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Abstract 

Ovarian cancers are the most lethal gynecological malignancies, responsible for more 

than 150,000 deaths around the globe annually. Among ovarian cancers, high-grade 

serous ovarian cancer has a 5-year survival rate of only 40%. This poor survival is due 

to a widespread lack of understanding of this disease, from suboptimal prevention and 

screening methods to failures in treatment. Moving towards novel prevention and 

treatment methods requires better models of ovarian cancer that phenotypically and 

genetically recapitulate the features of ovarian cancers that are seen clinically. This 

thesis highlights the characterization of a novel syngeneic model of high-grade serous 

ovarian cancer that exhibits the growth, expression profile, histology, and a tumor-

initiating cell population that closely resembles human disease. We expand on our 

initial characterization of the STOSE model in a proof-of-principle study using deep 

learning of second-harmonic generation and two-photon-excited-fluorescence images 

to classify normal compared to cancerous tissues. The use of deep learning for image 

classification based on extracellular matrix and cellular structure could have robust 

application to complementing common histological examination of tissues and in 

treatment planning. Building on the changes in structure found in normal compared to 

cancerous ovarian tissue and recent research that showed age-associated fibrosis 

develops in murine ovaries, we assessed the non-hereditary ovarian cancer risk factors 

of age and ovulation number for their effects in altering ovarian tissue structure. This 

thesis concludes with the first evidence of ovarian fibrosis in non-pathological post-
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menopausal human ovaries. We show that ovarian fibrosis correlates with the 

development of a pre-metastatic (tumor-permissive) niche, revealing a novel avenue of 

research into ovarian cancer risk. Interestingly, age-associated fibrosis could be 

prevented or reversed by metformin use, revealing a possible mechanism for the 

previously identified ovarian cancer risk reduction seen with metformin use and further 

supporting the use of metformin for ovarian cancer prevention.  
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1 CHAPTER 1: GENERAL INTRODUCTION 

1.1 Ovarian cancer incidence 

Ovarian cancers are the eighth leading cause of cancer-associated deaths being 

responsible for 151,900 deaths globally in 2012 (Coburn et al., 2017). Among 

gynecological malignancies, ovarian cancers are the most lethal in the western world 

and are the second most lethal in Eastern Asia behind uterine cancers (Auersperg, 

2013a; Lee et al., 2014). Ovarian cancer incidence has remained largely stable over the 

past 35 years with over 230,000 new cases in 2012 with the highest incidence in Europe, 

particularly in Latvia where incidence is 14.3 per 100,000 person-years (Coburn et al., 

2017). In contrast, the lowest incidence is seen in Asia/Oceania, with the lowest risk in 

Thailand where incidence is 5.7 per 100,000 person-years (Coburn et al., 2017). 

Interestingly, incidence is proportional to the level of regional development, speculated 

to be driven by an increase in risk from low parity, accessible hormonal replacement 

therapy, genetic pre-disposition, and lower oral contraceptive use (Europe and the 

Americas) that is characteristic of developed regions (Coburn et al., 2017).  

1.2 Ovarian cancer subtypes  

Ovarian cancer was historically thought to be a singular disease; however, research 

efforts over the past few decades have identified numerous subtypes with differential 

risk factors, associated genetic alterations, incidence, mortality rates, and treatment 

response (reviewed in Coburn et al., 2017; Galic et al., 2013; Torre et al., 2018; 
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Wentzensen et al., 2016). Subtypes are largely based on the histologic presentation and 

genetic similarity to precursor tissues. Ovarian cancers are broadly divided into three 

subtypes: epithelial ovarian cancer (EOC), which is the most common subtype 

encompassing ~90% of ovarian cancers, and the rarer germ cell (5-8%) and sex-cord 

stromal (3-5%) subtypes (Auersperg, 2013a). These subtypes can be further subdivided, 

with sex-cord stromal cancers comprised of adult granulosa cell tumors, and Sertoli-

Leydig cell tumors with characteristic FOXL2 and DICER1 mutations, respectively 

(Karnezis et al., 2017). These cancers are thought to develop from the stromal granulosa 

cells of the ovary (Karnezis et al., 2017). Germ cell tumors are subdivided into 

embryonal carcinoma, teratoma, yolk-sac tumor, choriocarcinoma, and seminomas 

based on differentiation profiles and histology (reviewed in Cools et al., 2011). EOC is 

subdivided into type 1 carcinomas: low-grade serous (LGSC, 3%), endometrioid 

(10%), clear-cell (10%), and mucinous (3%), and the aggressive type II carcinoma: 

high-grade serous carcinoma (HGSC, ~65%) (Auersperg, 2013a). Subtype 

classification and diagnosis is currently performed by highly-skilled pathologists using 

a panel of immunohistochemical markers along with tumor histology. However, in a 

step towards automation, new methodologies are currently in development that use 

machine learning of non-linear microscopy images of unstained tumor sections to 

classify ovarian cancer subtypes (Wen et al., 2016, 2014).  
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1.2.1 Type I ovarian carcinomas 

Endometrioid and clear-cell carcinomas are thought to develop from endometriosis 

with characteristic PTEN and ARID1A mutations, and with increased risk seen in 

familial Lynch syndrome (Karnezis et al., 2017; Koshiyama et al., 2017). Similarly, 

mucinous tumors are thought arise from endometriosis or a teratoma with characteristic 

KRAS mutations (Karnezis et al., 2017; Koshiyama et al., 2017). Among serous EOC, 

LGSCs are genetically stable, indolent tumors that are refractory to most conventional 

chemotherapeutics, and are thought to arise from benign ovarian cystadenomas or 

serous borderline tumors (Galic et al., 2013; Koshiyama et al., 2017). LGSCs often 

present with KRAS, BRAF, or PTEN mutations (Wentzensen et al., 2016). Type I 

carcinomas generally have a better prognosis than type II carcinomas and given that 

type I tumors have characteristic mutations, numerous targeted therapies are currently 

in development to improve treatment (reviewed in Galic et al., 2013).  

1.2.2  Type II: high-grade serous carcinoma 

HGSC is the most common (70% of EOC cases) and aggressive subtype with a 5-year 

survival of just 43% compared to >60% for all other subtypes (Torre et al., 2018). 

Importantly, 5-year survival increases to 93% when HGSC is detected at localized stage 

I (Torre et al., 2018); however, this rarely occurs. Poor survival is largely due to a lack 

of sensitive screening methods and non-specific symptoms such as bloating, back pain, 

and fatigue that lead to women presenting with stage III or IV disseminated disease 
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(Torre et al., 2018).  In two major screening trials, UKTOCS and PLCO, screening 

using transvaginal sonography and annual serum CA-125 levels did not improve EOC-

specific mortality, highlighting the challenges and poor efficacy of worldwide 

screening efforts (Henderson et al., 2018). This was not surprising as serum CA-125 

has poor sensitivity with a false positive rate of 4.2% and suboptimal specificity as 

elevated CA-125 can be present in women with benign disease, often leading to 

unnecessary surgery and increased surgery-associated complications (Henderson et al., 

2018; Mannis et al., 2013). Numerous other biomarkers such as HE4 and biomarker 

panels often containing inflammatory mediators (TNFα, CRP, IL8) have been tested, 

although most of these methods have yet to improve screening and lack wide-spread 

uptake (Menon et al., 2018; Trabert et al., 2014). This stresses the need to improve our 

understanding of ovarian cancer development in order to generate screening methods 

with increased sensitivity and specificity that can detect disease or risk of disease at an 

earlier stage.  

 

The lack of screening methods is also in part due to a long-standing controversy over 

the origin(s) of HGSC that has led to numerous resources being used in attempts to 

resolve this debate. For decades, it was thought that ovarian cancer initiates from the 

single layer of epithelium that lines the ovary, the ovarian surface epithelium (OSE); 

however, no bonafide precursor lesions have been identified beyond dysplasia of the 

OSE layer and epithelial inclusion cysts within the ovarian stroma (Auersperg, 2013a). 
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The origin debate largely stems from a study by Piek and colleagues (2001), where they 

showed dysplasia in the fallopian tube epithelium (FTE) in prophylactically removed 

tubes from high-risk women. This finding along with FTE differentiation common 

within epithelial ovarian inclusion cysts has catalyzed the research community to study 

an FTE origin of HGSC. These dysplasias are referred to as serous tubal intraepithelial 

carcinomas (STICs) and p53 signatures, which have shared genetic alterations and are 

histologically similar to HGSC (Karnezis et al., 2017). It is now generally accepted that 

the majority of ovarian cancers are FTE-derived, particularly in high-risk women 

(Karnezis et al., 2017). Yet, an OSE origin should not be fully discounted as there is 

evidence that salpingectomy alone does not fully protect against HGSC, given the 

development of bilateral HGSC in a patient three years following salpingectomy (Sato 

et al., 2017). Clinical trials are currently underway where salpingectomy alone is being 

compared to risk-reducing salpingo-oophorectomy (RRSO) in high-risk women 

(Menon et al., 2018; Nebgen et al., 2018). High-risk women are classified as those with 

familial mutations in predominantly the BRCA1/2 genes, and less commonly, mutations 

in BRIP1, PALB2, RAD51C, and RAD51D (Karnezis et al., 2017). Hereditary cases 

represent only ~10% of HGSC (Auersperg, 2013a; Karnezis et al., 2017). Interestingly, 

among both sporadic and hereditary cases of HGSC, TP53 mutation is the most 

common genetic alteration, being mutated in up to 94% of HGSCs with 35% of these 

tumors expressing high levels of TP53 and 62% expressing little to no detectable TP53 
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(Cole et al., 2016). Given the aggressive nature, frequency, and poor survival of HGSC, 

the majority of this thesis has focused on modeling HGSC and strategies to prevent it. 

1.3 Chemoresistance and cancer stem cells 

Beyond the origin(s) of disease, HGSC presents a clinical challenge due to the frequent 

development of chemoresistance (Cornelison et al., 2017). The standard of care is 

debulking surgery followed by a combination of carboplatin and paclitaxel 

chemotherapy. Even though over 80% of patients initially respond to this treatment, 

chemoresistant disease recurs in 60% of patients within 5 years (Cornelison et al., 

2017). Intrinsic tumor chemoresistance can originate from a lack of drug accessibility 

through neovasculature, enhanced drug metabolism and drug efflux mechanisms, and 

extracellular matrix (ECM)-tumor cell interactions (Cornelison et al., 2017). Tumors 

can also acquire resistance through microevolution during treatment where they acquire 

escape mechanisms and persist (Cornelison et al., 2017). Treatment-driven tumor 

microevolution was initially thought to occur through clonal evolution whereby clones 

with a survival advantage persist and essentially purify the tumor cell population. Since 

HGSC is characterized by a high-degree of tumor heterogeneity, clonal evolution could 

produce tumor heterogeneity through the escape of multiple genetically dissimilar 

clones or through multiple genetic events within a single escaped clone (Cornelison et 

al., 2017; Foster et al., 2013). In contrast to the clonal evolution model, the Cancer Stem 

Cell (CSC) model posits that tumors are made up of heterogeneous cell populations that 



  

 

7 

 

differentiate along a hierarchy similar to the development of the neural and 

hematopoietic systems (Roy and Cowden Dahl, 2018). A hierarchical pattern of 

inheritance from a progenitor-like cell, for example, during treatment escape, could 

generate the heterogeneity that is characteristic of ovarian cancer recurrences (Foster et 

al., 2013). In addition, CSCs are characterized by slow turnover and the ability to 

initiate tumor formation from a small number of cells (Foster et al., 2013). This slow 

turnover of CSCs is thought to be a prime cause of recurrence in ovarian cancer patients, 

as traditional chemotherapeutics target rapidly dividing cells (Foster et al., 2013; Raja 

et al., 2013). In addition, similar to canonical stem cells, CSCs express drug efflux 

pumps (ABC transporters), and glutathione reductase for enhanced catabolism of 

chemotherapeutics (Foster et al., 2013; Roy and Cowden Dahl, 2018). CSCs can also 

exhibit asymmetric cell division, yielding differentiated tumor cells and replenishing 

the CSC pool, thereby providing a continuous source of chemoresistant cells (Foster et 

al., 2013).  

 

Bapat and colleagues (2005) provided the first evidence that CSCs exist within EOC 

by isolating a single tumorigenic clone from patient ascites fluid. This single clone 

possessed stem cell characteristics and was able to generate tumors upon xenograft into 

immunocompromised mice (Bapat et al., 2005). Numerous ovarian cancer CSC 

markers have since been identified including CD44, CD133, CD117, CD24, and 

ALDH1 (Garson et al., 2012; Kulkarni-Datar et al., 2013; Parte et al., 2018). Recent 
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work in our lab has identified Stem Cell Antigen-1 (SCA1, also known as Ly6A) as the 

first defined marker of a normal OSE progenitor population in vivo (Gamwell et al., 

2012). SCA1 is α-glycosyl phosphatidylinositol-anchored cell surface protein, 

implicated in the regulation and co-activation of cell signaling pathways (Holmes and 

Stanford, 2007). SCA1 has been used as a marker to isolate murine hematopoietic and 

cardiac stem cells (Holmes and Stanford, 2007). Of note, SCA1 is murine specific with 

no human homolog (Holmes and Stanford, 2007), constraining the study of SCA1+ 

CSCs to murine models. However, SCA1 represents one of the few defined markers of 

an OSE progenitor cell population, enabling studies on the transition from normal stem 

cells to CSCs. Other ovarian cancer CSC markers (CD44, CD133, and CD117) have 

yet to be identified as markers of OSE progenitors in normal tissue (Grange et al., 2008; 

Park et al., 2016). Given that many of these CSC markers identify populations with 

stem-like characteristics but have not yet been shown to be ‘true somatic stem cells’ 

with the ability to regenerate tissues, CSCs are instead commonly referred to as tumor-

initiating cells (TICs), given their ability to generate tumors upon limiting dilution. 

Hereafter, CSCs are referred to as TIC populations.  

 

Key studies on ovarian cancer TICs were performed using serial transplantation of 

patient-derived xenografts or limited dilution assays of human tumor-derived primary 

cultures. Both of these systems require the use of immunocompromised mice. It is 

becoming increasingly clear that the inflammation in the tumor microenvironment 
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(TME) helps to promote TIC formation and maintenance (Shigdar et al., 2014). This is 

largely due to cytokines such as TGFβ, TNFα, IL-1, and IL-6 secreted by tumor-

associated immune cell infiltrates, that help to promote TIC characteristics among 

tumor cells (Shigdar et al., 2014). It is an important research goal to develop HGSC 

models that contain a TIC population and reliably generate tumors in 

immunocompetent mice to better phenocopy the environment seen by TICs in vivo.  

1.4 Preclinical models of ovarian cancer  

Due to the shifts in attention regarding the origins of EOC, researchers have largely 

focused on modeling ovarian cancer after specific subtypes or origins of disease, 

leading to a narrow characterization of many preclinical models in relation to their 

origin and common genomic alterations with HGSC. Commonly studied features 

include growth rate, tumorigenic potential, immunohistochemical markers, DNA 

mutations, BRCAness, RNA expression, and copy number variation, with the results 

correlated to The Cancer Genome Atlas (TCGA) or other large datasets on HGSC. 

Given our recently improved understanding of TICs and TIC-targeted therapeutics, we 

have a rich reservoir of human and murine-derived ovarian cancer models that have 

limited characterization for TIC populations, highlighting an area of focus to improve 

the utility of current and emerging preclinical models.  

1.4.1 Syngeneic murine models 

A syngeneic model is operationally defined by its immunological compatibility such 

that the host does not reject either the outgrowth or transplant of cancer cells in 
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immunocompetent animals. Syngeneic models are divided into spontaneously 

occurring and genetically engineered models, as described below. 

1.4.2 Spontaneously transformed syngeneic models 

The only two non-human animals that are known to spontaneously develop EOC are 

the egg-laying hen and the jaguar (Table 1-1). Up to 35% of egg-laying hens develop 

EOC with similar risk factors to humans such as age and ovulation number (Hawkridge, 

2014). Hen tumors exhibit serous histology and contain T and B cell infiltration 

(Bradaric et al., 2013). Immune infiltration increases in late-stage disease and is 

restricted to the tumor stroma, while intratumoral immune infiltration largely decreases 

with the stage, indicating that late-stage tumors acquire mechanisms to limit immune 

trafficking (McNeal et al., 2016). No TIC populations have been characterized in the 

hen model and given the syngeneic nature and relevance to human HGSC, the hen 

model could offer a rich resource to study TICs. 

 

Interestingly, 40% of captive jaguars develop ovarian carcinoma with non-synonymous 

mutations in BRCA1 (Corner et al., 2015; McLean and Mehta, 2017). The endangered 

nature of this species prevents its use as an ovarian cancer model, though therapies that 

enhance survival of patients with BRCA1-associated cancers could at some point play 

a role in the conservation of this species.  

 

The ID8 model was derived from the spontaneous transformation of a primary culture 

of murine OSE cells from C57BL/6 mice. The ID8 model shares epithelial markers 

(cytokeratin+, WT1+, inhibin−), growth rates, and expression profiles similar to human 

HGSC, and is tumorigenic in syngeneic mice (Roby et al., 2000). ID8 cells generate 
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tumors following orthotopic intrabursal (IB) injection, which then progress and form 

malignant ascites and disseminated disease (Leinster et al., 2012). The ID8 model has 

been the most commonly used model based on its established characterization and 

reliability in forming syngeneic tumors. Peritoneal tumors generated by intraperitoneal 

(IP) injection of ID8 cells develop a complex microenvironment with fibroblasts, T 

cells, macrophages, and neo-vasculature (Leinster et al., 2012). ID8 cells have been 

employed in the development of chemotherapies, epigenetic modifiers, immune 

checkpoint inhibitor and oncolytic virus studies, as well as dendritic cell and 

microparticle vaccines (Chiang et al., 2013; Gil et al., 2014; Guo et al., 2014; Nounamo 

et al., 2017; Turner et al., 2017; Wei et al., 2013). Numerous studies have profiled TIC 

populations within ID8 cultures and ID8-derived tumors (Gupta et al., 2016; 

Komorowski et al., 2016; Mo et al., 2015; Wang et al., 2013). The ability of cells to 

generate spheres in low-attachment plates in so-called ‘sphere-forming’ culture media 

is a characteristic of stem cells. Increasing sphere number upon serial passage provides 

evidence for self-renewal within a putative TIC population. Wang and colleagues 

(2013) showed that ID8 cells formed robust spheres that were dependent on the 

expression of PKCι. Mo and colleagues (2015) found that tumor cells within the ascites 

fluid derived from ID8 xenografts had increased cell-surface expression of GPR78 

compared to parental ID8 cultures. These GPR78high cells exhibited TIC features such 

as enhanced sphere-forming capacity and the ability to generate tumors upon limiting 

dilution (Mo et al., 2015). Interestingly, ascites fluid added to parental ID8 cultures 

enhanced GPR78 expression, highlighting the ability of the ascitic microenvironment 

to promote the generation of TICs (Mo et al., 2015). In another study aiming to 

elucidate the effects of TICs on treatment resistance and TIC-TME interactions, Gupta 

and colleagues (2016) showed that CD44+CD24+ TICs isolated from ID8 cell cultures 
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have enhanced PD-L1 expression. This suggested that TICs help to promote both 

immune escape and the immunosuppression characteristic of the ovarian cancer TME, 

given that PD-L1 is the inhibitory ligand for PD1 that is expressed on anti-tumor 

immune cells.  

 

The relevance of the ID8 model to human HGSC was recently called into question 

given the poor immunogenicity of ID8 cells; out of their mutational burden of 92 

somatic mutations, only 17 are predicted to generate transcribed neoantigens. Upon 

vaccination with synthetic peptides carrying these 17 mutations, none induced a 

neoantigen-specific T-cell response, indicating that they likely do not yield MHC 

presented epitopes (Martin et al., 2016). Thus, the use of modified ID8 cell lines better 

phenocopy human HGSC (Martin et al., 2016). 

