multiple processes, but 
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its relationship with EMT is not clear yet, especially in ovarian cancer131. The higher expression 

of SLPI in mesenchymal cancer cells, from our human datasets, compared to the epithelial cancer 

cells suggests that SLPI was induced during EMT. To re-create the EMT process in ovarian cancer 

cells in vitro, they were treated cells with TGFβ, which generally caused significant increases in 

classical EMT markers like Vimentin, Slug, and N-cadherin, but failed to increase SLPI expression 

and actually resulted in a significant decrease in two cell lines, contrary to our initial expectations. 

One possible explanation is that the decreased Slpi levels may be associated with TGFβ signaling, 

and not necessarily the induction of EMT. Previous studies have reported a negative correlation, 

in which an increase in TGFβ causes a decrease in SLPI and vice versa132,133. The mechanism 

underlying this inverse relationship is not very well elucidated, especially in cancer. The only 

studies have shown that TGFβ1 inhibits the expression of SLPI through the activation of the 

SMAD signaling pathway in chronic obstructive pulmonary disease134 and that SLPI inhibits 

TGFβ1 in human endometrial epithelial cells135.  However, TNF-α, another EMT inducer136, was 

reported to induce SLPI both in vitro and in vivo using mouse lung carcinoma cells and in TNF-α-

/- mice137. This confirms, furthermore, that the decrease observed with TGFβ is due to its direct 

impact on Slpi’s transcription. 

The process of EMT plays a huge role in cancer metastasis, and understanding the expression 

profile of SLPI throughout the transition is important for elucidating its potential role in the 

aggressive phenotype of ovarian cancer. Although the inverse relationship between SLPI and 

TGFβ confounds the understanding of the function of SLPI in mesenchymal cells, many studies 

have looked at SLPI in metastatic diseases other than ovarian cancer and have reported highly 

elevated expression in metastatic tumors compared to the primary tumors in breast, colorectal, and 

lung cancers138. In breast cancer cell lines, SLPI contributed to metastasis by negatively regulating 
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the expression of the adhesion molecule E-cadherin139.  In triple-negative breast cancer cells, SLPI 

promoted metastasis by interacting with retinoblastoma tumor suppressor protein which activates 

FoxM1 target genes140. In contrast, the level of secretion of SLPI by highly metastatic liver cancer 

cells was low141.  Altogether, the inconsistencies in the expression profile of SLPI in metastatic 

cancers and its wide-ranging mechanisms of action emphasize that the role of SLPI is clearly 

context specific.  

 

4.2.2. SLPI expression depends on the activation of the MAPK pathway 

Our analysis of the ovarian cancer cell lines showed that a KRASG12V mutated cell line had 

higher expression levels of SLPI compared to the non-mutated control. A similar difference was 

observed in the human TCGA data, which showed higher expression of SLPI in the KRAS mutant 

patients. The KRASG12V mutation was found to be associated with shorter overall survival in 

HGSC patients142. Since the G12V mutation is rare in HGSC, some groups have hypothesized that 

HGSC tumors with the G12V mutation develop from low-grade tumors that grow slowly but have 

a large size at diagnosis142,143.  KRAS mutation in general is associated with oncogenic features 

including enhanced cell proliferation, resistance to apoptosis, increased metastasis, and altered 

cellular metabolism144.  The mechanisms by which these pro-tumoral characteristics occur differ 

and can include different downstream pathways of KRAS. For example, proliferation has been 

shown to be a result of activated RAF/MEK/ERK and PI3K/AKT pathways144. In contrast, the 

resistance to apoptosis is a result of the inhibition of the pro-apoptotic Bad protein that prevents 

the inhibition of the anti-apoptotic proteins Bcl-2/Bcl-xl, which happens mainly through the 

PI3K/AKT pathway activation144. Therefore, inhibitors targeting different types of KRAS 

mutation have emerged for therapeutic purposes.  
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KRAS, or Kristen Rat Sarcoma protein, is a member of the RAS family, and an important 

oncogene known to be highly mutated in various cancers145. It functions as a GTPase (guanosine 

triphosphatase) that alters between an active state bound to GTP and an inactive state bound to 