 

One of the notable weaknesses of the ID8 model is that it does not contain a Trp53 

mutation, which is characteristic of 94% of human HGSC (Cole et al., 2016). In 

addition, ID8 cells do not contain any BRCA mutations, limiting their use for studying 

hereditary HGSC. Walton and colleagues (2016, 2017) generated ID8 cells with both a 

Trp53 and Brca2 mutation using CRISPR-Cas9. ID8-Trp53−/−Brca2mut tumors were 

more aggressive than parental ID8 tumors and contained intraepithelial lymphoid 

aggregates, characteristic of hereditary human HGSC and making this model relevant 

to the study of BRCA-associated HGSC (Kroeger et al., 2016). Interestingly, BRCA-

associated cancers, including breast and HGSC have a stem-like expression profile (Sau 

et al., 2016), highlighting the potential of ID8-Trp53−/−Brca2mut cells for TIC studies.  
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Roberts and colleagues (2005) have also published a spontaneously transformed murine 

OSE cell line, MOSE-L cells, which were highly proliferative, expressed epithelial 

markers, and were tumorigenic in syngeneic C57BL/6 mice, though uptake of this 

model has been sparse and no TIC population has been characterized, likely because of 

the well-established characterization of the ID8 model. 

 

Given that the FTE is the origin of the majority of HGSC, Endsley and colleagues 

(2015) described spontaneously transformed oviductal (murine fallopian tube) 

epithelial cells derived from CD1 mice that exhibited features of transformation, but 

only generated subcutaneous tumors in athymic nude mice, preventing their use as a 

syngeneic model. The addition of PTEN loss in these cells resulted in the first syngeneic 

model of fallopian tube-derived EOC (Russo et al., 2018), however, no TIC populations 

were studied.  

1.4.3  Genetically engineered mouse models (GEMM) 

The majority of GEMM models were generated to improve our understanding of the 

origin(s) of ovarian cancer. Consequently, most characterizations of these models have 

placed emphasis on identifying the location of early lesions and assessing positivity in 

immunohistochemical panels for PAX8, P53, WT1, and cytokeratins, with a lack of 

inhibin and calretinin staining. With emerging TIC-based therapies requiring good 

models for optimization, characterization of the majority of GEMM models has been 

too narrow. Yet, many models may be ideal because of their shared genomic alterations 

and TME complexity that phenocopy HGSC. The various GEMM models of ovarian 

cancer have been comprehensively reviewed (Garson et al., 2012; Morin and 

Weeraratna, 2016), and a subset are discussed below.  
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Many models have been made using oncogenic simian-virus 40 T-antigen (SV40TAg) 

driven from the ovarian or oviductal epithelium (Table 1-2). These models include the 

TgMISIIRTAg model, which drives SV40TAg expression from the MISIIR (Amhr2) 

gene, leading to ovarian tumor development in 50% of mice at 6–13 weeks of age 

(Connolly et al., 2003). The inducible model, TgCAG-LS-TAg, drives SV40TAg from 

the chicken β-actin promoter and was used to show that estrogen can accelerate EOC 

development (Laviolette et al., 2010). Another model used the oviduct-specific gene, 

Ovgp1, to drive SV40TAg expression generating tumors derived from oviductal 

epithelial cells (Sherman-Baust et al., 2014). Among SV40TAg-driven ovarian cancer 

models, none have characterized a TIC population.  

Given that 94 % of HGSCs possess TP53 mutations (Cole et al., 2016), novel therapies 

should be tested in models that represent both high and low p53 expression. Multiple 

GEMMs have either Trp53 knockout or Trp53 mutation, driven from both the ovarian 

and oviductal epithelium (Flesken-Nikitin et al., 2013, 2003; Perets et al., 2013; 

Szabova et al., 2012). HGSCs with mutant TP53 have been suggested to have more 

TICs due to the role of TP53 in promoting an epithelial-to-mesenchymal transition 

(EMT), and the groundbreaking work that revealed EMT promotes stem cell attributes 

(Mani et al., 2008; Shetzer et al., 2014). A possible role of TP53 in TIC regulation could 

be extrapolated from a study by Son and colleagues (2012) who showed that Trp53 loss 

enhanced pro-inflammatory cytokine expression including TNFα, which may promote 

TIC maintenance (Shigdar et al., 2014). More studies are needed to elucidate the effects 

of specific TP53 mutations on the ovarian cancer TME and the role of these mutations 

in regulating TIC populations. 
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Interestingly, BRCA1/2 has been shown to regulate mammary stem cell populations 

(Foulkes, 2004; Sigl et al., 2016; Wright et al., 2008). Given that BRCA-associated 

HGSC exhibits high rates of recurrence, it has been suggested that BRCA-associated 

tumors may have more robust TIC populations underlying these recurrences (Foulkes, 

2004). Perets and colleagues (2013) generated GEMMs with doxycycline-inducible 

Cre-recombinase mediated deletion of Brca1 or 2 and Pten, and Trp53 loss or 

mutation, driven from the oviductal epithelium-specific Pax8 promoter. All 

combinations yielded HGSC-like tumors with genomic alterations similar to the 

TCGA dataset on ovarian carcinoma such as c-myc amplification. Similarly, Zhai and 

colleagues (2017) characterized a model of tamoxifen-inducible deletion of Brca1, 

Pten, Rb1, and Nf1 driven from the Ovgp1 promoter, which generated STICs that 

progressed to HGSC. They also characterized a similar model with deletion of Brca1, 

Pten, and p53 that also developed precursor lesions and HGSC, but had a mixed 

tumor phenotype with mucinous metaplasia. These models have numerous features 

relevant to human disease and characterizing TIC populations would be an exciting 

addition to extend the utility of these models.  

 

Although GEMM models enable us to better model the origins of disease and the 

genomic alterations characteristic of HGSC, they have two weaknesses that limit their 

use for studying TIC biology. Firstly, most GEMMs have been generated on a mixed 

strain background, preventing the generation of transplantable syngeneic cell lines. 

Secondly, although GEMMs may reproducibly generate tumors, they tend to arise 

over a wide course of time. The difficulty in controlling tumor onset and size in 

GEMMs introduces a logistical challenge for TIC studies that rely on flow cytometric 

analysis of TIC populations, since flow cytometry is classically performed on all 
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samples at one time point. This limitation is easily overcome with transplantable 

syngeneic models, such as the ID8 model, where tumor onset is uniform and 

controlled. 
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Table 1-1. The utility of spontaneous and syngeneic models of epithelial ovarian cancer. 

Model 
Genetic 

Engineering 

Tumor-initiating cell 

features 
Advantages Limitations References 

Laying Hen None - Unknown 

- Shared risk factors with human disease 

- Tumors classified from Stage I–IV 

similar to HGSC 

- Ascites develops in later stages II–IV 

- Time >2 years for 

tumor development 

- Lack of reagents for 

species 

Barua et al., 

2009; 

Bradaric et 

al., 2013 

Jaguar None - Unknown 
- Shared risk factors and familial BRCA 

mutations similar to high-risk women 

- Endangered species  

- Lack of reagents for 

species 

Corner et al., 

2015; 

McLean and 

Mehta, 2017 

ID8 

(original)  
None 

- CD44+CD24+ population 

- GPR78high population 

within ascites 

- Reliable and fast tumorigenesis  

- Well characterized  

- Develops ascites 

- Lacking mutations 

common to human 

HGSC 

Martin et al., 

2016; Mo et 

al., 2015; 

Roby et al., 

2000 

ID8-Trp53-/- 
Trp53 

deletion 
- Unknown 

- Shared genomic alterations with human 

HGSC 

- Complex immune landscape similar to 

human HGSC 

- Trp53 deletion may 

not reflect biology 

of TP53 mutations 

seen in human 

HGSC 

Walton et 

al., 2016, 

2017 

ID8- 

Trp53−/− 

Brca2−/− 

Trp53 

and Brca2 

deletion 
- Unknown  

- Shared genomic alterations with human 

HGSC 

- Complex immune landscape similar to 

human HGSC 

- CD3+ T cell rich tertiary lymphoid 

structures form 

- Trp53 deletion may 

not reflect biology 

of TP53 mutations 

seen in human 

HGSC 

Walton et 

al., 2016, 

2017 

High-grade serous ovarian cancer (HGSC). 
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Table 1-2. The utility of GEMM models of epithelial ovarian cancers. 

Model Genetic Engineering 

Tumor-

initiating cell 

features 

Advantages Disadvantages References 

TgMISIIRTAg 

SV40TAg driven from reproductive 

tract-specific MISIIR (Amhr2) 

promoter during development 

Unknown - Forms ascites 

- SV40TAg 

- Slow tumor development (6–13 

weeks) 

- Non-inducible tumorigenesis 

Connolly et 

al., 2003 

TgCAG-LS-TAg 

SV40TAg with lox-stop cassette 

driven from ubiquitous CAG promoter 

* 

Unknown 

- Ascites develops in a subset 

of mice 

- Inducible SV40TAg 

- SV40TAg 

- Slow tumor development—>22 

weeks 

- Surgical administration of Ad-Cre 

Laviolette et 

al., 2010 

mogp-TAg 
SV40TAg driven from oviduct-

specific Ovgp1 promoter 
Unknown - Oviduct tumor origin 

- SV40TAg 

- Non-inducible tumorigenesis 

- Slow tumor development (>6 

weeks) 

- Fails to develop ascites 

Miyoshi et 

al., 2002; 

Sherman-

Baust et al., 

2014 

TgK18-GT121-

Brca-Trp53 

Inducible SV40TAg and either 

Trp53−/− or Trp53mut and Brca1 or 2 

deletions driven from epithelial 

specific cytokeratin 18 expression * 

Unknown 

- R172H Trp53 mutation that 

phenocopies human R175H 

TP53 mutation 

- Inducible SV40TAg 

- SV40TAg 

- Surgical administration of Ad-Cre 

Szabova et 

al., 2012 

Trp53loxP/loxP-

Rb1loxP/loxP 
Inducible deletion of Trp53 and Rb1 * Unknown 

- Inducible gene deletions 

- Genomic alterations similar 

to human HGSC 

- Trp53 deletion may not reflect 

biology of all TP53 mutations seen 

in HGSC 

- Slow tumor development (median 

survival 227 days) 

Flesken-

Nikitin et al., 

2013, 2003 

Pax8-Cre-Brca1(2) 

−/−; 

Trp53mut(−/−); 

Pten −/− * 

Doxycycline inducible Cre-mediated 

deletion of Brca, Pten, and Trp53, 

driven from oviduct-specific Pax8 

promoter. 

Unknown 

- Inducible gene deletions 

from oviduct origin 

- Genomic alterations similar 

to human HGSC 

- Models with both Trp53 

deletion and mutation 

- Fails to develop ascites 

- Pten deletion induces endometrial 

lesions 

Perets et al., 

2013 

Ovgp1-iCre-ERT2 

+ tumor suppressor 

genes 

Conditional deletion of Brca1, Pten, 

Rb1, and Nf1 (BPRN mice) or Brca1, 

Pten, and p53 (BPP mice), driven from 

the oviduct-specific Ovgp1 promoter 

Unknown 

- Inducible gene deletions 

from oviduct origin 

- Genomic alterations similar 

to human HGSC 

- Models with both Trp53 

deletion and mutation 

- Ascites only in 12% of mice 

- BPP mice develop a mixed tumor 

phenotype with mucinous 

metaplasia 

Zhai et al., 

2017 

* Model tissue-specificity governed by the site of administration of adenovirus expressing Cre recombinase (Ad-Cre). 
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1.4.4 Human-derived and autologous cultures 

Numerous ovarian cancer cell lines have been used historically with inconsistencies in their 

relevance to human HGSC, particularly A2780 and SKOV3 cells, which are unlikely to 

represent HGSC (reviewed by Domcke et al., 2013). Recently, HGSC primary cultures 

have been established that have genomic alterations and gene expression profiles consistent 

with TCGA datasets (Fleury et al., 2015; Ince et al., 2015; Kloudová et al., 2016), offering 

resources for TIC studies since they have defined subtype origins.  The major weakness of 

using primary cultures is that tumorigenesis can only be studied using xenografts in 

immunodeficient mice that fail to develop a complex TME, which we have come to 

appreciate as an important regulator of TIC populations.  

 

In addition, ovarian cancers are rich resources due to the easily accessible ascites fluid that 

is known to promote TIC development (Mo et al., 2015). Even though the use of human 

primary cultures have limitations for studying ovarian cancer TICs, they offer invaluable 

resources to determine the direct effect of TIC-based therapies. Recently, Starbuck and 

colleagues (2018) profiled human ovarian cancer cell lines and found that CD133+ TICs 

co-express the Siayl-Thomsen-noveau (STn) antigen. CD133+STn+ TICs displayed 

enhanced colony and sphere formation. Interestingly, the authors developed anti-STn 

antibody drug-conjugates that were able to reduce the CD133+STn+ TIC population both 

in vitro and in vivo, highlighting a promising therapeutic approach for ovarian cancers 

containing a CD133+STn+ TIC population (Starbuck et al., 2018). 
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Additionally, emerging methods have armed oncolytic virotherapies with TIC-targeting 

agents such as CXCR4 antagonists or the Nodamura virus protein B2 (Bastin et al., 2018; 

Komorowski et al., 2016).  

1.5 Ovarian cancer prevention  

Given the high incidence of ovarian cancer, particularly among developed nations (Coburn 

et al., 2017), along with the difficulty in the screening and effective treatment of HGSC, 

developing new prevention strategies is of pressing importance to global health. In the 

search for novel prevention strategies, much can be learnt from our knowledge of HGSC 

biology and the risk factors for ovarian cancers. Fortunately, our knowledge of ovarian 

cancer risk factors is robust, and we know that blocking certain risk factors can ameliorate 

ovarian cancer risk. However, there is much room for improvement, particularly with a 

global outlook, as issues such as access, genetic risk, family planning, and lifestyle vary 

greatly by region. In this next section, ovarian cancer risk factors and risk reduction 

strategies are detailed.  

1.5.1 Risk factors for EOC 

Ovulation and age are the primary non-hereditary risk factors for ovarian cancer 

(Auersperg, 2013a; Fathalla, 2013). In 1971, Fathalla proposed the incessant ovulation 

hypothesis from observations that ovarian cancer incidence correlated with ovulatory 

patterns, such that the higher number of lifetime ovulations a woman has is directly 

proportional to her risk of ovarian cancer (Fathalla, 2013). The mechanism behind 

ovulation-associated risk remains elusive; however, numerous hypotheses have been put 

forth, including the frequent wound healing of the OSE following ovulatory rupture, 
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inflammation, and the engraftment of opportunistic fallopian tube lesions at the time of 

ovulation (Fathalla, 2013; George et al., 2016; Kurman and Shih, 2010; Savant et al., 2018). 

Similarly, nulliparity increases the risk of ovarian cancer by 24% compared to women with 

one child, since pregnancy, in effect, reduces ovulation number during gestation (Gaitskell 

et al., 2018). A greater risk reduction of 6% per child is observed in women with more than 

one child (Gaitskell et al., 2018). After birth, breastfeeding can also confer a significant 

reduction of risk, reducing risk by 10% for every 12 months of breastfeeding (Gaitskell et 

al., 2018). Breastfeeding is thought to reduce risk by delaying ovulation through the 

hyperprolactinemic state induced by lactation (Chao, 1987).  

 

Ovarian cancer is a disease of aging, with risk increasing most dramatically in women >45 

years of age, with the median age at diagnosis being 63 years (National Cancer Institute, 

2018). This is curious since ovarian cancer incidence is increasing at a time long after 

ovulations, the primary non-hereditary risk factor, have ceased at menopause. This 

produces somewhat of a conundrum that has remained unresolved in this field. A common 

explanation is that the wound healing process or secreted signaling factors produced during 

ovulation promote the transformation of a precursor cell into a CSC that sits quiescently 

until it awakens after menopause; however no models or support for this hypothesis have 

been produced.  

 

Hereditary mutations in the BRCA1/2, BRIP1, PALB2, RAD51C, or RAD51D genes confer 

a significant increase in HGSC risk (Karnezis et al., 2017). Hereditary mutations in the 

BRCA1 or BRCA2 genes are the most frequently studied, given that they increase the risk 
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of both breast and ovarian cancer (Rebbeck et al., 2015). Interestingly, the site of mutation 

in the BRCA1 gene confers differential risk, with an increased risk of 15-60% for HGSC 

conferred by mutations in exon 11 (Rebbeck et al., 2015; Weberpals et al., 2008). In the 

context of sporadic HGSC, BRCA1 dysfunction is widespread with loss of heterozygosity, 

hypermethylation, or haploinsufficiency that results in no detectable BRCA1 expression in 

66 % of sporadic tumors (Weberpals et al., 2008).   

1.5.2 Ovarian cancer risk reduction methods 

We currently have multiple strategies for ovarian cancer risk reduction that function by 

mitigating the risk factors detailed above; however there is much room for improvement 

as the uptake and feasibility of these methods are not suitable for global risk reduction 

strategies.  RRSO is the most extreme risk reduction strategy that involves the removal of 

both sites of ovarian cancer origin, the ovary and the fallopian tubes. Even though RRSO 

confers the most robust reduction of risk (HR: 0.21, Rebbeck et al., 2009), it is only 

available to women at high risk. RRSO is far too extreme and costly as a global risk 

reduction strategy since it induces early menopause in young women, thereby increasing 

the risk of other diseases such as of cardiovascular disease (Arts-de Jong et al., 2014).  

 

Hormonal oral contraceptive (OC) use also greatly reduces risk by approximately 35% 

following 5-9 years of consistent use (Torre et al., 2018). The mechanism of OC use-

associated HGSC risk reduction remains elusive, though it is thought to be due to the 

negative feedback of estrogen and progesterone on the anterior pituitary that prevents 

gonadotropin release and effectively blocks ovulation (Cooper and Adigun, 2018). 

Interestingly, OC use also reduces HGSC risk by ~50% among BRCA mutation carriers, 
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centering ovulation as a driver of HGSC in both sporadic and hereditary cases (Cibula et 

al., 2011). Unfortunately, uptake of OCs is limited globally due to access, cultural barriers 

and an increased risk of thrombosis in some women (Brynhildsen, 2014; Grindlay et al., 

2013). It further remains to be seen whether OCs increase the risk of breast cancer, a 

concern among many women that highlights the need to develop novel risk reduction 

strategies that maintain fertility and do not increase the risk of other pathologies.  

Similarly, it is known that increased parity and breastfeeding decrease HGSC risk likely 

by reducing ovulation number; however, parity has been steadily decreasing in developed 

countries and is not a feasible method to promote for global risk reduction (Gaitskell et al., 

2018; Nargund, 2009).  

 

Interestingly, there is recent evidence that intrauterine devices (IUD) reduce ovarian cancer 

risk by up to 38% with prolonged use (Huang et al., 2015; Ness et al., 2011).  

Unfortunately, neither study specified whether hormonal or non-hormonal IUDs were used 

to generate their findings and no further evidence has emerged to provide any more detail 

or mechanism.  