GDP145.  This process is facilitated by two enzymes, guanine nucleotide exchange-factors (GEFs) 

to convert GDP to GTP, and GTPase-activating proteins (GAPs) to convert GTP to GDP146. KRAS 

mutations can keep KRAS in an activated state by impeding their interaction with GAPs and their 

hydrolysis of GTP, which contributes to the process of carcinogenesis147. Most of them are known 

to be located at positions 12 and 13 in exon 1 of the KRAS gene145. Once KRAS is activated, it 

changes its conformation and activates the downstream effector signaling pathways; PI3K/AKT, 

RAF/MEK/ERK and/or RAL/NF-kB pathways148. In ovarian cancer, the frequency of KRAS 

mutations is different depending on the subtype. To date, the majority of cases diagnosed with 

mucinous ovarian cancer (71%) will have a KRAS mutation149.  KRAS mutations occur less 

frequently in low-grade serous, then endometroid cancer and clear-cell, with 5.9% of HGSC 

having KRAS mutations149. Mutational sites differ between patients but the most common one in 

ovarian cancer is G12D in mucinous ovarian cancer149. 

The use of pathway-specific inhibitors allowed us to discover that SLPI expression is 

regulated by the activation of the MAPK pathway, but not the AKT pathway. Vroling et al. showed 

in dendritic cells that the inhibition of ERK by inhibition of MEK1 and MEK2 for 1 hour did not 

cause any changes in SLPI expression, but the expression was inhibited by the inhibition of p38, 

a key player of another MAPK cascade activated in response to stress stimuli and UV radiation, 

does150. Thus, SLPI expression appears to be dependent on the RAF/MEK/ERK pathway.  The 

RNA-seq analysis of the ovarian cancer cell lines by the Vanderhyden lab also noted that SLPI 

was increased in STOSE cells that have an increased level of pERK73.  Interestingly, it has also 
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been reported that SLPI can regulate the activation of the MEK/ERK signaling by upregulating 

the levels of pERK in ovarian cancer cells, which conferred resistance to paclitaxel129. This 

suggests that the regulation of SLPI in ovarian cancer may exist as a positive feedback loop that 

promotes ovarian cancer progression. Additional efforts to understand the role of SLPI in ovarian 

cancer are needed to determine what players should be targeted for therapeutic purposes.   

 

4.3. Assessment of the impact of SLPI on immunity 

4.3.1. SLPI influences CD4+ T cells by increasing their activation 

markers in vitro 

 To test the effects of SLPI on immune cells, we first examined the responses of CD4+ and 

CD8+ T cells to rSLPI in vitro. rSLPI enhanced CD4+ T cells activity, but not CD8+ T cells, 

during their CD3/CD28 receptor activation. This observation was based on an increase in the 

frequency of the activation markers CD25 and CD69 and a decrease in the naïve T cell marker 

CD62L in CD4+ T cells only. T-cell activity was induced in this study using two different 

approaches, the first being the use of anti-CD3 and anti-CD28 antibodies. When the CD3 antibody 

binds to the CD3 antigen, it signals through the TCR complex in a way that mimics its interaction 

with the MHC molecules, which promotes the proliferation of T cells151. The binding of anti-CD28 

to CD28, a typical co-stimulator of the TCR complex in T cells, mimics the co-stimulatory 

molecules CD80 and CD86 found in antigen-presenting cells (APCs)151. It has minimal effect on 

its own, but when combined with anti-CD3 signaling, it enhances T cell proliferation and prevents 

cell death152. However, the PD-1 and PD-L1 were also increased by rSLPI in a dose-dependent 

manner in the CD4+ T cells. The expression of the PD-1 marker is known to be also induced during 

the activation of T cells, but its function during this process is to attenuate this response by 
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interacting with its ligand PD-L1 (or PD-L2)153. This inhibitory effect results in the recruitment of 

the Src-Homology domain-2 containing protein tyrosine Phosphatase-2 (SHP-2) in the 

cytoplasmic domain of PD-1, leading to a dephosphorylation of the TCR signaling molecules like 