 

Tubal ligation reduces HGSC risk by 20% (Sopik et al., 2015). These findings have added 

support to the hypothesis that retrograde flow towards the ovary could allow for 

opportunistic STICs to migrate into the ovary and establish HGSC, since tubal ligation 

blocks such flow (Gaitskell et al., 2016).  
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Intriguingly, aside from RRSO, the largest documented risk reduction was seen in 

Taiwanese women with type II diabetes (T2D) who use the antidiabetic drug metformin 

(Tseng, 2015). T2D women taking metformin had up to an 82% reduction in ovarian cancer 

incidence, with lower incidence as dose and duration of metformin use increased (Tseng, 

2015). However, this risk-reduction seems dependent on the patient cohort since Urpilainen 

and colleagues (2018) found that metformin did not reduce risk among Finnish T2D 

women. However, the small sample size of the Finnish T2D cohort compared to the 

Taiwanese cohort needs to be considered and highlights the need for more studies on 

metformin use and HGSC risk. Metformin is used by T2D women to maintain proper blood 

glucose levels since metformin inhibits hepatic gluconeogenesis through both AMPK-

dependent and AMPK-independent mechanisms (Rena et al., 2017). The large risk 

reduction found within the Taiwanese T2D population was suggested to be due to this 

metabolic function of metformin that may starve cancer cells of their preferred metabolic 

route of glycolysis (Rena et al., 2017; Tseng, 2015). Given that metformin use does not 

affect fertility (Bertoldo et al., 2014) and is a well-tolerated FDA-approved drug, it is an 

attractive method for global HGSC risk reduction if more studies were to offer evidence 

that metformin may benefit the general non-T2D population. Overall, numerous risk 

reduction strategies have been identified, yet most have no concrete mechanisms to explain 

their observed risk reduction.   

1.5.3 The ovary as a pro-tumor niche 

Regardless of the origin of HGSC, one thing remains consistent: the ovary is a pro-tumor 

niche. Anecdotal evidence has long suggested that ovarian cancers progress once they 

establish themselves within the ovarian stroma, and a recent study has shown that the ovary 
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is necessary for ovarian cancer metastasis into peritoneal cavity (Coffman et al., 2016). 

Beyond primary ovarian cancers, up to 30% of cancers found in the ovary are later 

identified to be metastases from other primary malignancies from the breast or colon 

(Bigorie et al., 2010; Li et al., 2012); however, reasons why the ovary is permissive to 

tumor growth and metastasis are largely unexplored. Yang-Hartwich and colleagues (2014) 

identified granulosa cell-secreted SDF-1 as a chemoattractant for ovarian metastasis 

following intrauterine injection of CD44+MYD88+ ovarian cancer TICs, supporting a TIC 

based model of ovarian cancer metastasis. However, the levels of SDF-1 were not explored 

in post-menopausal mice, which may be an important consideration given the age-

associated incidence of ovarian cancers.  

1.5.4 Ovarian aging  

Given that ovulations have largely ceased at the time most women are diagnosed with 

ovarian cancer (Torre et al., 2018), the effects of ovarian aging must be considered when 

designing novel prevention strategies. Historically, ovarian aging has been studied 

primarily in the context of circulating hormone and gonadotropin levels in post-

menopausal women (Smith and Xu, 2008), and the effects of these hormones on ovarian 

cancer initiation. Structural changes in the ovary and fallopian tubes have also been 

explored, but these studies were carried out prior to recent technical advances and 

knowledge, yielding no obvious connections to ovarian cancer development (Best et al., 

1996; Crow et al., 1994; Focchi et al., 1996; Makabe et al., 1998; Perheentupa and 

Huhtaniemi, 2009). However, a recent study by Briley and colleagues (2016) provided the 

first evidence of ovarian stromal fibrosis in aged mice. They showed that aged mice have 

increased deposition of collagen and enhanced inflammation, particularly through the 
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recruitment of F4/80+ macrophage giant cells (Briley et al., 2016). This ovarian fibrosis 

was suggested to reduce fertility with age and no links to ovarian cancer were explored. 

Recently, Loughran and colleagues (2018) showed that murine aging enhances peritoneal 

metastasis of ovarian cancer allografts. Metastases in these aged mice had increase tumor-

infiltrating lymphocytes, particularly from the B-cell lineage, highlighting a possible 

immune-mediated mechanism in the age-associated spread of ovarian cancer (Loughran et 

al., 2018). Curiously, the authors also showed that aging enhances metastasis to the ovary, 

furthering support for the ovary as a pro-tumor niche, particularly with age (Loughran et 

al., 2018).  

1.6 Project rationale  

Given the poor survival and our lack of understanding of HGSC, the development of novel 

treatment and diagnostic methods requires better models of HGSC that allow for easy 

manipulation, are transplantable into immunocompetent mice, and have TIC populations 

similar to HGSC. At the start of this project, a technician in our lab, Olga Collins, noticed 

that one of our murine OSE primary cultures went rogue and began growing extremely 

fast, exhibiting morphology and anchorage-independent growth characteristic of cancer 

cells. We first hypothesized that these spontaneously transformed OSE cells (STOSE 

cells) are a good model of HGSC. The development of the STOSE model has opened the 

door to numerous collaborations designed to test novel therapeutics such as 

immunotherapies, and to optimize novel imaging techniques that aim to improve 

histological classification of tumor tissue. One such collaboration has led us to further 

hypothesize that deep learning of non-linear optical imaging of STOSE tumors will 

generate a proof-of-principle dataset for the use of deep learning in ovarian tissue 
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classification. Many of the structural changes seen in the tumor stroma such as fibrosis 

(desmoplasia) are also involved in the development of a pre-metastatic niche in non-

cancerous tissue (Cox and Erler, 2014; DeClerck, 2012). With the recent discovery of age-

associated stromal fibrosis in murine ovaries (Briley et al., 2016), the exciting potential of 

using metformin as a global risk reduction strategy, and the widespread use of metformin 

to treat fibrosis in pre-clinical models of skin, lung, kidney, liver, and heart fibrosis (Choi 

et al., 2016; Kita et al., 2012; Ursini et al., 2016; M. Wang et al., 2016; Xiao et al., 2010), 

we hypothesized that the ovarian cancer risk factors of age and ovulation promote 

ovarian fibrosis, thereby creating a tumor-permissive pre-metastatic niche within the 

ovary, which can be abrogated by metformin use. 
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2.1 Author contributions:  

Experiments were designed by Dr. Barbara Vanderhyden and me. All surgeries, IHC, 

microarrays, and cell cultures were performed by me, following the establishment of the 

STOSE cell line by Olga Collins. Reuben Goldberg performed the western blotting. Lauren 

Carter validated 3/8 genes by qPCR presented in Figure 2-3 and I completed the validation. 

Lisa Gamwell and I performed the flow cytometry prior to in vitro studies while I 

performed the flow cytometry for all in vivo studies. Ken Garson and I performed the cell 

cycle analysis. Elizabeth Macdonald helped me perform the IP injections and necropsies. 

Manijeh Daneshmond performed the pathology assessment and Euridice Carmona did the 

IPA analysis. Ensaf Al-hujaily and I performed the DNA sequencing of p53. I wrote the 

manuscript with Dr. Barbara Vanderhyden.  
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2.2 Abstract 

Improving screening and treatment options for patients with epithelial ovarian cancer has 

been a major challenge in cancer research. Development of novel diagnostic and 

therapeutic approaches, particularly for the most common subtype, high-grade serous 

ovarian cancer (HGSC), has been hampered by controversies over the origin of the disease 

and a lack of spontaneous HGSC models to resolve this controversy. Over long-term 

culture in our laboratory, an ovarian surface epithelial (OSE) cell line spontaneously 

transformed (STOSE). The objective of this study was to determine if the STOSE cell line 

is a good model of HGSC. STOSE cells grow faster than early passage parental M0505 

cells with a doubling time of 13 h and 48 h, respectively. STOSE cells form colonies in 

soft agar, an activity for which M0505 cells have negligible capacity. Microarray analysis 

identified 1755 downregulated genes and 1203 upregulated genes in STOSE compared to 

M0505 cells, many associated with aberrant Wnt/β-Catenin and Nf-κB signaling. 

Upregulation of Ccnd1 and loss of Cdkn2a in STOSE tumors is consistent with changes 

identified in human ovarian cancers by The Cancer Genome Atlas. Intraperitoneal injection 

of STOSE cells into SCID and syngeneic FVB/N mice produced pan-CK+, WT1+, inhibin- 

and PAX8+ tumors, a histotype resembling human HGSC. Based on evidence that a 

SCA1+ stem cell-like population exists in M0505 cells, we examined a subpopulation of 

SCA1+ cells that is present in STOSE cells. Compared to SCA1- cells, SCA1+ STOSE 

cells have increased colony-forming capacity and form palpable tumors 8 days faster after 

intrabursal injection into FVB/N mice. This study has identified the STOSE cells as the 

first spontaneous murine model of HGSC and provides evidence for the OSE as a possible 
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origin of HGSC. Furthermore, this model provides a novel opportunity to study how 

normal stem-like OSE cells may transform into tumor-initiating cells.  

2.3 Introduction 

Ovarian cancer is the most lethal gynecological malignancy with an estimated incidence 

of 239,000 cases in 2012, making it the eighth most common cancer in women 

worldwide (Ferlay et al., 2015). Epithelial ovarian cancer (EOC) is the most common 

subtype, which is further divided into endometrioid, clear cell, mucinous, low-grade 

serous and high-grade serous (HGSC). HGSC is the most common and aggressive 

subtype of EOC, accounting for the majority of new cases (Auersperg, 2013a).  With a 5-

year survival rate of only 40%, a greater understanding of HGSC is essential to improve 

patient outcome (Coburn et al., 2017). The high mortality rate is due, at least in part, to a 

lack of screening methods to detect the disease before it metastasizes within the 

peritoneal cavity (Foster et al., 2013). The main reason for this inability to detect and 

diagnose early stage ovarian cancer is a lack of understanding of disease initiation, made 

even more challenging due to the current debate over the origin of HGSC. HGSC was 

long thought to arise from the ovarian surface epithelium (OSE) or inclusion cysts 

derived from them (Auersperg, 2013a; Flesken-Nikitin et al., 2013; Garson et al., 2012), 

but recent evidence has identified the distal fimbrial epithelium of the fallopian tube as 

the source for at least a subset of HGSC (Auersperg, 2013a; Jarboe et al., 2008; Lee et al., 

2007; Piek et al., 2001).  

 

To establish experimental models for the study of the initiation of EOC, much effort has 

been dedicated to the genetic modification of cells from an OSE or fimbrial origin, either 
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in tissue culture or in vivo.  Attempts to model HGSC have been particularly challenging 

and have yielded inconsistent results (Garson et al., 2012; Jones and Drapkin, 2013; 

Lengyel et al., 2014). Transgenic approaches have generally involved targeting specific 

genes known to be associated with human HGSC. This targeted approach to tumorigenesis 

may not be fully reflective of human disease for a number of reasons. First, it is unclear, in 

human disease, whether commonly mutated genes are normally involved in disease 

initiation and/or progression. In addition, the expression of the designed genetic changes 

using developmentally regulated promoters may introduce founder effects that are not 

reflective of human disease (Jones and Drapkin, 2013). Furthermore, it has been shown 

that murine cells require fewer genetic alterations than human cells to undergo 

transformation, again making it difficult to draw conclusions on the origin of cancer in 

humans from transgenic murine models (Hamad, 2002; Rangarajan et al., 2004). For this 

reason, spontaneous models of EOC would be helpful to better understand the origins of 

this disease, but these models are rare and limited to the spontaneous development of 

ovarian cancer in hens (Barua et al., 2009; Stammer et al., 2008). New spontaneous models 

of HGSC are clearly needed to provide opportunities to determine the molecular basis of 

ovarian and fallopian tube epithelial transformation. 

 

There is growing evidence to support the contribution of cancer stem cells (CSC) to the 

initiation and recurrence of cancer. The CSC theory posits that tumors arise from cells with 

stem-like characteristics and these cells underlie tumor heterogeneity and recurrence 

(Kulkarni-Datar et al., 2013; Sengupta and Cancelas, 2010; Yi et al., 2013). Stem cells are 

slowly dividing cells with drug efflux mechanisms that allow them to escape the effects of 
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chemotherapeutics that commonly target rapidly dividing cells. Another characteristic of a 

stem cell is the ability to generate multi-lineage progeny. Recurrent cases of HGSC 

maintain the heterogeneity of the original tumor suggesting that a cell with multi-lineage 

potential underlies tumorigenesis, instead of a single clone with a survival advantage 

(Kulkarni-Datar et al., 2013). A cell with all the characteristics of CSCs is still elusive in 

ovarian cancer but cells with some of these CSC characteristics, identified by their 

expression of CD44, CD133, CD117, CD24, and ALDH1 (Foster et al., 2013), have been 

reported. These CSC-like cells are referred to as tumor-initiating cells (TICs) due to their 

increased tumorigenic capacity. The role and identification of TICs in ovarian cancer is a 

rapidly growing area of study. 

 

We recently reported the first stem cell marker that identifies a subpopulation of mouse 

OSE cells with progenitor cell characteristics. A population of cells expressing Stem Cell 

Antigen 1 (SCA1; aka lymphocyte antigen 6 complex, locus A (LY6A)] is regulated by 

ovulation-associated factors present in the follicular fluid and possesses a number of 

features of stem cells, including slow growth and capacity for self-renewal (Gamwell et 

al., 2012). After several years of establishing and growing cultures of mouse OSE cells, 

one cell line that was grown for a prolonged period appeared to spontaneously transform. 

The following body of work describes the characterization of this spontaneously 

transformed OSE (STOSE) cell line, demonstrating that it reliably forms syngeneic HGSC 

tumors. Testing of the SCA1+ cells in the parental and transformed cell lines enabled us to 

compare the characteristics of these stem cell-like populations, as well as determine the 

relative malignant potential of SCA1+ vs. SCA1- STOSE cells.   
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2.4 Material and methods 

2.4.1 Experimental animals 

Severe combined immunodeficient (SCID) and FVB/N mice were obtained from The 

Jackson Laboratory and housed with a 12 h light: 12 h dark photoperiod. The animals had 

free access to food and water and experiments were done in accordance with the Canadian 

Council on Animal Care’s Guidelines for the Care and Use of Animals. Protocols were 

approved by the University of Ottawa Animal Care Committee.  

2.4.2 Mouse OSE cell isolation and culture 

The M0505 OSE cell line was isolated and established in 2005 according to the protocol 

described in Gamwell et al. (2012). Upon long-term passage of the cells in adherent 

cultures on tissue culture plates (Beckton Dickinson) using MOSE media (Gamwell et al., 

2012), the M0505 cell line spontaneously transformed and were from that point on labeled 

STOSE cells, which were also maintained in MOSE medium. The M1107 OSE cell line 

was established and maintained using the same methods as the M0505 cell line and is used 

as an independent control for mouse OSE cells.  

2.4.3 Proliferation assay 

M0505 and STOSE cell proliferation was assessed from 1-3 days after seeding 2x104 cells 

in 24-well tissue culture dishes (Beckton Dickinson) in MOSE medium. The number of 

viable cells was determined using the Vi-CELL XR Cell Viability Analyzer (Beckman 

Coulter).  
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2.4.4 Chromosomal analysis 

G-band karyotyping of 5-metaphase spreads each of M0505 and STOSE cells was carried 

out by the Cytogenomics and Genome Resource Facility at SickKids Hospital, Toronto, 

ON, Canada. Briefly, cells were harvested and colcemid (10 µg/mL) was added for 30 min 

and incubated at 37 oC. Cells were washed, trypsinized and a single-cell suspension was 

made. Following washing, a 0.075 M KCl hypotonic solution was added for 15min and 

incubated at 37 oC, and banding patterns were visualized.  

2.4.5 Cell cycle analysis 

The percentages of cells in G1/G0, S-phase, and G2/M phases as well as the percentage of 

apoptotic cells were determined for M0505 and STOSE cell lines using flow cytometry. 

Cells were trypsinized (0.05% Trypsin/0.53 mM EDTA, Corning Cellgro), washed in 

phosphate-buffered saline (PBS) and 1x106 cells from three independent isolations of each 

cell line were resuspended in 300 μL of cold PBS. Cells were fixed in 70% ethanol for 2 

h, washed and resuspended in 250 μL of PBS and 5 µL of RNAseA (Sigma Aldrich) for 1 

h. The cell suspension was then incubated for 30 min with 10 µL of propidium iodide 

(Sigma Aldrich) and the cell cycle was assessed by flow cytometry using a Beckman 

Coulter Epics XL and analyzed by ModFit LT software (Verity Software Inc.). Cell 

doublets were identified using fluorescence pulse height versus area measurements and 

excluded from cell cycle analysis. 

2.4.6 Microarray analysis  

RNA was extracted from M0505 and STOSE cells (n=3) using RNAeasy Mini Kit (Qiagen) 

and cDNA was made using the OneStep RT-PCR kit (Qiagen). Whole genome expression 
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was determined using Affymetrix GeneChip Mouse Gene 1.0 ST arrays. Genes were 

annotated using T4-MEV software (Dana Farber Cancer Institute, Boston) and linear fold 

change was determined from robust multi-array average (RMA) normalized expression 

values. Ingenuity Pathway Analysis software (Ingenuity Systems, Qiagen) was used to 

determine functionally relevant clusters of differential gene expression. Microarray data 

are publically accessible from the GEO database at record GSE54633. 

2.4.7 Quantitative RT-PCR 

RNA was extracted using the RNAeasy Mini Kit (Qiagen) and cDNA was made using the 

OneStep RT-PCR kit (Qiagen). Quantitative-PCR was then performed on an ABI 7500 

FAST qRT-PCR machine (Applied Biosystems) using the Taqman Gene Expression assay 

(Life Technologies) and SsoFast Gene Expression Assay (Bio-rad). Probe (2.5 nmol) and 

primer (5 nmol) sequences are listed in Table 2-1. The level of Tbp was used as an 

endogenous control in the Taqman assay and Ppia was used as an endogenous control in 

the SsoFast assay. 
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Table 2-1. Quantitative RT-PCR probe and primer sequences. 
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2.4.8 Intraperitoneal (IP) and intrabursal (IB) injections of STOSE cells 

M0505 and STOSE cells were released from adherent cultures using trypsin (0.05% 

Trypsin/0.53 mM EDTA), washed with PBS, and resuspended in PBS. 1 x 107 M0505 cells 

in 500 μL of PBS were injected into the peritoneal cavity of FVB/N mice. 1 x 107 STOSE 

cells in 500 μL of PBS were injected into the peritoneal cavity of both SCID and FVB/N 

mice using a 25-gauge needle (Beckton Dickinson). Disease progression was monitored 

until humane endpoint was reached, which included 15% weight gain and/or abdominal 

distension. Necropsies were performed at endpoint and tumors were fixed in 10% buffered 

formalin for 24 h and then paraffin embedded and sectioned at 5 μm for 

immunohistochemical analysis.  

 

To perform intrabursal injections of STOSE cells, FVB/N mice were anesthetized using 

3% isoflurane gas and 1% oxygen. A dorsal incision was made and ovaries were 

externalized. STOSE cells (4 x 104) were resuspended in 2 µL of PBS and injected under 

the bursal membrane using a 33-gauge needle and dispensing repeater (Hamilton). Tumor 

initiation was monitored every 2 days by palpation of the ovaries by someone blinded to 

the experimental groups. Disease progression was monitored until humane endpoint was 

reached, at which point tumors were fixed, embedded in paraffin blocks and 5 μm sections 

were made for immunohistochemistry. 

2.4.9 Immunohistochemistry 

Assessment of the histopathology of IP and IB STOSE tumors was performed by staining 

sections with hematoxylin and eosin and by immunohistochemical analysis. Following 
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deparaffinization in xylenes and rehydration in an ethanol gradient, antigen unmasking 

(Antigen unmasking solution, Dako) was performed, followed by blocking endogenous 

peroxidase activity using 3% hydrogen peroxide in dH2O. Sections were then rinsed in 

PBS. Immunostaining for mouse pan-cytokeratin (pan-CK; pre-diluted, Abcam), mouse 

WT1 (1:100, Dako), and mouse inhibin (1:100, Dako) was performed according to the 

mouse-on-mouse kit (Vector). Immunostaining for rabbit PAX8 (1:400, Santa Cruz 

Biotechnology) was done by incubating sections with the PAX8 antibody overnight at 4 

oC, followed by anti-rabbit horseradish peroxidase-labeled polymer (Dako) for 30min at 

room temperature. All sections were counterstained using hematoxylin and developed 

using diaminobenzidine. Following dehydration in an ethanol gradient, sections were 

mounted using Permount (Fischer Scientific). Images were acquired using the ScanScope 

CS2 (Aperio).  

2.4.10  DNA sequencing 

Genomic DNA was extracted from STOSE cells using QIAamp DNA Blood Mini Kit 

(QIAGEN) and PCR amplified using custom primers designed to cover each of the 11 

exons in the mouse p53 gene. Following electrophoresis on a 1% agarose gel, bands 

pertaining to each exon were individually excised under UV light. DNA was extracted from 

the agarose gel pieces using the QIAquick Gel Extraction Kit (QIAGEN). Extracted DNA 

was then diluted to a concentration of 1 ng/μL and mixed with the appropriate custom 

primer (2 μM) mapping to each exon. Individual exons were sequenced using the 3730 

DNA analyzer (Applied Biosystems). Sequences were aligned using the DNA Dynamo 

program (BlueTractorSoftware).  
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2.4.11  Flow cytometry for SCA1 expression 

M0505 and STOSE cells were trypsinized and a single-cell suspension was made using a 

40 μm cell strainer. Cells were resuspended in a flow buffer (4% fetal calf serum in 1X 

PBS) and incubated with anti-SCA1 allophycocyanin fluorophore conjugated antibody 

(Miltenyi Biotech) for 15 min at 4 oC. Following washing and resuspension in flow buffer, 

cells were sorted for SCA1 expression using the MoFlo cell sorter (Beckman Coulter).  

2.4.12  Colony formation in soft agar 

Cells were released from adherent cultures using trypsin, washed with PBS and a single 

cell suspension was achieved by passing cells through a 40 μm cell strainer.  A base layer 

1:1 mix of 2x Ham’s F-12 (Sigma Aldrich):MOSE medium and Ultrapure LMP Agarose 

(Life Technologies) was solidified at 4 oC for 30 min and then warmed to 37 oC prior to 

the addition of the top layer. The top layer consisting of a 1:1:1 mix of 2.5x104 cells from 

single cell suspension, 2x Ham’s F-12:MOSE medium, and Ultrapure LMP agarose was 

added. The top layer was solidified at 4oC for 30min and then incubated at 37 oC for 7 days. 

Colonies were visualized using the EVOS XL imaging system (Life Technologies) and 

counted using ImageJ software.   

2.4.13  Western blot analysis  

Protein was extracted from M0505 and STOSE cells using M-PER Mammalian Protein 

Extraction Reagent (GE Healthcare). Tumor tissue from SCA1+ and SCA1- tumors was 

homogenized and protein was extracted using M-PER Mammalian Protein Extraction 

Reagent. Protein extracts were run on a precast Nupage 4-12% Bis-Tris gradient gel (Life 

Technologies) and transferred to a nitrocellulose membrane. Following 1 hour blocking in 
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5% non-fat milk, membranes were incubated with mouse monoclonal PAX8 (1:500, Santa 

Cruz Biotechnology) or mouse monoclonal P53 (1:1000, Cell Signaling) overnight at 4 oC. 

Following washing, the membranes were incubated with rabbit anti-mouse IgG- HRP 

(1:5000, Abcam) for 1 h and developed using SelectTM Western Blotting Detection Reagent 

(GE Healthcare). The same protocol was used for β-ACTIN using mouse monoclonal anti-

β-ACTIN (1:40000, Sigma Aldrich) and rabbit anti-mouse IgG-HRP (1:15000, Abcam). 

2.4.14  Statistical analysis 

All experiments were performed at least three times. A student t-test was used to determine 

significant differences between two experimental conditions.  Analysis of variance 

(ANOVA) with Tukey’s posttest was used to identify significant differences between more 

than two experimental groups. Statistical significance was assumed at p<0.05.  

 

2.5 Results 

2.5.1 Characterization of M0505 and STOSE cell lines 

Early passage M0505 cells grow slowly, having a doubling time of 48 hours. The growth 

rate increases as M0505 cells reach >35 passages and cells begin to lose the epithelial 

‘cobblestone’ morphology that is characteristic of early passage M0505 cells (data not 

shown), and has been reported by others studying spontaneous transformation of epithelial 

cells (Padilla-Nash et al., 2013). Continual passage of late passage M0505 cells led to the 

establishment of the spontaneously transformed OSE (STOSE) cell line. STOSE cells have 

lost the epithelial ‘cobblestone’ morphology and have transitioned to a more mesenchymal 

morphology (Fig. 2-1A). To determine the malignant potential of STOSE cells in vitro, 
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STOSE cells were assessed for colony forming efficiency in soft agar, a measure of 

anchorage independent growth that is characteristic of transformed cells (Hanahan and 

Weinberg, 2011). STOSE cells formed colonies while early passage M0505 cells did not 

(Fig. 2-1B). Another characteristic of transformed cells is rapid growth (Hanahan and 

Weinberg, 2011). STOSE cells have a doubling time of 13 hours, almost four times faster 

than their untransformed M0505 counterpart. The growth rate of STOSE cells in 

comparison to early passage (passage 18-20) M0505 cells over 72 hours is shown in Fig. 

2-1C. Since a greatly increased growth rate might be explained by aberrant cell cycle 

regulation, cell cycle analysis was used to determine if there were differences in the 

percentage of M0505 and STOSE cells in each phase of the cell cycle. Cell cycle analysis 

of the M0505 cells (monomers) revealed a large G1 peak (59.6±1.0%), a minor S-phase 

population (10.1±0.3%) and a surprisingly prominent, putative G2/M peak (28.8±0.8%) 

(Fig. 2-1D). Interestingly, the presence of a small percentage (1.5%) of hyperploid cells 

was detected in the analysis by the Modfit program. The presence of a small population of 

cells with abnormal DNA content was then confirmed by karyotype analysis that identified 

near-tetraploid M0505 cells (Fig. 2-2B). In addition, the small number of diploid cells in S 

phase was consistent with the observed slow proliferation of this cell line. In contrast, 

STOSE cells have a significantly increased proportion of cells in S-phase (45.2±0.7%) and, 

a reduced proportion in the G1 phase (46.7±0.7%). The small G2/M population and greatly 

increased S-phase population suggests that STOSE cell cycle checkpoints may be 

compromised which could lead to the observed acceleration in the rate of proliferation. 
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Figure 2-1. STOSE cells exhibit classic characteristics of transformed cells. (A) Bright-

field microscopy of M0505 and STOSE cells. Scale bar = 200 µm. (B) Colony forming 

assay in soft agar comparing M0505 and STOSE cells.  Colonies were visualized after 7 

days using bright-field microscopy. Scale bar = 200 μm. (C) Growth curve of M0505 and 

STOSE cells over 3 days. Error bars represent standard error of the mean (SEM). p<0.001, 

two-way analysis of variance. (D) Cell cycle analysis of M0505 and STOSE cells. Cells 

were incubated with the fluorescent dye propidium iodide and analyzed by flow cytometry. 

The average percentage of cells in G1, S, and G2/M for STOSE cells and M0505 cells is 

shown (n=6).   
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Due to the role of aneuploidy in transformation and cancer, and the abnormalities found in 

the cell cycle analysis, chromosomal analysis was performed on M0505 and STOSE cells 

to determine if aneuploidy is present. G-band karyotyping of five metaphase spreads 

revealed aneuploidy in both M0505 and STOSE cell lines; two representative karyotypes 

are shown for each cell line (Fig. 2-2). STOSE cells have a high degree of aneuploidy with 

the majority of the population near-triploid (Fig. 2-2C) and a smaller polyploid population 

(Fig. 2-2D). All STOSE cells analyzed have an addition at the terminal end of chromosome 

4. All near-triploid cases have a loss of chromosome 3, 5, and 8, and all polyploid cases 

are also hypoploid for chromosomes 3, 5, and 8 (Fig. 2-2C,D). Surprisingly, chromosomal 

analysis of early passage (passage 15) M0505 cells also revealed some degree of 

aneuploidy with 2/5 near-tetraploid M0505 cells (Fig. 2-2B), while 3/5 M0505 cells were 

near-diploid (Fig. 2-2A). This presence of a near-tetraploid subset of M0505 cells is in 

agreement with the presence of M0505 cells with increased DNA content seen in the cell 

cycle analysis (Fig. 2-1D). All M0505 cells analyzed have terminal deletions in 

chromosomes 1 and 4. All near-diploid cases have a loss of one chromosome 3, 8, and 12, 

and all near-tetraploid M0505 cells are hypoploid for chromosomes 3, 8, and 12 (Fig. 2-

2A,B).  
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Figure 2-2. Chromosomal analysis of M0505 and STOSE cell lines. G-band 

karyotyping of five metaphase spreads was performed for both M0505 and STOSE cell 

lines and representative karyotypes are presented. (A) Near-diploid M0505 cell with 37 

chromosomes. (B) Near-tetraploid M0505 cell with 75 chromosomes. (A,B) Terminal 

deletion of chromosomes 1 and 4 as well as loss of a chromosome 3, 8, and 12 was evident 

in all M0505 cells analyzed. (C) Near-triploid STOSE cell with 54 chromosomes. (D) 

Polyploid STOSE cell with 143 chromosomes. (C,D) An addition at the terminal end of 

chromosome 4 as well as a loss of chromosome 3, 5, and 8 was evident in all STOSE cells 

analyzed. 
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2.5.2 Microarray analysis of STOSE cells  

To determine the molecular mechanisms by which M0505 cells transformed into the 

STOSE cells, whole genome microarray analysis was performed on M0505 and STOSE 

cells and linear fold changes were calculated for STOSE cells relative to M0505 cells. The 

top 10 up- and down-regulated genes in STOSE compared to M0505 cells are presented in 

Table 2-2. Interestingly, Ddr2, Ereg, Glipr1, Calcr, and Ankrd1, all upregulated in STOSE 

cells, have been shown to be upregulated in primary tumors and ovarian cancer cells 

(Amsterdam, 2011; Quinn et al., 2009; Scurr et al., 2008; Zhao et al., 2011). Igfbp4 has 

been shown to be downregulated in primary tumors (Deng et al., 2012; Walker et al., 2007). 

The other upregulated genes in STOSE cells: Serpinb2, Epb41l4a, Aif1l, and Mgll have no 

known links to ovarian cancer. Five of the 10 most downregulated genes, Aldh1a2, Enpp2, 

Lgfbp5, Thbd, and Uchl1, have been previously implicated in ovarian cancer (Auersperg, 

2013b; L.-M. Chen et al., 2013; Nakamura et al., 2012; Okochi-Takada et al., 2006; Rho 

et al., 2008; Urzúa et al., 2006; Vidot et al., 2010; Walker et al., 2007; Wang et al., 2006). 

The remaining genes among these downregulated candidates have no previous association 

with ovarian cancer: Gpr64, Gpr126, Cybrd1, Star, Ncf2. In accord with the more rapid 

proliferation of STOSE cells, two negative regulators of Cdk4, Cdkn2b and Cdkn2a, are 

downregulated in STOSE cells 13.4 and 5.8-fold, respectively, and both Ccna2 and Ccnd1 

are up-regulated (2.02 and 6.2-fold).   
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Table 2-2. Differential gene expression in STOSE cells as compared to  

early passage M0505 cells 

Gene symbol Gene name 

Linear 

fold 

change 

Publications relating 

these genes to ovarian 

cancer 

Serpinb2 
serine (or cysteine) peptidase inhibitor, clade B, 

member 2 
90.7 unknown 

Epb4.1l4a erythrocyte protein band 4.1-like 4a 64.7 unknown 

Ddr2 discoidin domain receptor family, member 2 46.4 Zhao et al., 2011  

Aif1l allograft inflammatory factor 1-like 37.8 unknown 

Ereg epiregulin 35.1 Amsterdam, 2011  

Glipr1 GLI pathogenesis-related 1 (glioma) 34.6 Quinn et al., 2009  

Igfbp4 insulin-like growth factor binding protein 4 33.6 Walker et al., 2007  

Calcrl calcitonin receptor-like 33.1 Deng et al., 2012  

Ankrd1 ankyrin repeat domain 1 (cardiac muscle) 30.4 Scurr et al., 2008  

Mgll monoglyceride lipase 29.8 unknown 

Ncf2 neutrophil cytosolic factor 2 -61.7 unknown 

Star steroidogenic acute regulatory protein -62.7 unknown 

Uchl1 ubiquitin carboxy-terminal hydrolase L1 -70.5 
Okochi-Takada et al., 

2006; Urzúa et al., 2006  

Thbd thrombomodulin -76.2 L.-M. Chen et al., 2013  

Cybrd1 cytochrome b reductase 1 -83.0 unknown 

Igfbp5 insulin-like growth factor binding protein 5 -96.1 

Rho et al., 2008; Urzúa 

et al., 2006; Walker et 

al., 2007; Wang et al., 

2006  

Gpr126 G protein-coupled receptor 126 -96.6 unknown 

Gpr64 G protein-coupled receptor 64 -101.3 unknown 

Enpp2 
ectonucleotide 

pyrophosphatase/phosphodiesterase 2 
-147.3 

Nakamura et al., 2012; 

Vidot et al., 2010  

Aldh1a2 aldehyde dehydrogenase family 1, subfamily A2 -170.6 Auersperg, 2013b  
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The Cancer Genome Atlas (TCGA) ovarian carcinoma array is a whole genome array 

database with analysis of 570 human HGSC tumors. The TCGA array dataset was analyzed 

by the Cancer Genome Research Analysis Network and two of the top genes changes in 

the STOSE cell microarray were among those reported in the pathways most frequently 

altered in ovarian carcinomas (Bell et al., 2011): downregulation of Cdkn2a (-5.8) and 

overexpression of Ccnd1 (+6.2). Overexpression of Ccnd1 is strongly correlated to 

decreased progression free survival (Hashimoto et al., 2011) and loss of Cdkn2a through 

mutation or hypermethylation has also been shown in human ovarian carcinomas (Bell et 

al., 2011; Birch et al., 2011; Hunter et al., 2012; Ozdemir et al., 2012). Ingenuity pathway 

analysis (IPA) was used to identify functionally related clusters of gene expression 

differences from the microarray data. IPA analysis revealed possible aberrant Wnt/β-

Catenin and Nf-κB signaling in STOSE cells. The expression of multiple genes associated 

with Wnt signaling are significantly altered including Cdkn2a and downregulation of Wnt 

signaling inhibitors Sfrp1 and Frzb. Genes differentially expressed in the Nf-κB pathway 

include Spp1, S100a4, IkBkε, and Ccnd1. Interestingly, Ccdn1 is associated with both 

Wnt/β-Catenin and Nf-κB signaling. Validation of Cdkn2a and Ccnd1, as well as Wnt/β-

Catenin and Nf-κB related genes were performed by quantitative RT-PCR on three 

microarray-independent samples of M0505 and STOSE cells (Fig. 2-3). 
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Figure 2-3. Validation of genes differentially expressed in STOSE cells related to 

Wnt/β-Catenin and Nf-κB signaling or in common with TCGA ovarian carcinoma 

arrays. Quantitative RT-PCR analysis for Cdkn2a, Sfrp1, Frzb, Sfrp4, Ccnd1, Ikbkε, 

S100a4, and Spp1 expression is presented for M0505 and STOSE cells (n=3). Samples 

used for validation are independent of those used for microarray analysis. Error bars 

represent SEM and *p<0.05, **p<0.01 by student’s t-test. 
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2.5.3 STOSE cells produce HGSC tumors in both SCID and syngeneic FVB/N mice 

Given that STOSE cells exhibit transformed characteristics in vitro, their in vivo 

tumorigenicity was assessed using immunocompromised SCID mice and the syngeneic 

strain of mice, FBV/N. When STOSE cells (1x107) were injected IP into 4 SCID mice, 

tumors formed in all mice (4/4) with a median endpoint of 47 days. Tumors were collected 

from most organs within the peritoneal cavity and the average total tumor burden was 2.22 

± 0.21 g per mouse. All SCID mice had ascites with an average volume of 5.25 ± 0.63 mL. 

Following IP injection of STOSE cells into immunocompetent syngeneic hosts, STOSE 

cells were tumorigenic in all FVB/N mice (4/4) with a median endpoint of 48 days. 

Necropsy revealed tumors throughout the peritoneal cavity and an average total tumor 

burden of 3.06 ± 0.21 g per mouse, not different from the tumors in SCID mice. All STOSE 

injected FVB/N mice had ascites with an average volume of 3.08 ± 0.92 mL, also not 

significantly different from SCID mice (n = 4, p=0.98). Intraperitoneal injection of 1x107 

M0505 cells into FVB/N mice did not result in tumor formation in 107 days (0/6 mice).  

 

STOSE-derived tumors from both SCID and FVB/N mice were analyzed by hematoxylin 

and eosin staining for morphological classification (Fig. 2-4A) and immunohistochemistry 

for expression of markers commonly found in human ovarian cancers (Fig. 2-4B). Tumor 

morphology was mixed including regions of mucinous, undifferentiated, and papillary 

serous structures. The most common morphologies are presented in Figure 2-4A. To 

confirm an epithelial origin, tumors were stained for epithelial cytokeratins using a pan-

CK antibody. Both SCID and FVB/N tumors have strong positive pan-CK staining. Wilms 

tumor-1 (WT1) positivity is a hallmark of HGSC (Soslow, 2008), and all STOSE tumors 
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stained strongly for WT1. Given the WT1 positivity, the tumors were examined for 

expression of another marker of HGSC, PAX8. All STOSE tumors had strong PAX8 

expression. To exclude a granulosa cell origin of STOSE tumors, the expression of the 

granulosa cell marker inhibin was determined. No tumors expressed inhibin. Thus, STOSE 

derived tumors have a pan-CK+, WT1+, inhibin-, PAX8+ profile, indicating that the 

STOSE tumors resemble HGSC. Since almost 100% of HGSC cases present with p53 

mutations (Jones and Drapkin, 2013), DNA sequencing was performed on all 11 exons of 

the p53 gene in STOSE cells and no mutations were found (data not shown). 
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Figure 2-4. STOSE produce high-grade serous epithelial tumors in both SCID and 

syngeneic FVB/N mice. Tumors were fixed in formalin and set in paraffin blocks; 5 µm 

sections were used for immunohistochemistry on SCID and FVB/N STOSE cell-derived 

tumors. (A) Hematoxylin and eosin staining of STOSE-cell derived tumors. (B) Detection 

of the epithelial tumor marker, cytokeratin is presented with uterus as a positive control. 