ZAP-70 and PKC153. The increase of PD-L1 expression in T cells has been shown to cause a 

negative regulation of T cell response, through an autocrine or paracrine inhibition by interacting 

with PD-1 proteins on the T cells154. Therefore, we can conclude that rSLPI may promote a 

regulated activation of CD4+ T cells, preventing excessive immune responses. 

Another approach to activating T cells involves using the OVA peptide, an epitope of the 

MHC class I molecule (H2Kb) derived from the ovalbumin protein155. CD8+ T cells isolated from 

OT-1 mice specifically recognize OVA peptides due to their TCRs, which are designed to target 

residues 257-264 on the ovalbumin protein156. The addition of rSLPI in this experiment led to a 

higher frequency of CD25+ cells in the CD8+ population, with no significant changes in CD69 

and CD62L. However, PD-1, PD-L1, and LAG3 have increased significantly during activation 

with the OVA peptide in the presence of rSLPI. This raises two main questions: the first one is 

about the differences in the mechanism of action of anti-CD3/CD28 and of OVA peptide on CD8+ 

T cells in the presence of SLPI and the second one is about why this difference is observed. This 

raises two key questions: First, what accounts for the differences in the mechanism of action 

between anti-CD3/CD28 and OVA peptide activation of CD8+ T cells in the presence of SLPI? 

Second, why does this difference occur? The primary distinction between these activation methods 

lies in the specificity of TCR engagement, as the OVA peptide directly binds to the TCR, ensuring 

the activation of a targeted immune response157. While both CD3/CD28 antibodies and the OVA 

peptide enrich similar signaling pathways, such as TCR and MAPK signaling, the high affinity of 

the OVA peptide may amplify rSLPI’s regulatory role. This is evident in the induced expression 
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of the immune checkpoints PD-1 and PD-L1, as well as the exhaustion marker LAG-3 on CD8+ 

T cells, which likely serves as a negative feedback mechanism to mitigate the strong activation 

signal and reduces T cell activation157. For future research, it will be important to evaluate the 

impact of SLPI on T cell functionality to determine whether the observed changes in immune 

markers have led to a reduction in the cytotoxicity of CD8+ T cells. 

Another important aspect of immunomodulatory molecules is their ability to prime immune 

cells. The priming process, in general, aims to create an immunological memory of host defense 

to increase the amplitude and the speed of the immune response158. Priming ex vivo is related to 

physical (in terms of density of receptors and markers, for example), and phenotypical (in terms 

of surface receptor expression) changes that contribute to the enhancement of the activation of 

immune cells in the presence of activating agents159. In our experiments, the goal of priming with 

rSLPI was to evaluate if cells would be more or less susceptible to activation compared to the 

control condition. Priming with rSLPI had no impact on the activation of CD4+ T cells.  However, 

priming efficiency depends on both the type of molecule and its concentration159, so insufficient 

concentrations could be a reason why no changes were observed in this study.  

rSLPI exhibited no effect under naïve conditions, indicating its impact is observable only 

during T cell activation. This behavior aligns with the homeostatic role of SLPI which is known 

to be significantly upregulated in similar conditions like in autoimmune diseases and inflammatory 

states to modulate immune cell responses. Therefore, our in vitro findings indicate that SLPI has 

a regulatory role in the activation of T cells, which was then further validated in vivo. 