Wilms tumor-1 (WT1) is a marker of HGSC and is shown with a human high-grade serous 

ovarian carcinoma as a control. Detection of the granulosa cell and sex-cord stromal tumor 

marker, inhibin, is shown with granulosa cells as a positive control. PAX8 expression is 

shown with a fallopian tube (oviduct) positive control. Scale bars = 50 µm. 
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2.5.4 STOSE cells retained a population of SCA1+ cells that exhibit greater malignant potential 

We have recently identified SCA1 as a marker of a defined stem-like population in the 

OSE (Gamwell et al., 2012). Flow cytometry confirmed that the parental M0505 cell line 

contains an average SCA1+ population of 14.5 ± 1.4% (n=6). Interestingly, STOSE cells 

have retained a smaller SCA1+ population, on average 5.8 ± 0.8% (n=11, Fig. 2-5A). To 

determine if SCA1+ and SCA1- cells exhibit a difference in malignant potential in vitro, 

M0505 and STOSE cells were sorted for SCA1 expression and assayed for colony forming 

efficiency in soft agar. Sca1+ STOSE cells formed significantly more colonies than Sca1- 

STOSE cells (p<0.05, Fig. 2-5B).  
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Figure 2-5. A SCA1+ population is present in STOSE cells. (A) Percentage of SCA1+ 

cells in M0505 (n=6) and STOSE (n=11) cells as assessed by flow cytometry. *p<0.01, 

student’s t-test.  (B) Quantification of colony formation in soft agar by SCA1+ and SCA1- 

M0505 and STOSE cells. Colonies were counted using ImageJ software 7 days after 

seeding 2.5x104 cells in soft agar. The average number of colonies in 5 fields of view is 

presented (n=3). ANOVA was used to determine significance; bars with different letters 

are significantly different.  
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Since SCA1+ STOSE cells exhibit a more malignant phenotype in vitro, SCA1+ STOSE 

cell malignancy was tested in vivo. To determine if SCA1 marks cells with enhanced ability 

to initiate tumors, SCA1+ and SCA1- STOSE cells (4x104) were injected IB into 29 FVB/N 

mouse ovaries, 15 with SCA1- cells and 14 with SCA1+ cells. SCA1+ STOSE cells 

initiated tumorigenesis faster than SCA1- STOSE cells with the median times to a palpable 

tumor of 19 (n=15) and 27 days (n=14), respectively (p<0.01, Fig. 2-6A). There was no 

difference in total tumor burden between the two groups when the mice were euthanized 

116 days after STOSE cell injection, with mice having a tumor burden of 2.70±0.53 g (n=7) 

for SCA1- tumors vs. 2.72±0.32 g (n=6) for SCA1+ tumors. At that time point, SCA1+ 

and SCA1- STOSE tumors also showed a similar degree of tumor dissemination, 

metastasizing consistently to the uterus, stomach, diaphragm, small and large intestines, 

spleen, and pancreas.   

 

To determine if the increased initiation rate in SCA1+ compared to SCA1- STOSE tumors 

resulted in different histological presentation, immunohistochemistry was performed using 

markers of HGSC. Both SCA1+ and SCA1- STOSE tumors are pan-CK+, WT1+, inhibin-

, and PAX8+ (Fig. 2-6B), with no gross histological differences evident between SCA1+ 

and SCA1- tumors. Western blot analysis confirmed strong PAX8 positivity in both 

SCA1+ and SCA1- STOSE tumors (Fig. 2-6C), relative to the positive control, normal 

uterine tissue, and to the low level of expression seen in M0505 and STOSE cells cultured 

in vitro. An independent non-tumorigenic normal OSE cell line, M1102, was used as a 

negative control. Expression of p53 in SCA1+ and SCA1- STOSE-derived tumors was 
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determined using western blot analysis. SCA1+ and SCA1- tumors were positive for p53 

expression (Fig. 2-6D).  

 

 

  

Figure 2-6. SCA1+ STOSE cells initiate HGSC tumorigenesis faster than SCA1- 

STOSE cells. Flow cytometric sorting was used to separate Sca1+ and Sca1- STOSE cells. 

SCA1+ (n=14) and Sca1- (n=15) STOSE cells were injected intrabursally into FVB/N 

mouse ovaries (4x104 cells/ovary). (A) The first day ovarian tumors were palpable after 

day of injection (day 0) is presented and represents the initiation of tumorigenesis. Black 

lines represent median values. *p<0.01, student’s t-test. (B) Hematoxylin and eosin (H&E) 

staining and immunohistochemical staining of pan-cytokeratin (CK), WT1, inhibin, and 

PAX8, all commonly used markers to subtype ovarian carcinoma. Scale bars = 50 µm. (C) 

PAX8 (48 KDa) expression in cell lines and STOSE-derived SCA1+ and SCA1- tumors. 

Lane 1 is uterus from a wild-type FVB/N mouse as a positive control. Lane 2 is the normal 

M1102 OSE cell line as a negative control. Lanes 3-4 are passage 14 and 22 M0505 cells 
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and lane 5 is STOSE cells. Lanes 6-7 and 8-9 represent tumors derived from SCA1- and 

SCA1+ STOSE cells, respectively. β-ACTIN (42 KDa) was used as a loading control. (D) 

P53 (53 KDa) expression in STOSE-derived SCA1+ and SCA1- tumors. Lane 1 is a T-

antigen expressing CAG-TAg tumor as a positive control. Lane 2 is brain from a wild-type 

FVB/N as a negative control. Lane 3-4 represents STOSE-derived SCA1- and SCA1+ 

tumors, respectively. 

 

2.6 Discussion 

There is substantial need for new models of HGSC that have similar expression profiles, 

chromosomal aberrations, and histological features characteristic of human HGSC. These 

models should also account for the multiple origins of HGSC in order to effectively narrow 

down screening targets based on the tissue of origin. The body of work presented here 

describes the production and characterization of a spontaneously transformed OSE cell 

line. STOSE cells have lost characteristic epithelial ‘cobblestone’ morphology, have a 

greatly increased proliferation rate and, form colonies in soft agar. Interestingly, there is 

aneuploidy in both M0505 and STOSE cells, suggesting that aneuploidy may have 

preceded transformation. Linear fold changes calculated from M0505 and STOSE cell 

microarray data revealed that STOSE cells have differentially expressed genes that are 

consistent with human HGSC tumor samples and previous studies on ovarian cancer cell 

lines. Tumors with an immunohistochemical profile of HGSC formed in all 

immunocompromised SCID and syngeneic FVB/N mice following IP STOSE cell 

injections, confirming the potential for STOSE cells to be used as a syngeneic model of 

HGSC.  Finally, STOSE cells that express SCA1 appear to be more aggressive, with 

increased colony forming efficiency in vitro and faster tumor initiation in vivo. 
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Recent reviews have discussed the pros and cons of current models of HGSC (Garson et 

al., 2012; Jones and Drapkin, 2013; Lengyel et al., 2014). Current models have focused on 

the use of transgenics, xenografts of human cancer cells, and OSE cells transformed by 

genetic engineering in attempts to model HGSC. These models have had some success in 

modeling HGSC as well as low-grade serous, endometrioid, and granulosa cell-derived 

tumors, although results of these studies are highly variable and commonly have strain-

dependent phenotypes (Garson et al., 2012). Most transgenics have focused on the use of 

the Anti-Mullerian Hormone Type II Receptor (Amhr2 or MISIIR) promoter to drive tumor 

suppressor knockout or oncogene activation, but its expression in granulosa cells as well 

as both ovarian epithelium and fimbria can confound the results and make the origins of 

such cancers unclear (Garson et al., 2012). Human xenografts into immune-compromised 

mice have provided much knowledge on the metastasis and chemoresistance of human 

tumors. The lack of an immune system can limit some uses of these models, which do not 

accurately represent the human tumor microenvironment in which the immune system has 

a critical role in tumor progression and response to treatment (Jones and Drapkin, 2013; 

Lengyel et al., 2014). Genetically engineered OSE cells have provided much insight into 

genes that are sufficient to transform OSE cells (Orsulic et al., 2002; Xing and Orsulic, 

2006), but their involvement in HGSC initiation or progression is unknown and 

manipulating such genes may not represent the natural progression of disease.   

 

The STOSE cells reported here join a number of other spontaneously transformed rat 

(ROSE) (Rose et al., 1996; Testa et al., 1994) and mouse OSE cell lines that have been 

previously reported.  Syngeneic mouse models include ID8, IF5, IG10, L-MOSE and, 
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MOSEC cells (Lv et al., 2012; Roberts et al., 2005; Roby et al., 2000; Urzúa et al., 2010). 

These models are all tumorigenic in immunocompetent mice and allow the study of 

immunologic parameters as well as serve as a resource to test immunotherapies in ovarian 

cancer (Roberts et al., 2005). Spontaneous models are beneficial since they arise from 

specific cell types, so their origins are clear (Ricci et al., 2013). All of the models derived 

from spontaneously transformed OSE cells have yielded poorly differentiated epithelial 

carcinomas, but have not been examined further to confirm their histologic identity as it 

compares with human tumors. Those lines tested have shown gene expression profiles 

similar to human (X. Chen et al., 2013; Foster et al., 2013).  

 

The STOSE model is the first spontaneous HGSC model, as confirmed by the expression 

of immunohistochemical markers (pan-CK+, WT1+, inhibin-, PAX8+), consistent with 

human ovarian carcinomas (Auersperg, 2013a; Soslow, 2008). The expression of WT1 and 

PAX8, commonly used to diagnose HGSC, help to confirm that OSE cells have the ability 

to spontaneously transform into HGSC. PAX8 positivity in human HGSC is one of the 

characteristics used to support a fimbrial origin of HGSC (Auersperg, 2013a). It is well-

established as a marker of fimbrial epithelium and, due to its expression in HGSC, much 

research has now focused on the fimbrial epithelium (Auersperg, 2013a; Flesken-Nikitin 

et al., 2013). Recently, a report has shown that PAX8+ tumors can be produced from 

transformed hilum cells that originate in the ovary, providing additional evidence that the 

OSE cells can be an origin of HGSC (Flesken-Nikitin et al., 2013). Although OSE cells 

have little to no PAX8 expression, our results show that both the untransformed M0505 

cells as well as the STOSE cells had a low level of expression of PAX8+ (Fig. 2-6C), 
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suggesting that early acquisition of PAX8 expression in the M0505 cells may have 

facilitated the transformation of these cells.  Further study of PAX8 and its function in 

M0505 and STOSE cells will help delineate its role in the transformation process.  

 

The STOSE model is also the first syngeneic ovarian cancer model in the FVB/N strain of 

mice. All previous spontaneously transformed mouse OSE cells have been derived from 

C57Bl/6 mice (Lv et al., 2012; Roberts et al., 2005; Roby et al., 2000; Urzúa et al., 2006). 

Most spontaneous models have been produced by IP injection into syngeneic hosts, 

abrogating the ability to study metastasis from a specific site. The ovarian bursa is a 

controlled and distinct microenvironment and we have previously shown that, while tumor 

histology is not different when cells are injected into this location, it is an effective means 

to identify more invasive cells, as only aggressive cells can invade the ovary and/or breach 

the bursal membrane (Shaw et al., 2004). Injecting cells under the bursal membrane also 

provides the ability to study the immune parameters associated with metastasis that could 

enable the production of immune therapies to prevent metastasis. The spontaneous ID8 

model has produced peritoneal metastases following IB injection into their syngeneic 

C57Bl/6 strain of origin (Greenaway et al., 2008). The STOSE model also forms extensive 

peritoneal metastases following IB injection, making STOSE the first metastatic HGSC 

model in the FVB/N strain. Having spontaneous models in multiple strains is an important 

resource to enable investigators to show that the efficacy of a therapeutic strategy is 

independent of strain background, greatly improving the translation of therapeutic 

strategies.  
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STOSE cells are aneuploid and have gene expression changes consistent with human 

ovarian cancer. Aneuploidy is common in many cancers including ovarian cancers (Birch 

et al., 2011; Lv et al., 2012; Padilla-Nash et al., 2013; Roby et al., 2000; Weberpals et al., 

2008). Aneuploidy is a prognostic determinant in HGSC since severe aneuploidy is 

associated with poor outcome (Weberpals et al., 2008). STOSE cells have a high degree of 

aneuploidy, characterized by triploid and polyploid cells. Furthermore, the loss of genomic 

stability in both M0505 and STOSE cells as seen by aneuploidy may have been an early 

event leading to transformation that may explain the tumorigenic capacity of STOSE cells. 

Loss of chromosome 3, which contains many tumor suppressors, is seen in both M0505 

and STOSE cells. Haploinsufficiency of chromosome 3 tumor suppressors such as Lrrc3b 

(fold change of -2.69 in STOSE cells) may underlie transformation (Haraldson et al., 2012). 

Similarly, chromosome 8 is lost in M0505 and STOSE cells and it has been shown to 

contain ovarian cancer susceptibility loci, allelic loss of which may have contributed to 

transformation (Australian Cancer Study et al., 2013; The Wellcome Trust Case-Control 

Consortium et al., 2010). Three downregulated genes in STOSE cells, Enpp2, Sfrp1, and 

Star are all located on chromosome 8. Loss of chromosome 8 in M0505 cells may have 

been an early event in transformation (Locke et al., 2012; Vidot et al., 2010).  

 

Ingenuity pathway analysis of microarray data revealed gene expression changes related to 

Wnt/β-Catenin signaling in STOSE cells suggesting signaling in the Wnt pathway might 

be aberrant. Many of the downregulated genes in STOSE cells are associated with Wnt/β-

Catenin signaling and have been associated with loss of heterozygosity or promoter 

methylation in ovarian cancer, including Fzd4, Sfrp1 and, Axin2 (Dai et al., 2011; 
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Notaridou et al., 2011; Takada et al., 2004; Teodoridis et al., 2005). Interestingly, Cdkn2a 

is downregulated in 30% of HGSC cases and Ccnd1 is amplified in 4% of the cases, 

according to TCGA ovarian carcinoma array (Bell et al., 2011). STOSE cells have a similar 

expression pattern of Cdkn2a and Ccnd1. Cdkn2a and Ccnd1 are both associated with 

Wnt/β-Catenin signaling. Ccnd1 is a well-established target gene of β-Catenin signaling 

and has a role in promoting cell cycle progression, while Cdkn2a encodes a cell cycle 

inhibitor that is suppressed by β-Catenin (Bell et al., 2011; Curley and Bosenberg, 2008; 

Tapper et al., 2001). Due to the association of these two genes with human HGSC and 

aberrant Wnt signaling in STOSE cells, further study of the role of Cdkn2a, Ccnd1 and 

Wnt/β-Catenin signaling is needed to understand the role Wnt/β-Catenin signaling in the 

transformation of M0505 cells into STOSE cells or in the tumorigenic capacity of STOSE 

cells. A greater understanding of this pathway may translate to greater knowledge on the 

initiation and progression of HGSC.  

 

Interestingly, Aldh1a2 is the most downregulated gene in STOSE cells (-170.58 fold). 

Aldh1a2 is involved in retinoic acid (RA) biosynthesis and has been shown to have 

ubiquitous expression in the human ovarian surface epithelium (Auersperg, 2013a, 2013b). 

The RA-receptor β (Rarβ) is also downregulated in STOSE cells (-10.80 fold) suggesting 

multiple aspects of RA signaling are lost. RA signaling has been shown to crosstalk with 

Wnt/β-Catenin signaling and Aldh1a2 has also been identified as a tumor suppressor in 

prostate cancer, loss of which is an early event in the disease (Kim et al., 2005; Touma et 

al., 2009). Further study of Alhd1a2, RA signaling and the crosstalk between RA and 
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Wnt/B-Catenin signaling may help determine the mechanisms leading to transformation 

and tumorigenesis in HGSC.  

 

Investigation of a potential tumor-initiating cell population in the STOSE revealed that 

STOSE cells have retained a SCA1+ population that appears to have a more malignant 

phenotype than SCA1- STOSE cells. Tumor-initiating cells have been thought to be key 

contributors to HGSC etiology based on the heterogeneity and recurrence that are 

characteristic of the disease (X. Chen et al., 2013; Foster et al., 2013; Kulkarni-Datar et al., 

2013). TICs have been identified in both human and murine ovarian cancers by sorting for 

CD44, CD133, CD117, CD24, ALDH1 and SCA1 expression alone or in combination 

(Foster et al., 2013; Kulkarni-Datar et al., 2013). SCA1 has also been used for the 

enrichment of a stem cell population in leukemia, prostate, and breast cancers (Kulkarni-

Datar et al., 2013). STOSE cells were found to contain a SCA1+ stem cell-like population 

that exhibits increased malignancy both in vitro as assessed by colony formation and in 

vivo as assessed by initiation of tumorigenesis. Interestingly, SCA1+ and SCA1- STOSE-

derived tumors were positive for p53 expression by western blot analysis. DNA sequencing 

showed no mutations in the p53 gene, suggesting pathways that lead to p53 stabilization 

might also be aberrant in STOSE cells. Our findings that the SCA1+ population exhibits 

TIC characteristics is in line with a recent study on SCA1+ cells in the T2 mouse model of 

ovarian cancer, which showed that these cells have TIC characteristics that allow them to 

escape chemotherapy and produce heterogeneous tumors following treatment (Kulkarni-

Datar et al., 2013). The retention of a SCA1+ population with TIC characteristics allows 
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us to compare tumorigenic SCA1+ STOSE cells with non-tumorigenic SCA1+ M0505 

cells. 

 

In summary, this study has led to the development of a spontaneously transformed 

syngeneic model of HGSC in the FVB/N mouse, the first spontaneous murine model with 

defined features of HGSC. The STOSE model has characteristics of human disease such 

as aneuploidy, gene expression, and the presence of a TIC population. This model also 

produces extensive metastases in the peritoneal cavity following IB injection allowing for 

the study of tumor dissemination. Further investigation is required to understand the 

contribution of Wnt/β-catenin signaling in STOSE cells. The STOSE model offers vast 

potential for testing of novel therapeutics, including immune therapies. This model will 

also allow for the discovery of new screening targets that are involved in the transition of 

normal cells to HGSC. 
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2.8  Correction 

Since the publication of Chapter 2 in 2014, we have noticed an error in the chromosome 

numbers indicated for the genes Lrrc3b and Enpp2 that appear on page 60 of this thesis. 

In mice, Lrrc3b is located on chromosome 14, and Enpp2 is located on chromosome 15. 

All statements made in relation to Lrrc3b and Enpp2 in the context of STOSE cell 

transformation should be disregarded.  
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3 CHAPTER 3: DEEP LEARNING CLASSIFICATION OF OVARIAN CANCER  

The publication of the STOSE model (Chapter 2) has opened up numerous research 

avenues and collaborations for our laboratory. We have begun collaborations that aim to 

develop novel immunotherapies for ovarian cancer, including oncolytic viruses and a novel 

antibody therapy. In addition to developing therapeutics, the STOSE model offers a 

resource for optimizing diagnostic imaging techniques that could accelerate diagnostics or 

resolve histologically challenging problems such as chemoresistance. Recent imaging 

techniques including second-harmonic generation (SHG), two-photon excitation 

fluorescence (TPEF), and Raman spectroscopy can resolve tissue structure at a submicron 

resolution (Keikhosravi et al., 2014; Strupler et al., 2007). This allows for the development 

of advanced algorithms, particularly using machine and deep learning, that aim to 

determine whether structural differences in tissues can provide information on benign vs. 

malignant disease, cancer type, subtype, prognosis, and also project treatment efficacy 

(Watson et al., 2014; Wen et al., 2016, 2014; Williams et al., 2010). The use of Raman 

imaging was recently shown to stratify chemoresistant and chemosensitive cells (Moradi 

et al., 2017). Two recent studies have combined multiphoton microscopy with SHG and 

were able to determine the difference between normal and cancerous tissues in unstained, 

fixed, human ovarian cancer samples, and in live tumor-bearing mice (Watson et al., 2014; 

Williams et al., 2010). However, this approach still requires advanced training to analyze 

the resulting images. Further, trained pathologists are already extremely adept at 

determining if tissue is malignant. Thus, to complement a pathologist’s diagnostic arsenal, 

the next paper details a proof-of-principle approach that uses deep learning, a type of 

artificial intelligence, to classify SHG and TPEF images. 
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3.1 Author contributions  

This project was a collaborative effort between Dr. Mikko Huttunen, a post-doctoral fellow 

in the lab of Dr. Robert Boyd, and our lab. Dr. Vanderhyden and I contributed theoretically 

in the experimental design and helped develop a biologically relevant question. I generated 

the STOSE tumors through IB injections, processed the tissue and stained them with 

picrosirius red stain leading to my place as third author on the publication. All SHG and 

TPEF images were acquired by Abdurahman Hassan and Sijyl Fasih. Dr. Huttunen 

performed all deep learning analysis and wrote the manuscript. Dr. Vanderhyden and I 

were heavily involved in editing the manuscript where ovarian cancer and models are 

discussed.  
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3.2 Abstract 

Histopathological image analysis of stained tissue slides is routinely used in tumor 

detection and classification. However, diagnosis requires a highly trained pathologist and 

can thus be time-consuming, labor-intensive and potentially risks bias. Here, we 

demonstrate a potential complementary approach for diagnosis. We show that multiphoton 

microscopy images from unstained, reproductive tissues can be robustly classified using 

deep learning techniques. We fine-train four pre-trained convolutional neural networks by 

using over 200 murine tissue images based on combined second-harmonic generation and 

two-photon excitation fluorescence contrast, to classify the tissues either as healthy or 

associated with high-grade serous carcinoma with over 95% sensitivity and 97% 

specificity. Our approach shows promise for applications involving automated disease 

diagnosis. It could also be readily applied to other tissues, diseases and related 

classification problems. 

3.3 Introduction 

Ovarian cancer is the most lethal gynecological malignancy with an estimated 22,280 new 

cases and 14,240 deaths in 2016 in the US alone (Siegel et al., 2016). High-grade serous 

carcinoma (HGSC) is the most common type of epithelial ovarian cancer accounting for 

70% of the cases and associated with a low 5-year survival rate of only 40% (McCloskey 

et al., 2014). Due to the lack of effective screening and diagnostic imaging techniques, the 

disease is normally detected at a late stage after wide-spread dissemination. Furthermore, 

the existing techniques do not permit the detection of microscopic residual disease at the 

time of surgery. There is thus an urgent need for developing a high resolution imaging 
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technique that permits the rapid and automated detection of early and recurrent ovarian 

cancer from tissue biopsies with high accuracy.  

 

Multiphoton microscopy is a high-resolution optical imaging technique that is becoming 

an indispensable tool in cancer research and diagnosis (Campagnola, 2011; Denk et al., 

1990; Kirkpatrick et al., 2007; Nadiarnykh et al., 2010; Prat, 2012; Watson et al., 2014; 

Williams et al., 2010). In this imaging paradigm, the nonlinear optical signals are generated 

only at the focal point of the excitation beam, providing intrinsic 3D optical sectioning and 

permitting non-destructive, label-free imaging. In particular, second-harmonic generation 

(SHG) imaging provides intrinsic contrast to visualize the organization of collagen fibers 

and elastin, which are major constituents of the extracellular matrix (ECM), the distribution 

of which can be a key identifier for several diseases (Kirkpatrick et al., 2007; Nadiarnykh 

et al., 2010). Another example is two-photon excitation fluorescence (TPEF) imaging of 

intrinsic tissue fluorescence, which enables the identification of changes in cellular 

morphology and organization. SHG and TPEF imaging have been utilized to demonstrate 

that remodeling of the ECM is associated with cancer progression (Bonnans et al., 2014; 

Cox and Erler, 2011; Kirkpatrick et al., 2007; Nadiarnykh et al., 2010; Provenzano et al., 

2008; Williams et al., 2010).  Wen et al. (Wen et al., 2014) implemented 2D texture 

analysis of SHG images from unstained ovarian tissue to quantify the remodeling of the 

ECM.  Recently, the approach was generalized to 3D texture analysis and to classify SHG 

images from six different ovarian tissue types (Wen et al., 2016). These studies 

demonstrate the potential of machine learning based evaluation of SHG images for 

improved diagnostic accuracy of ovarian cancer detection. 
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In machine learning the computer programs learn to perform data analysis tasks, such as 

image classification, that are hard to perform algorithmically due to the complexity of the 

data set. Image classification is often achieved using supervised learning, where the task is 

learned by using labeled training images. In general, the labeled images are used to learn a 

more optimal representation of the image data, which facilitates clustering of the images 

into clearly separated sets and thus enables their classification. Several supervised learning 

approaches exist for classification tasks; support vector machines (SVMs) and logistic 

regression are among the most commonly used due to their relative simplicity and 

performance (Chapelle et al., 1999). However, these classification approaches require 

extensive image processing and hand-crafted feature extraction procedures. In contrast, 

deep learning is a rapidly growing area of machine learning, in which data are analyzed 

using multilayered artificial neural networks that avoid extensive human intervention 

(Krizhevsky et al., 2012). In particular, convolutional neural networks (CNNs) have been 

applied also for classifying images of stained tissue biopsy slides (Donahue et al., 2013; 

“grand-challenges - Home,” n.d.; He et al., 2015; Krizhevsky et al., 2012; Simonyan and 

Zisserman, 2014; Szegedy et al., 2014; D. Wang et al., 2016). In these studies, the CNNs 

have been trained using large amounts of data consisting of millions of images (Deng et 

al., 2009; Russakovsky et al., 2014). But so far, the use of CNNs in the classification of 

multiphoton images has been remarkably limited (Weng et al., 2017), mainly because of 

the small size of the typically available data set. However, with the development of deep 

learning techniques for high-accuracy classification that require fewer training images, its 

application to multiphoton image data sets has become more viable, which could lead to 

rapid and reliable automated diagnostic tools.   
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In this paper, we demonstrate the use of deep neural networks for robust and real-time 

classification of multiphoton microscopy images of unstained tissues. We acquire SHG 

and TPEF images of ovarian and upper reproductive tract tissue from healthy mice and 

tumor tissue from orthotopic syngeneic HGSC murine models. We construct binary image 

classifiers (healthy versus HGSC) by fine-tuning pre-trained CNNs using a relatively small 

acquired data set consisting of ~200 multiphoton images. We study the performance of 

four pre-trained CNNs (AlexNet, VGG-16, VGG-19 and GoogLeNet), and examine the 

role of data augmentation on the results. We demonstrate classification of the acquired 

images with over 95% sensitivity and 97% specificity. In particular, we show that best 

classification performance is achieved when the combined TPEF and SHG data are used 

compared to using only the SHG or TPEF data. The trained classifiers are also shown to 

outperform more traditional classifiers based on SVMs. Because the demonstrated 

approach is minimally invasive, operates in real-time and requires very little sample 

preparation, it has potential for clinical applications and for computer-aided diagnosis.  

 

Image classification using pre-trained convolutional neural networks 

Deep learning and CNNs have recently proved useful for various computer vision tasks 

(Donahue et al., 2013; “grand-challenges - Home,” n.d.; He et al., 2015; Krizhevsky et al., 

2012; Simonyan and Zisserman, 2014; Szegedy et al., 2014; D. Wang et al., 2016). 

Although several CNNs with different architectures and configurations exist, their overall 

working principles are similar.  The input image is passed through the CNN consisting of 

different layers, such as convolutional, pooling, activation and fully-connected, where each 

layer performs specific types of data operations. The layers are made of artificial neurons, 
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which calculate a weighted sum of the inputs and transform it, often with a bias, to an 

output using a transfer function. During the training process of the CNN, the weights and 

biases of the artificial neurons are optimized leading to the desired performance of the 

network, such as distinguishing between healthy and diseased tissue samples.   

 

In convolutional layers, the input data is convolved using various filters into a more useful 

representation, which can be used for example in feature detection/extraction. The number 

of sequential convolutional layers, i.e. the depth of the CNN, varies from a few layers to 

hundreds of layers where the deeper CNNs are computationally more expensive but often 

outperform shallower ones (Krizhevsky et al., 2012; Simonyan and Zisserman, 2014). 

Pooling layers down-sample the input to reduce its dimensionality. Activation layers, such 

as rectified linear units, provide nonlinearity to the signal processing allowing faster and 

more effective training of the network (Krizhevsky et al., 2012). At the end of the CNN, 

fully-connected (FC) layers are used to compute the output, in our case the binary class 

scores (healthy vs. HGSC) for each input image. Alternatively, the FC layers can be 

replaced by other classifiers, for example based on logistic regression or SVMs, which are 

optimized for the task of classification (Mostaço-Guidolin et al., 2013). 

 

After the CNN is designed, it needs to be trained for the particular task. For the case of 

supervised learning this is done by forming a cost function for the network and using it to 

compare the calculated output of the network with the desired output. The network is then 

trained by iteratively optimizing its weights and biases to minimize the cost function. This 

process utilizes gradient descent method and a procedure known as backpropagation 
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(Rumelhart et al., 1988). First and foremost, a large data set is needed to successfully train 

a network from scratch and to overcome problems related to overfitting. For example the 

well-known AlexNet was trained using ~1.2 million images divided into 1000 categories 

(Deng et al., 2009; Krizhevsky et al., 2012).  

 

For our task of binary classification of multiphoton images from ovarian and surrounding 

reproductive tract tissues no extensive data sets yet existed, and neither was it feasible to 

generate a vast amount of data. Therefore, instead of training a CNN from scratch, we used 

four pre-trained CNNs (AlexNet, VGG-16, VGG-19 and GoogLeNet). These CNNs were 

chosen as they are openly available and due to their success in the ImageNet Large Scale 

Visual Recognition Challenges (Deng et al., 2009; Russakovsky et al., 2014). AlexNet was 

the first successful CNN winning the 2012 challenge outperforming thus the more 

conventional approaches. The more sophisticated VGG-16 and VGG-19 networks were the 

winners of the following year and were again superseded by the GoogLeNet in the 2014 

competition. Since we had no prior knowledge on how well each of these CNNs could 

perform on our classification task, we fine-trained all of them.      

 

We replaced their last few FC layers, originally responsible for the 1000-way classification 

of ImageNet data (Deng et al., 2009; Russakovsky et al., 2014), with a binary classifier 

enabling fine-training of the modified CNN using a considerably smaller data set consisting 

of ~200 images. Since it was not a priori clear what kind of classifier would result in the 

best classification performance, we used two different approaches. In the first, we replaced 

the final FC layers by a linear SVM, since SVMs are often used for binary image 
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classification. In the second approach, we replaced the final FC layers by new layers 

(sequential FC, Softmax and classification layers) more suitable for binary classification. 

Figure 3-1 shows a layout illustrating the two chosen approaches. Since in these approaches 

we were fine-training the modified CNNs using smaller amounts of data, overfitting could 

cause problems, but such problems were mitigated by data augmentation and dropout as 

shown in earlier reports focusing on medical image analysis (Bar et al., 2015; Mostaço-

Guidolin et al., 2013; Srivastava et al., 2014; Tajbakhsh et al., 2016; D. Wang et al., 2016).  
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Figure 3-1. Schematic of the two transfer learning approaches used in this study for 

classifying the input multiphoton images either as healthy or cancerous (HGSC). In 

both cases, the input images are fed to the pre-trained CNNs, which transform the data into 

a more optimal representation enabling robust classification. In the first approach, the 

output of the pre-trained CNN is fed to a trained SVM classifier. In the second approach, 

the final FC layers of the pre-trained CNNs are replaced by new FC layers more suitable 

for binary classification. 
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3.4 Results 

Animal experiments were performed in accordance with the Canadian Council on Animal 

Care’s Guidelines for the Care and Use of Animals under a protocol approved by the 

University of Ottawa’s Animal Care Committee. Samples were acquired from five healthy 

FVB/n mice and five syngeneic mice with HGSC-like ovarian cancer generated by 

injection of spontaneously transformed ovarian surface epithelial (STOSE) cells under the 

ovarian bursa (McCloskey et al., 2014). Five 6 𝜇m thick sections were prepared both from 

the upper reproductive tract of healthy mice (n = 5) and from STOSE ovarian tumors (n = 

5). Four sections from each sample were left unstained and imaged using a multiphoton 

microscope. One section per sample was stained with picrosirius red and was used for 

overall inspection of the tissues.  

 

All samples were imaged by measuring back-scattered TPEF and SHG signals. In order to 

ensure that the trained classifiers could correctly classify images where parts of 

surrounding non-ovarian tissues are present, tissues from the upper part of the reproductive 

tract were also imaged. A Ti:Sapphire femtosecond laser (Mai Tai HP, Spectra Physics) 

with 80 MHz repetition rate and ~150 fs pulses at the incident wavelength of 840 nm was 

used for excitation in conjunction with a laser-scanning microscope (Fluoview FVMPE-

RS, Olympus). All measurements were taken with a 40 (NA = 0.8) water-immersion 

objective (LUMPlanFL, Olympus). The average incident power at the sample plane was 5-

10 mW, which was adjusted using a polarizer and a rotating half-wave plate along the beam 

line. A quarter-wave plate and a Soleil-Babinet compensator were used to ensure that the 

incident polarization at the sample plane was circular. Circular polarization was used to 
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make sure that anisotropic structures, in our case mainly the collagen fibers, were evenly 

excited and imaged. The back-scattered nonlinear signals were separated from the 

fundamental beam using a dichroic mirror (DM690, Olympus). The TPEF signal was 

separated from the SHG signal using another dichroic mirror (FF452-Di01, Semrock) and 

the SHG signal was further filtered using a band-pass filter (FF01-420/10, Semrock).  

 

Both SHG and TPEF images consisting of 800800 pixels were simultaneously acquired 

with a field of view of ~250250 𝜇m². A pixel dwell time of 8 𝜇s was used and each image 

pixel was averaged 16 times to improve the signal-to-noise ratio, resulting in an imaging 

speed of 82 s per image. The raw data were transformed into RGB images, where the red 

(green) channel corresponded to TPEF (SHG) signal and the blue channel was set to zero. 

Representative multiphoton images from healthy and cancerous reproductive tissues 

alongside with the corresponding bright-field images from adjacent stained sections are 

shown in Fig. 3-2. Remodeling of the ECM is visible as an increase in the amount of 

collagen and thus SHG signal in the cancerous tissue, while changes in the overall tissue 

morphology are seen in the TPEF signal [compare Figs. 3-2(c) and 3-2(f)].  
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Figure 3-2. SHG and TPEF imaging of murine tissues. Left: Representative bright-field 

images from stained murine model (a) healthy ovarian tissue, (b) healthy reproductive tract 

tissue and (c) HGSC tissue. Collagen appears dark red in the stained tissue images. Right: 

(d)-(f) Corresponding multiphoton images from adjacent unstained sections, respectively. 

Relative to healthy ovary (a) and (d), remodeling of ECM is visible in cases of HGSC (c) 

and (f) as an increase in the amount of collagen and consequent SHG signal (green). In 

addition, the overall tissue morphology becomes less organized which is visible in the 

intrinsic TPEF signal (red). Scale bars are 50 m. 
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As the data set of ~200 images was relatively small for our purposes, we first augmented 

the data using patch extraction. The original RGB images were divided into N evenly 

spaced patches (see Fig. 3-3) consisting of 227227 (224224) pixels, to match the input 

size requirements of the pre-trained CNN AlexNet (VGG-16, VGG-19 and GoogLeNet). 

This choice also maintained the same field-of-view in the patches, as varying field-of-view 

might affect the results. To minimize the amount of overlapping data we only considered 

cases N = 1, 4, 9, 16 and 25. The performed patch extraction for one example image for the 

case of N = 25 is illustrated in Fig. 3-3.  Due to the reduced field-of-view some of the image 

patches were found to be very dark, containing only minimal image features. As such 

patches could compromise the training, patches with mean pixel values below 3% of the 

maximum pixel count value were excluded from the analysis. Data sets processed in this 

way were further augmented using horizontal and vertical reflections together resulting in 

further threefold increase in the data set size. Therefore, the overall data augmentation 

scheme, consisting of patch extraction along with horizontal and vertical reflections, led 

up to a 75-fold increase in the training set size.  
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Figure 3-3. Schematic illustrating the overlap between the extracted patches (colored 

squares) for the case of N = 25. For clarity, only every second patch in each row on the 

upper triangle of the image is shown. Scale bar is 50 m. 
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The whole data set was randomly divided into training and validation sets using a ratio of 

60/40 respectively. The classifiers were then trained using the training data set and 

validated using the validation set by calculating the classification sensitivity (true positive 

rate), specificity (true negative rate) and accuracy (number of correct classifications 

divided by the total number of cases). The classification performance of the two studied 

approaches as discussed in Section 2  (using SVMs with learned features from pre-trained 

CNNs versus fine-trained modified CNNs), was quantified in this way. Since the training 

and validation sets were randomly chosen, the calculated accuracies varied slightly for each 

training event. Therefore, training events were repeated 25 times and the mean sensitivities, 

specificities and accuracies (along with their standard deviations) are reported for better 

representation of the results. The results for all the studied classifiers are shown in Fig. 3-

4.   
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Figure 3-4. Pre-trained CNNs stratify STOSE tumors and healthy reproductive tract. 

Left: Calculated (a)-(c) sensitivity, specificity and accuracy for the classifiers using SMVs 

with learned features from the pre-trained CNNs, respectively. Right: Calculated (d)-(f) 

sensitivity, specificity and accuracy for the classifiers formed by fine-training the CNNs. 

In general, increasing number of image patches N improves the results (see colored 

markers). Each data point is the mean result of 25 separately trained classifiers with the 

error bars corresponding to the respective standard deviation. Classification performance 

using only the SHG (TPEF) data are shown with black crosses (gray stars), on average 

resulting in ~5 % (~0.3 %) decrease in the classification performance compared to 

classifiers trained using both the TPEF and the SHG data. 
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As a second step, we estimated how well the approach generalizes to independent data sets 

by performing leave-two-mice-out cross-validation, where the classifiers are trained using 

image data taken from eight mice and validated using the two remaining independent ones. 

This better represents a realistic scenario in which the classifier is first trained on known 

samples, and then used to diagnose a sample being observed for the first time. Because the 

approach of fine-training CNNs resulted in better classification performance compared to 

using SVMs with learned features from the pre-trained CNNs, only the approach based on 

fine-training CNNs was used for this validation test. During this test, the CNNs were 

independently trained on sets from eight samples before being validated on the remaining 

two samples, which they were seeing for the first time. The training process was repeated 

for all the 25 possible data set permutations and the results for the calculated sensitivities, 

specificities and accuracies with their standard deviations are shown in Fig. 3-5.  
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Figure 3-5. Calculated (a) sensitivity, (b) specificity and (c) accuracy for the four fine-

trained CNN classifiers using leave-2-mice-out cross-validation with the error bars 

corresponding to the respective standard deviation. Both TPEF and SHG data were 

used in the training and analysis. The fine-trained VGG-19 network showed the best 

classification sensitivity (94.1±4.4 %), specificity (93±7.5 %) and accuracy (93±4.5 %) for 

the case of N = 25 (marked as yellow diamonds), respectively. 
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3.5 Discussion 

In general, three trends are visible in our results. First, it is clear that the patch extraction 

improves the results, since increasing N systematically improves the classification 

performance (see the colored markers in Fig. 3-4). Second, more conventional classifiers 

based on SVMs [see Fig. 3-4(a)] are clearly outperformed by the classifiers based on fine-

trained CNNs [see Fig. 3-4(b)]. When fine-trained CNNs are used, the classification 

sensitivity, specificity and accuracy all increase on average by ~3 %, which is a marked 

improvement. Third, classification performance (sensitivity, specificity and accuracy) 

increase by ~5 % when the classifiers are trained using both the TPEF and the SHG data 

(see the colored markers in Fig. 3-4), compared to training using only the SHG data (see 

the black crosses in Fig. 3-4). However, when the classifiers were trained by using only the 

TPEF data, the classification performance decreased only marginally (~0.3 %) compared 

to training with both TPEF and SHG data. This is a somewhat surprising result, because 

one intuitively expects a clear increase in classification performance when more data is 

used. Further investigation would be necessary to determine whether this performance 

difference is typical. Therefore, combined TPEF and SHG microscopy seems beneficial 

over solely SHG (or TPEF) microscopy. This is somewhat expected since the data set is 

twice as big, and since the TPEF+SHG images can support additional features not visible 

in bare SHG or TPEF images.   