4.3.2. High levels of SLPI are associated with an increased inhibitory 

phenotype in vivo 
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To investigate SLPI's role in the tumor microenvironment, we generated cell lines that either 

overexpress or lack SLPI. This change did not impact their proliferation in vitro, which allowed 

us to investigate the impact on survival, without being confounded by an inherently different rate 

of cell proliferation, as has been reported for other genes. For example, the loss of p53 was reported 

to increase the proliferation of the ID8 cells75, and the silencing of PTEN in MOE cells and the 

addition of a KRAS mutation increased their proliferation78. Despite similar rates of proliferation 

in vitro, cell lines with modified SLPI expression did result in different lengths of survival after IP 

injection into mice. Overexpression of SLPI in ID8-Trp53-/- cells conferred a prolonged survival 

compared to its controls, whereas the knockout of SLPI in MOE PtenshRNAKRasG12V cells reduced 

the overall survival of the mice. This was not expected, especially since previous studies have 

reported that SLPI expression is associated with the worst prognosis in ovarian cancer 

patients63,124. Still, there are many unanswered questions about how SLPI contributes to survival 

in ovarian cancer, given its multifunctionality and the diversity of its contributions in each 

disease103,131, which led us to explore further its impact on the TME.   

A critical, yet unexplored question in ovarian cancer research is how the presence or absence 

of SLPI modulates the tumor immune microenvironment. Consequently, we collected and 

analyzed the immune composition of tumors derived from the Slpi knockout and overexpressing 

cell lines at mid-development and before reaching the endpoint. The frequency of non-immune 

cells (CD45-) was not different among the tumors and their controls. This does not necessarily 

mean that there was a similar amount of cancer cells because the CD45- population encompasses 

cancer cells, fibroblasts, endothelial cells, adipocytes, and others potentially at different ratios. On 

the other hand, the frequency of immune cells (CD45+) also did not change except for a significant 

increase in the CD11b-CD11c- cells in KPCA.B-SlpiOE-derived tumors compared to its control. 
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The markers CD11b and CD11c were used to exclude monocytes/macrophages and conventional 

dendritic cells or other APCs111. Cells characterized as CD45+CD3-CD11b-CD11c- may include 

B cells, NK cells, or granulocytes but confirming their identity will require additional markers, 

such as CD19, CD20, or CD21 for B cells and CD56 for NK cells111, which were absent from our 

panel. The role of both immune cells within the tumor microenvironment is important since their 

presence can control tumor progression. B cells, for instance, can secrete cytokines like IL-2, IFN-

γ, and TNF-α, that contribute to the recruitment of effector cells, including T cells, and form a 

tertiary lymphoid structure (TLS)160. However, B cells can also secrete anti-inflammatory 

cytokines like IL-10 or TGF-β, which can reduce the cytotoxic response of other immune cells and 

promote tumorigenesis160. The CD11b-CD11c- population in the SlpiOE tumors had elevated levels 

of the PD-L1 marker, which may indicate the reduced ability of these cells to activate other 

immune cells.  

The inhibitory effect induced by PD-L1 becomes worse if other cytotoxic cells express high 

levels of PD-1. In the case of SLPI-expressing tumors (i.e. the Renilla control in the MOE 

PtenshRNAKRasG12V and SlpiOE in the KPCA.B model), the abundance of PD-1+CD4+ T cells was 

similar or higher than the SLPI-null tumors (i.e. the Slpi-/- in the MOE PtenshRNAKRasG12V and 

SlpiEV in the KPCA.B model), at a percentage of more than 50%, which can control the immune 

response of CD4+ T cells and prevent them from activating the CD8+ T cells. Furthermore, in 

SlpiOE tumors, not only do CD11b-CD11c- cells exhibit increased PD-L1 expression compared to 

the control, but CD11b-CD11c+, CD11b+CD11c+, and TAMs also show elevated levels of PD-

L1. All these cells are APCs that can interact with CD4+ T cells through MHC II molecules and 

the PD-L1 ligand, which can cause an inhibition of their immune effect. Altogether, the analysis 
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of PD-1 and PD-L1 markers showed that SLPI regulates the immune response within the TME by 

modulating the abundance of PD-1+ T cells and of PD-L1+ APCs.  