 

The highest mean sensitivity (95.2±2.5 %), specificity (97.1±2.1 %) and accuracy 

(96.1±1.1 %) were found by fine-training the VGG-16 network using N = 25 image patches 

while using the training/validation scheme (see Fig. 3-4). But we note that all the studied 
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CNNs performed almost equally well, implying that the choice of which pre-trained CNN 

to use is not crucial. We believe that this is mostly because the studied CNNs were 

originally designed and trained to classify images into 1000 of different classes, which is a 

considerably more challenging computer vision task than the binary classification 

performed in this work. Therefore, it seems plausible that all of the studied CNNs exhibited 

adequately complex network structures to allow their successful training for the simpler 

task of binary classification. However, the size of the training data set was found important 

and should be maximized, for example using data augmentation, as done in this work.   

 

Then we discuss the leave-two-mice-out cross-validation results (see Fig 3-5). In general, 

the calculated sensitivities, specificities and accuracies were slightly lower (~3-4%) than 

what we achieved using the randomized training/validation scheme (see Fig. 3-4). 

However, the best performing classifier (fine-trained modified VGG-19) still resulted in 

very high classification sensitivity (94.1±4.4%), specificity (93±7.5%) and accuracy 

(93±4.5%) for the case of N = 25 (marked as yellow diamonds). Therefore, the results 

suggest that the studied approach could provide automated and reliable ovarian tissue 

classification based on label-free multiphoton microscopy images. 

 

Label-free images based on contrast from intrinsic multiphoton SHG and TPEF processes 

were used to demonstrate the deep learning technique in this study. Among the many 

advantages of the demonstrated approach is that it scales very favorably with the increasing 

amount of data. This is not necessarily the case for more conventional approaches based 

on user-defined filters and data analysis (Mostaço-Guidolin et al., 2013; Wen et al., 2016). 
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The amount of training data could be increased further using a multimodal approach based 

on other label-free nonlinear modalities, such as third-harmonic generation (Débarre et al., 

2006; Weigelin et al., 2016), coherent anti-Stokes Raman scattering (Weng et al., 2017), 

or polarized SHG (Golaraei et al., 2014; Lee et al., 2013; Rouède et al., 2017; Strupler et 

al., 2007). In addition, considerably larger data sets could be generated for example, by 

switching to 3D volumetric imaging. Recent work suggests that such a switch could 

improve the classification accuracy (Wen et al., 2016).   

 

The method demonstrated in this study is quite general, and could be readily extended to 

other tasks, such as multi-class classification of tissues between known cancer types or 

stage classification of malignant tumors (Brierley JD., Gospodarowicz MK., Wittekind C., 

2017; Wen et al., 2016). We also believe that this approach is not restricted only to 

cancerous tissues, but could be straightforwardly extended to study and classify other 

diseases/disorders known to correlate with ECM remodeling, such as many fibrotic 

diseases (Bonnans et al., 2014; Cox and Erler, 2011; Rouède et al., 2017; Strupler et al., 

2007). 

 

Finally, we discuss the speed of the approach. The complexity of the used CNN and the 

amount of data defines the training time along with the used training parameters. Training 

was performed using stochastic gradient method with a batch size of 50, initial learning 

rate of 0.0001 for up to four epochs (Krizhevsky et al., 2012). Fine-tuning the simplest 

CNN (AlexNet) using 25 image patches took around 300 s, whereas the same training took 

~1 hour for the computationally most demanding CNN (VGG-19). A graphics processing 
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unit (NVIDIA GeForce GTX 1080 Ti) was used to speed-up the training. We note that the 

training times were considerably shorter when the learned features of pre-trained CNNs 

were used to train a SVM classifier. But we emphasize that irrespective of the training time, 

which in general could be long, the actual classification process using the learned 

classifiers is quite fast (8-50 ms/image). Therefore, the computationally demanding 

training process does not compromise potential applications, since real-time image 

classification is perfectly feasible.  

 

3.6 Conclusion 

We have performed combined second-harmonic generation (SHG) and two-photon 

excitation fluorescence (TPEF) microscopy on normal and cancerous murine ovarian and 

surrounding reproductive tissues. We demonstrated that already with a relatively small data 

set consisting of ~200 images, pre-trained convolutional neural networks can be fine-

trained into binary image classifiers to correctly classify the images with over sensitivity 

95 % and 97 % specificity. We compared four pre-trained networks (AlexNet, VGG-16, 

VGG-19 and GoogLeNet), and investigated how data augmentation improves the 

classification performance. We also showed that training the classifiers using both the 

TPEF and SHG data is beneficial compared to using only the SHG data.  

 

Histopathological image analysis of stained tissue slides is routinely used in tumor 

detection and classification. Diagnosis requires a highly trained pathologist and can thus 

be time-consuming, labor-intensive and potentially risks bias. The trained classifiers 

demonstrated in this paper perform in real-time and could thus be potentially useful for 
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clinical applications, such as for computer-aided diagnosis. The technique demonstrated 

here will also be valuable for investigating the etiology of ovarian cancer. Since the 

approach is very general, it could be easily extended to other nonlinear optical imaging 

modalities and to various biomedical applications. 
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4 CHAPTER 4: METFORMIN USE ABROGATES AGE-ASSOCIATED 

OVARIAN FIBROSIS – A POSSIBLE STRATEGY FOR OVARIAN 

CANCER PREVENTION. 

Our ongoing collaborations with the STOSE model led us to appreciate the role of the 

tumor microenvironment, both structural and cellular features, in mediating treatment 

resistance for both chemotherapy and immunotherapy. The tumor stroma has characteristic 

changes in collagen structure commonly referred to as desmoplasia (DeClerck, 2012). 

These structural changes are known to induce inflammation and provide mechanosensory 

cues to tumor cells that facilitate their invasion and migration (reviewed in Harper et al., 

2018). Interestingly, the changes in structure and cellular composition seen in the tumor 

stroma is consistent with features of a pre-metastatic niche, particularly in fibrotic organs 

(Cox and Erler, 2014). Given that the ovary is a common site of metastasis and the recent 

identification of age-associated murine ovarian fibrosis (Bigorie et al., 2010; Briley et al., 

2016; Li et al., 2012; Loughran et al., 2018), we next aimed to determine if the primary 

non-hereditary ovarian cancer risk factors of age and ovulation contribute to the formation 

of a pre-metastatic fibrotic niche within the aging human ovary. The paper below delves 

into our findings.  
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This paper has been submitted to Science Translational Medicine in September 2018. 

 

 

Metformin use abrogates age-associated ovarian 
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prevention 
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One Sentence Summary: Metformin use abrogates age-associated ovarian fibrosis to 

reduce tumor-permissivity, offering support for metformin use as a strategy for ovarian 

cancer prevention. 
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4.2 Abstract 

Age and the number of life-time ovulations are the primary non-hereditary risk factors for 

ovarian cancer, but reasons for this remain largely unknown. Ovulatory risk is especially 

curious since ovarian cancer incidence increases in postmenopausal women, after 

ovulations have ceased. Recent evidence has shown age-associated ovarian fibrosis 

develops in murine ovaries and correlates with enhanced inflammatory signaling. To 

determine how age and the accumulation of ovulatory events underlies ovarian cancer risk, 

we validated the development of age-associated ovarian fibrosis and provide further 

support for the development of a chronic inflammation with age in murine ovaries. Using 

Masson’s trichrome staining and second harmonic imaging, we provide novel evidence 

that ovarian fibrosis also develops in post-menopausal women. RNA was isolated from the 

human ovarian cortex using automated microdissection, and subsequent gene expression 

analyses and immunohistochemical validation showed that fibrotic ovaries have enhanced 

inflammation with an increased CD206:CD68 ratio, increased abundance of CD8+ T cells 

and pro-fibrotic DPP+αSMA+ fibroblasts. These results provide support for a novel 

hypothesis that unifies the age and ovulatory ovarian cancer risk factors through the 

development of ovarian fibrosis that generates a premetastatic niche. Fibrosis, fibroblast 

activation, CD8+ T cell infiltration, and macrophage polarization were reversed or 

inhibited in the ovaries of post-menopausal women taking metformin, providing a novel 

mechanism to explain its ability to reduce ovarian cancer risk and supporting metformin 

use as a strategy for ovarian cancer prophylaxis. 
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4.3 Introduction 

Ovarian cancers are the fifth leading cause of cancer-associated death in women and the 

most lethal among gynecological malignancies (Auersperg, 2013c). Five-year survival is 

estimated at 47.4% in part due to a lack of sensitive screening methods to detect early 

disease and a lack of treatments for chemotherapy-refractive patients (National Cancer 

Institute, 2018). Given the difficulty in detecting and treating ovarian cancer, the 

development of novel prevention methods is a sought-after public health goal.  

 

In seeking novel ovarian cancer prevention strategies, much can be learned by studying 

established risk factors. Age and the number of lifetime ovulations are the primary non-

hereditary risk factors and are proportional to risk (Auersperg, 2013c; Fathalla, 2013; 

Fleming et al., 2006), and BRCA mutations are the primary hereditary risk factors with 

differential risk conferred by the site of mutation (Rebbeck et al., 2015). Two prevention 

methods currently exist that aim to attenuate these risk factors, each with noteworthy 

shortcomings. First, the removal of both sites of ovarian cancer origin, the ovary and 

fallopian tubes, by salpingo-oophorectomy (RRSO) is the most effective ovarian cancer 

risk reduction method, however it is only available to high-risk women due to the 

consequential induction of early menopause (Marchetti et al., 2014), and RRSO is too 

extreme and costly for global risk reduction strategies. Second, hormonal oral 

contraceptive use is widely established to reduce ovarian cancer risk both in the general 

population and in high-risk women, conferring an approximate 35% reduction in risk after 

5-9 years of use (Torre et al., 2018). Unfortunately, access to oral contraceptives can be 

limited globally due to socioeconomic and cultural barriers, and uptake has been 
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suboptimal due to the increased risk of thrombosis and breast cancers with oral 

contraceptive use (Brynhildsen, 2014; Grindlay et al., 2013). Additionally, the mechanisms 

of oral contraceptive-mediated risk reduction remain elusive. Numerous mechanisms have 

been explored in the context of the incessant ovulation hypothesis first posited by Fathalla 

in 1971 (Fathalla, 2013). These include blocking ovulation-associated wound-repair, 

reducing inflammation and preventing the engraftment of opportunistic fallopian tube 

precursor lesions into the ovary during ovulatory wound-repair (Fathalla, 2013; George et 

al., 2016; Kurman and Shih, 2010; Savant et al., 2018).   

 

Curiously, ovarian cancer incidence increases with age with a median age at diagnosis of 

63 years old, numerous years after ovulations have normally ceased at menopause 

(National Cancer Institute, 2018). This led us to explore if age and ovulations could 

transform the ovarian microenvironment into a niche that is permissive to ovarian cancer 

growth. In fact, ovulation requires extensive architectural remodeling of the extracellular 

matrix (ECM) that was recently shown to result in age-associated stromal ovarian fibrosis 

in mice (Briley et al., 2016). This fibrosis correlated with a pro-inflammatory cascade with 

increased F4/80+ macrophage infiltration and proinflammatory chemokines postulated to 

reduce gamete quality with age (Briley et al., 2016). Over a century ago in 1889, Paget 

established the ‘seed and soil’ hypothesis upon the observation that some tissues are more 

prone to cancer metastasis (Langley and Fidler, 2011). Fibrosis has since been established 

as a fertile ‘soil’ or premetastatic niche (PMN) for cancer metastasis in models of cancer 

cell colonization of fibrotic lungs, and in fibrotic breast disease (Jacobs et al., 1999; Olaso 

et al., 1997).  
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Fibrotic niches provide mechanosensory signals and have a characteristic chronic 

inflammatory response that provides a cytokine milieu that aids in metastatic invasion and 

colonization (Cox et al., 2013; Cox and Erler, 2014; Nielsen et al., 2016). Despite long-

standing interest in pathological conditions such as polycystic ovarian syndrome (PCOS) 

where ovarian fibrosis is a hallmark (reviewed in Zhou et al., 2017), the extension of Briley 

and colleagues’ (2016) findings of murine ovarian fibrosis into human aging has yet to be 

described. Additionally, the ovary is an established pro-tumor niche with up to 30% of 

cancers discovered in the ovary later found to be metastases from other primary 

malignancies, commonly from breast, colon, or gastric origin (Bigorie et al., 2010; Li et 

al., 2012). The reasons why the ovary provides fertile ‘soil’ for cancer growth remain 

unknown.  

 

Metformin has been demonstrated to treat and prevent fibrosis in preclinical models of 

lung, kidney, liver, skin, and heart fibrosis (Choi et al., 2016; Kita et al., 2012; Ursini et 

al., 2016; M. Wang et al., 2016; Xiao et al., 2010). Metformin activates AMPK that in turn 

attenuates fibroblast activity largely by suppressing TGF-β production (Cufí et al., 2010; 

Sato et al., 2016). Interestingly, in a robust retrospective analysis of type 2 diabetic (T2D) 

women using metformin compared to non-users, metformin users had up to an astonishing 

82% reduction in ovarian cancer incidence (Tseng, 2015). This was suggested to be due to 

the metabolic and possible antiangiogenic activity of metformin, yet no mechanistic studies 

for this risk-reduction have been explored (Tseng, 2015). This led us to hypothesize that 

metformin use prevents age-associated ovarian fibrosis, thereby preventing the 

development of a tumor-permissive PMN and decreasing the risk of ovarian cancer. In this 
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study we validate the presence of age-associated fibrosis in murine ovaries and extend these 

findings into a cohort of pre-menopausal and post-menopausal human ovaries with and 

without metformin use, providing support for a novel hypothesis that mechanistically 

unifies the non-hereditary ovarian cancer risk factors of age and ovulation.  

4.4 Results  

4.4.1 Murine age- and ovulation-associated ovarian fibrosis leads to chronic inflammation 

We first set out to validate the presence of ovarian fibrosis in aged murine ovaries (Briley 

et al., 2016). Using a cohort of mice aged from 3-33 months, ovarian stromal collagen 

content was determined using Masson’s trichrome staining (MTS). Ages were batched 

from 0-12, 12-20, and >20 months old based on histological similarity, with no follicles 

present in samples >20 months old. Ovarian fibrosis was present in 6/10 ovaries >20 

months old (Fig 4-1A,B, 4-2A-C). Interestingly, 4/10 ovaries >20 months old did not 

exhibit fibrosis, instead exhibiting a collapsed structure with tubular adenomas similar to 

the Wv/Wv model of ovarian aging (Fig. 4-2D) (Smith et al., 2012). To accelerate and 

model ovarian aging, 4-vinylcyclohexene diepoxide (VCD) was used to induce age-

associated changes by destroying ovarian follicles over a 60-day period (Laviolette et al., 

2011). No ovarian fibrosis was present in VCD-treated ovaries, and the ovarian stroma 

exhibited a homogenous phenotype lacking the stromal complexity of naturally aged 

ovaries (Fig. 4-1A,B, 4-2E), suggesting that ovulations are required to achieve this 

complexity.  

 



  

99 

To assess the effect of fibrosis on the ovarian microenvironment, we focused on the >20-

month-old ovaries with ovarian fibrosis as assessed by MTS, excluding from further 

analysis the VCD-treated ovaries and aged ovaries >20 months old with tubular adenomas. 

To determine if ovarian fibrosis correlates with the infiltration of immune subtypes 

commonly found in sites of chronic inflammation, immunohistochemical (IHC) detection 

of CD8, CD4, and FOXP3 was performed (Hou et al., 2017; Lee and Kalluri, 2010; Wang 

and DuBois, 2015). Enhanced populations of CD8, CD4, and FOXP3+ T cells are present 

in fibrotic ovaries >20 months old compared to ovaries aged 0-20 months (Fig. 4-1C-H). 

IDO1 promotes fibrogenesis and immune dysfunction in the tumor microenvironment due 

to its ability to metabolize tryptophan, an essential mediator of T cell function (Matheus et 

al., 2017; Munn and Mellor, 2016; Zhong et al., 2017). IDO1 exhibited low ubiquitous 

expression in ovaries 0-20 months of age, whereas IDO1 stained strongly positive in 

regions of fibrosis in ovaries >20 months old.  
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Figure 4-1. Age- and ovulation-associated murine ovarian fibrosis correlates with chronic 

inflammation. Ovaries were isolated from C57Bl/6 mice over an aging time-course. Ages were batched from 

0-12 (N=5), 12-20 (N=19), and >20 (N=7) months. Five-week-old mice were given intraperitoneal injection 

of 4-vinylcyclohexene diepoxide (VCD, 240 mg/kg) daily for 5 days (N=3) and ovaries collected after two 

months. (A) Representative images of Masson’s trichrome staining for each age batch and VCD-treated 

ovaries. Collagens - blue, erythrocytes and fibrin – red, nuclei – purple. White box indicates region of ovary 

presented in the lower panel. Upper panel scale bars = 50 µm, lower panel scale bars = 25 μm. (B) 

Quantification of collagen deposition. Total blue pixels (hue value 0.64) were normalized to total pixel counts 

and averaged within groups. (C,E,G,I). Representative images of immunohistochemical detection of CD8, 

CD4, FOXP3, and IDO1 is presented. Scale bars = 50 µm. (D,F,H) Quantification of CD8, CD4, and 

FOXP3+ cell number normalized to ovarian area. All data represent the average of 3 sections (50 µm apart). 

One-way ANOVA was used to determine significance with a,b indicating significance between groups.  
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Figure 4-2. Ovarian aging heterogeneity is not replicated by VCD treatment. 

Representative images of ovarian histology by Masson’s trichrome staining of (A) 0-12 

months, (B) 12-20 months, (C) >20 months with ovarian fibrosis, (D) >20 months without 

ovarian fibrosis, and (E) 60 days post-VCD treated ovaries. Collagens – blue, erythrocytes 

and fibrin – red, nuclei – purple. All scale bars = 300 μm.  
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4.4.2 Metformin attenuates age-associated ovarian fibrosis in post-menopausal human ovaries 

To determine if ovarian fibrosis also develops during human aging, we obtained a cohort 

of human ovaries ranging in age from 21-75 years old (Table 4-1). Given the ovarian cancer 

risk reduction observed with metformin use in T2D women and the role of metformin in 

regulating fibrosis through AMPK activation (Sato et al., 2016; Tseng, 2015), we also 

accrued post-menopausal ovaries from patients who were taking metformin for T2D 

treatment at the time of oophorectomy. Among patients taking metformin, 2/5 patients 

were also prescribed gliptins that inhibits the enzymatic function of dipeptidyl-peptidase-

4 (DPP4) and promotes the action of incretin hormones to improve glycemic control in 

T2D (Table 4-1) (Sharma et al., 2017; St. Onge et al., 2012).  

 

The analysis focused on the ovarian cortex region underlying the ovarian surface 

epithelium and tunica albuginea as this region is where epithelial inclusion cysts form 

(putative sites of cancer origin), and is the likely site of serous-tubal intraepithelial 

carcinoma (STIC) migration into the ovary in the early stages of ovarian cancer. Classic 

hematoxylin and eosin (H&E) staining has low resolution for delineating collagen 

organization with no obvious differences among groups (Fig. 4-3A). Collagen architecture 

is commonly assessed by the orientation of collagen fibers in relation the each other; when 

fibers share a similar direction (linearized) they are called anisotropic, a feature of fibrosis. 

In contrast, collagen fibers in normal tissue form a mesh-like pattern with no discernable 

shared direction among fibers and are referred to as having isotropic collagen structure. 

MTS that specifically stains collagens revealed isotropic collagen organization in pre-

menopausal ovaries and in post-menopausal ovaries with metformin use (hereafter referred 
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to as metformin ovaries), characteristic of normal tissue collagen organization (Fig. 4-3B). 