The type of immunity that governs the TME depends on the expression and the activity of 4 

main transcription factors: T-bet, GATA3, RORyt, and FoxP3. T-bet, or T-box transcription factor, 

is essential for the differentiation to Th1 or to T follicular helper cells (Tfh) in CD4+T. In CD8+ 

T cells, T-bet collaborates with other transcription factors to ensure their differentiation to effector 

T cells161. When Th1 is more frequent, the immune response in the environment is referred to as 

type 1 immunity which is characterized by an elevated secretion of IFNγ and other cytokines like 

TNF-α and IL-2162. When GATA3 increases in these cells, the immunity becomes type 2, 

characterized by differentiated T cells called T helper 2 and an elevated IL-4 secretion163,164.  

RORyt is another transcription factor required for the survival of immature CD4+ and CD8+ T 

cells, that leads to their differentiation to Th17 and Tc17 respectively. These cells contribute to 

type 3 immunity characterized by secretion of IL-17 and are associated with an 

immunosuppressive phenotype since Tc17 are usually exhausted CD8+ T cells165,166. FoxP3 is 

another transcription factor responsible for the anti-inflammatory phenotype of T cells, particularly 

CD4+ T cells that differentiate into regulatory T cells (Tregs). Both Tregs and CD8+FoxP3+ T 

cells have a suppressive function that regulates the immune response within the environment167. 

All these transcription factors along with the secreted cytokines and chemokines control the fate 

of the immune response. To determine the type of immunity present in the overexpressing and 

knockout tumors, we evaluated the expression of the transcription factors T-bet, GATA3, RORγt 

and FoxP3. In our tumors, T-bet was the only transcription factor that was significantly increased 

in the Slpi-/- tumors, which indicates a potential type 1 immunity in the absence of SLPI. Other 
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transcription factors showed no significant difference in CD4+ and CD8+ T cells, and thus SLPI 

does possibly not affect transcription factors. 

Changes in SLPI tumor levels have all impacted myeloid cells and CD4+ T cells negatively, 

based on PD-L1 and PD-1 expression levels, but not CD8+ T cells. This could indicate that SLPI 

targets CD4+ bearing cells including myeloid cells, reducing their immune effect, and thus 

correlated with decreased survival. However, this was opposite to our survival study showing that 

high expression levels of SLPI are correlated with better prognosis. This is possibly due to some 

limitations that should be considered during a follow-up on this result. First, cancer cells were 

injected intraperitoneally during the survival study generating metastatic tumors present randomly 

around the peritoneal cavity where they may have different expression profiles of immune 

checkpoint markers, whereas the TME analysis used primary tumors generated through an 

intrabursal injection, with a less variant TME within the same group. Second, the sample size used 

for the analysis of the TME of the modified MOE PtenshRNAKRasG12V model (only 2 per group) 

limits the strength of the conclusions that can be drawn from this aspect of the study. Lastly, the 

flow cytometry panels employed were limited to a few markers, restricting our ability to identify 

further subtypes and phenotypes within the immune populations present in the tumors. 

Chapter 5: Conclusions 

This study identified and analyzed human scRNA-seq datasets and discovered that SLPI is 

a factor produced predominantly by mesenchymal ovarian cancer cells. Ligand-receptor analysis 

indicated its association with CD4-expressing immune cells. Using mouse models of ovarian 

cancer and pathway-specific inhibitors to explore the mechanisms regulating SLPI expression, we 

identified the MEK/ERK signaling pathway as a key regulatory pathway. The association of SLPI 
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expression with survival differs in humans vs. mice, but the knockout and overexpression in mouse 

models generated consistent outcomes. SLPI secretion within the tumor microenvironment had no 

impact on the proportion of the various immune cell populations but was associated with an 

increased expression of immune checkpoint molecules, particularly PD-1 and its ligand PD-L1. Its 

effect is mainly observed in CD4+ T cells, whereas CD8+ T cells show no change in response to 

SLPI expression both in vitro and in vivo.  These results suggest that SLPI should be investigated 

further as a potential therapeutic target to improve the immune response in ovarian cancer.    
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