In contrast, post-menopausal ovaries without metformin use exhibited anisotropic 

(linearized) collagen architecture (Fig. 4-3B) consistent with both age-related changes in 

collagen organization that are also characteristic of organ fibrosis (reviewed in (Harper et 

al., 2018; Ricard-Blum et al., 2018, p.)). Second-harmonic generation (SHG) imaging is a 

highly sensitive modality to quantify collagen structure at a submicron resolution based on 

the noncentrosymmetric (a substance lacking symmetrical points of inversion) nature of 

collagen fibers based on their lack of a symmetrical center (Keikhosravi et al., 2014; 

Strupler et al., 2007). 

 

To quantify collagen organization, SHG images of the ovarian cortex were used to 

calculate the coherence of collagen fiber orientation, with increased coherence representing 

more anisotropic collagen structure while less coherence represents isotropic collagen (Fig. 

4-3D). Consistent with the structure revealed by MTS (Fig. 4-3B), pre-menopausal and 

metformin ovaries have less coherence while post-menopausal ovaries have increased 

collagen coherence (Fig. 4-3D). These data show that age-associated ovarian fibrosis 

develops in human ovaries similar to that seen in aged murine ovaries (Fig. 4-1A), which 

can be remedied by metformin use.  
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Table 4-1. Human ovary cohort 

Group Patient 

Number 

Age Number 

of ovarian 

samplesa 

OC  

useb 

Metform

in use 

Gliptin 

 use 

T2D 

status 

Pre-

menopausal 

1 45 1 N/A - - - 

2 38 1 N/A - - - 

3 37 2 N/A - - - 

4 48 2 N/A - - - 

5 43 2 N/A - - - 

6 21 1 N/A - - - 

7 28 1 N/A - - - 

8 32 1 + - - - 

Post-

menopausal 

9 58 1 N/A - - - 

10 75 2 N/A - - - 

11 60 1 N/A - - - 

12 54 1 N/A - - - 

13 55 1 N/A - - - 

Post-

menopausal 

+ 

metformin 

use 

14 68 2 N/A + - + 

15 69 3 N/A + + + 

16 67 2 N/A + - + 

17 71 2 N/A + + + 

18 53 4 N/A + - + 

aCases with  samples indicate normal ovarian tissue from both right and left ovaries was profiled. 
b’N/A‘ indicates information not available 
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4.4.3 Fibrosis, menopause, and metformin use stratifies ovarian cortex gene expression 

We next determined if ovarian fibrosis correlates with altered gene expression in the 

ovarian cortex. RNA was isolated from the human ovarian cortex using automated 

microdissection (Fig. 4-4). Isolated RNA was run on Nanostring PanCancer Immune 

Profiling arrays that contain 770 immune regulatory genes, including genes that are 

involved in regulating the stromal microenvironment such as TGFβ and fibronectin (FN1). 

Unsupervised hierarchical clustering stratified pre-menopausal and post-menopausal 

ovaries almost entirely (Fig. 4-5). All but one pair of samples derived from contralateral 

ovaries within the same patient clustered together, highlighting low intra-patient variability 

in immune-related RNA expression. Interestingly, within the post-menopausal cluster, 

metformin ovaries clustered independently from post-menopausal ovaries not using 

metformin. These clusters were also consistent with fibrotic status as determined by MTS 

and SHG imaging (Fig. 4-3), with metformin ovaries and 7/9 pre-menopausal ovaries 

lacking fibrosis. In contrast, 5/6 post-menopausal ovaries were fibrotic and clustered 

independently of both pre-menopausal and metformin ovaries (Fig. 4-5). Among the two 

pre-menopausal ovaries that clustered with post-menopausal ovaries, both exhibited 

linearized collagen by SHG (patient 1 and 2). 
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Figure 4-3. Metformin use abrogates age-associated fibrosis. All images presented are 

representative of each group. (A) Hematoxylin and eosin (H&E) staining of human ovarian 

cortex among groups. (B) Masson’s trichrome staining of human ovarian cortex with 

collagens - blue, erythrocytes and fibrin – red, and nuclei – purple. (A,B) Scale bars = 125 

μm. (C) Second-harmonic generation microscopy of human ovarian cortex in serially 

sectioned tissue. Scale bars = 63.5 μm. (D) Quantification of collagen anisotropy. 

Coherence of collagen fiber directionality was determined using the OrientationJ plugin on 

ImageJ software. Two SHG images per sample were averaged and groups averages are 

presented, pre-menopausal (N = 13), post-menopausal (N = 9), and metformin (N = 8). 

One-way ANOVA with Tukey’s posttest was used to determine significance with a,b 

indicating significance between groups.  
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Figure 4-4. Automated microdissection of the human ovarian cortex. Representative 

images of ovarian cortex microdissection among groups. (A) Annotated hematoxylin 

stained reference slide. (B) Annotated unstained serial section before microdissection. (C) 

Automated milling path during tissue collection. (D) Tissue remaining following sample 

collection.  
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Figure 4-5. Menopausal status, metformin use, and fibrosis stratify ovarian cortex 

gene expression profiles. Unsupervised hierarchical clustering of individual patient 

samples of pre-menopausal (N=11), post-menopausal (N=6), and metformin (N=9) ovaries 

is presented. Normalized RNA expression values were log2 transformed and housekeeping 

genes omitted. Patients numbers and annotations for menopausal status, metformin use, 

and gliptin use correspond to Table 1. Fibrotic status was determined histologically by 

Masson’s trichrome staining and collagen fiber coherence by SHG imaging.  
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4.4.4 Metformin use regulates pro-fibrotic and complement pathway gene expression 

We next aimed to determine if ovarian fibrosis leads to inflammation and tumor-permissive 

gene expression signatures characteristic of PMNs. For differential gene expression 

analysis of the Nanostring Immune Signaling array dataset, samples were grouped 

according to fibrotic status and metformin use as indicated in Figure 4-5, with non-fibrotic 

referring to 7/9 pre-menopausal and 1/6 post-menopausal samples (N=8), fibrotic referring 

to 2/9 pre-menopausal samples and 5/6 post-menopausal samples (N=7), and metformin 

referring to all nine metformin ovaries lacking fibrosis (N=9). The top 30 up- and 

downregulated genes in all pairwise comparisons are presented in (Fig. 4-6). In metformin 

ovaries compared to either fibrotic or non-fibrotic ovaries, DPP4 was the most 

downregulated gene while ARG2 was the most upregulated gene, suggesting these genes 

are key targets of metformin activity. Interestingly, 5/9 ovarian samples in the metformin 

group were from patients also taking DPP4 inhibitors (gliptins). In addition to the effect of 

DPP4 inhibition on incretin hormones, DPP4 has also been identified as a marker of a 

hyperactive pro-fibrotic fibroblasts (Rinkevich et al., 2015) suggesting gliptin use may 

inhibit pro-fibrotic processes. Gliptins function to inhibit the enzymatic function of DPP4 

and not transcription (Demuth et al., 2005). Consistent with this, when differential gene 

expression analysis was performed omitting samples with gliptin use, DPP4 was still 

among the most downregulated gene in metformin ovaries (Fig. 4-7) suggesting DPP4 

downregulation is an effect of metformin and not solely an effect of gliptin, though synergy 

may occur. 
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Venn diagrams representing uniquely or shared up- and downregulated genes among all 

pairwise comparisons are presented with 144 upregulated and 30 downregulated genes in 

fibrotic vs. non-fibrotic ovaries, 262 upregulated and 55 downregulated genes in metformin 

vs. non-fibrotic ovaries, and 67 upregulated and 49 downregulated genes in metformin vs. 

fibrotic ovaries (Fig. 4-8A). Up to 10 significant GO terms among all pairwise comparisons 

are presented (Fig. 4-8B,C) with genes called for each GO term presented in Tables 4-2, 4-

3, 4-4. Cellular response to IFNγ, lymphocyte chemotaxis, and negative regulation of IL10 

production are upregulated in fibrotic ovaries (Fig. 4-8B), while downregulated terms in 

fibrotic ovaries include regulation of signal transduction by p53, stress-activation of 

MAPK cascade and DNA-templated transcription, in comparison to non-fibrotic ovaries 

(Fig. 4-8C). Similar to fibrotic ovaries, immune response, inflammatory response, 

chemotaxis, and negative regulation of IL10 production are upregulated in metformin 

compared to non-fibrotic ovaries suggesting a similar inflammatory environment is present 

in both fibrotic and metformin ovaries which largely encompass all post-menopausal 

samples (Fig. 4-8B). Downregulated GO terms in metformin vs. non-fibrotic ovaries 

include peptide cross-linking, sprouting angiogenesis, platelet degranulation, and 

complement activation (Fig. 4-8C). Compared to fibrotic ovaries, metformin ovaries have 

elevated expression of genes associated with bacterial response and cytokine secretion, as 

well as reduced expression of wound response and cysteine-type endopeptidase activity 

genes (Fig. 4-8B,C). Intriguingly, among genes downregulated in both pairwise 

comparisons with metformin use, FN1, DPP4, and TGFβ2 are known to promote fibrosis 

and contribute to PMN formation (Cox and Erler, 2014; Rinkevich et al., 2015). In addition, 

numerous complement pathway proteins are downregulated in metformin ovaries 
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including C2 and C3 that have been implicated in promoting both fibrosis and PMN 

formation (Boire et al., 2017; Danobeitia et al., 2014; Fisher et al., 2017; Tang et al., 2009). 

These data are suggestive of pro-inflammatory signaling in both fibrotic and metformin 

ovaries in comparison to non-fibrotic ovaries, yet there is a downregulation of genes 

implicated in fibrosis and premetastatic niche formation with metformin use. 
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Figure 4-6. Differential gene expression in the non-fibrotic, fibrotic, and metformin 

ovarian cortex. Fold changes of the top 30 upregulated and downregulated genes among 

all pairwise comparisons are presented. All fold changes reach statistical significance with 

p<0.05 by student’s t-test. 
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Figure 4-7. Differential gene expression in non-fibrotic, fibrotic, and metformin 

ovaries with samples having noted gliptin use omitted. Fold changes of the top 30 

upregulated and downregulated genes among all pairwise comparisons are presented. All 

fold changes reach statistical significance with p<0.05 by student’s t-test.   
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Figure 4-8. GO term analysis of differential gene expression in the non-fibrotic, 

fibrotic and metformin ovarian cortex.(A) Venn diagrams depicting the number of 

shared or uniquely up- and downregulated regulated genes in all pairwise comparisons. (B) 

Upregulated and (C) downregulated GO terms in all pairwise comparisons. 
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Table 4-2. Gene ontology features in fibrotic vs. non-fibrotic human ovaries 

Gene expression GO reference  Term Genes called for GO term p-Value  

(-log10) 

Upregulated GO:0007165 Signal transduction CCL1, CCL11,CCL13, 

CCL18, CCL22, CCR6, 

CD274, CD38, CD48, CD70, 

CD79B, CD83, CEACAM6, 

CREBP, CSF1R, CSF2RB, 

CXCL10, CXCL14, CXCL9, 

FAS, GATA3, IL13, IL15, 

IL1RL1, IL2RB, IL5RA, 
ISOCLG, ITGAL, KLRC2, 

KLRK1, MAP2L1, MST1R, 

PDCD1, SH2B2, 

TNFRSF10B, TNFRSF17, 

TNFRSR18, TNFSF8, TPTE, 

XCL2 

1.75642 

 GO:0007275 Multicellular organism 

development 

CCL17, CSF1R, CSF3, LIF, 

PDCD1, PMCH, TBX21, 

TNFRSF10B, TNFRSF17, 

TNFRSF18 

1.582858 

 GO:0042517 Positive regulation of tyrosine 

phosphorylation of Stat3 

protein 

CSF1R, IL6R, IL12B, IL15, 

IL23A, IL23R, IL24, LIF 

1.495848 

 GO:0071346 Cellular response to 

interferon-gamma 

CCL1, CCL11, CCL13, 

CCL16, CCL17, CCL18, 

CCL19, CCL22, CD58, 

IL12B, XCL2 

1.379461 

 GO:0007267 Cell-cell signaling CCL13, CCL16, CCL17, 

CCL18, CCL22, CCL27, 

CD70, CD80, CEACAM6, 

CXCL10, CXCL14, CXCL9, 

IL13, IL15, IL2, IL22, IL3, 

TNFSF8 

1.293574 

 GO:0032740 Positive regulation of 

interleukin-17 production 

IL2, IL12B, IL15, IL23A, 

IL23, SLAMF6 

1.290533 

 GO:0048247 Lymphocyte chemotaxis  CCL1, CCL13, CCL11, 

CCL16, CCL17, CCL18, 

CCL19, CCL2, XCL2 

1.255956 

 GO:0032693 Negative regulation of 

interleukin-10 production 

CD274, FOXP3, IL12B, 

IL23A, IL23R 

1.191897 

 GO:0051281 Positive regulation of release 

of sequestered calcium ion 

into cytosol 

BAX, CXCR3, CXCL9, 

CXCL10, IL13 

1.191897 

 GO:0043547 Positive regulation of GTPase 

activity 

CCL1, CCL11, CCL13, 

CCL16, CCL17, CCL18, 

CCL19, CCL22, CSF2RB, 

IL2, IL2RB, IL3, IL5, IL5RA, 

XCL2 

1.124605 

Downregulated GO:0006351 Transcription, DNA-

templated 

BMI1, IKBKG, MAPK1, 

MAPK11, PPARG, STAT2, 

ZKSCAN5 

1.807456 

 GO:0051403 Stress-activated MAPK 

cascade 

IKBKG, IKBKB, UBC 1.756135 

 GO:1901796 Regulation of signal 

transduction by p53 class 

mediator 

MAPK11, PIN1, UBC 1.619837 
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 GO:0002223 Stimulatory C-type lectin 

receptor signaling pathway 

CLEC4C, IKBKB, IKBKG, 

PRKCD, UBC 

1.514197 

 GO:0050821 Protein stabilization LAMP2, PIN1, PRKCD 1.504708 

 GO:0031100 Organ regeneration AXL, IGF2R, PPARG 1.318213 

 GO:0010803 Regulation of tumor necrosis 

factor-mediated signaling 

pathway 

IKBKB, IKBKG, UBC 1.171359 

 GO:0007049 Cell cycle MAPK1, PIN1, PRKCD 1.108516 

 GO:0070301 Cellular response to hydrogen 

peroxide 

ABL1, AXL, PRKCD 1.051255 

 GO:0000187 Activation of MAPK activity IKBKG, MAPK1, MAPK11, 

UBC 

1.04166 
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Table 4-3. Gene ontology features in metformin vs. non-fibrotic human ovaries 

 
 GO reference Term Genes called for GO term p-Value  

(-log10) 

Upregulated GO:0070098 Chemokine-mediated 

signaling pathway 

CCL1, CCL13, CCL16, 

CCL17, CCL18, CCL19, 

CCL22, CCL23, CCL25, 

CCL26, CCL3, CCL3L1, 

CCL8, CCR1, CCR2, CCR3, 

CCR9, CXCL2, CXCL3, 

CXCL5, CXCL8, CXCL9, 

CXCR1, CXCR2, CXCR4, 

CXCR6, XCL2, XCR1 

2.444758 

 GO:0006955 Immune response AIRE, C8A, C8B, C9, CCL13, 

CCL16, CCL18, CCL19, 

CCL22, CCL23, CCL25, 

CCL26, CCL3, CCL8, CCR1, 

CCR2, CCR9, CD1A, CD1E, 

CD27, CD274, CD36, CD70, 

CD79B, CD86, CD8A, CD8B, 

CEACAM8, CEBPB, CFP, 

CSF2, CSF3, CTSG, CTSW, 

CXCL14, CXCL2, CXCL3, 

CXCL5, CXCL8, CXCL9, 

DEFB1, FCGR1A, GZMA, 

HLA-A, HLA-dob, ICOS, 

IFITIM2, IGLL1, IL10, IL13, 

IL15, IL18RAP,IL1A, IL1B, 

IL1R2, IL1RL1, IL1RN, IL2, 

IL21, IL22, IL24, IL3, IL5, 

IL7, IL7R, ILR10, LTA, LTB, 

MR1, NOTCH1, OSM, PRG2, 

PTGDR2, SLC11A1, TCF7, 

TNFRSF10B, TNFRSF18, 

TNFRSF4, TNFRSF9, 

TNFSF15, TNFSF8, ZAP70 

2.0882 

 GO:0006935 Chemotaxis C5, CCL1, CCL16, CCL17, 

CCL18, CCL22, CCL23, 

CCL25, CCL26, CCL3, CCL8, 

CCR1, CCR2, CCR3, CCR9, 

CXCL14, CXCL2, CXCL5, 

CXCL8, CXCL9, CXCR1, 

CXCR3, CXCR4, CXCR6, 

DEFB1, FPR2, MAP2K1, 

PTGDR2, XCR1 

1.776891 

 GO:0007186 G-protein coupled receptor 

signaling pathway 

APOE, C5, CCL1, CCL16, 

CCL18, CCL19, CCL22, 

CCL23, CCL25, CCL26, 

CCL3, CCL3L1, CCL8, 

CCR2, CCR9, CD3E, CXCL2, 

CXCL3, CXCL5, CXCL8, 

CXCL9, CXCR1, CXCR3, 

CXCR4, CXCR6, DEFB1, 

FPR2, PTGDR2, XCL2, XCR1 

1.727537 

 GO:0002827 Positive regulation of T-

helper 1 type immune 

response 

CCR2, IL12B, IL12RB1, 

IL23A, IL23R, SLC11A1 

1.725889 

 GO:0045086 Positive regulation of 

interleukin-2 biosynthetic 

process 

CD28, CD3E, CD80, CD86, 

CARD11, IL1A, IL1B, IRF4 

1.681017 
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 GO:0006954 Inflammatory response C5, CCL1, CCL13, CCL16, 

CCL17, CCL18, CCL19, 

CCL22, CCL23, CCL25, 

CCL26, CCL3, CCL3L1, 

CCL8, CCR1, CCR2, CCR3, 

CD27, CEBPB, CRP, CSF1, 

CSF1R, CXCL2, CXCL3, 

CXCL5, CXCL8, CXCL9, 

CXCR1, CXCR2, CXCR3, 

CXCR4, CXCR6, FPR2, 

HAVCR2, IL10, IL13, IL15, 

IL17F, IL18RAP, IL1A, IL1B, 

IL22, IL23A, IL23R, IL24, 

IL25, IL27, IL5, IRGM, 

ITGAL, MAPKAPK2, MEFV, 

REL, RIPK2, SLC11A1, 

S100A12, TGFB1, TICAM2, 

TLR10, TLR5, TLR7, TLR9, 

TNFAIP3, TNFRSF10B, 

TNFRSF4, TNFRSF18, 

TNFRSF9, XCL2, XCR1, 

ZAP70 

1.563413 

 GO:0071346 Cellular response to 

interferon-gamma 

CCL1, CCL13, CCL16, 

CCL17, CCL18, CCL19, 

CCL22, CCL23, CCL25, 

CCL26, CCL3, CCL3L1, 

CCL8, CD58, IL12B, 

IL12RB1, XCL2 

1.543504 

 GO:0048247 Lymphocyte chemotaxis CCL1, CCL13, CCL16, 

CCL17, CCL18, CCL19, 

CCL22, CCL23, CCL25, 

CCL26, CCL3, CCL3L1, 

CCL8, XCL2 

1.519449 

 GO:0032693 Negative regulation of 

interleukin-10 production 

CD274, FOXP3, IL12B, 

IL23A, IL23R, JAK3, PRG2 

1.348443 

Downregulated GO:0018149 Peptide cross-linking ANXA1, FN1, THBS1 1.610091 

 GO:0002040 Sprouting angiogenesis ENG, NRP1, THBS1 1.610091 

 GO:0001666 Response to hypoxia DPP4, ENG, ITGA2, MUC1, 

TGFB2, THBS1 

1.404744 

 GO:0002576 Platelet degranulation APP, CD9, FN1, TGFB2, 

THBS1 

1.330462 

 GO:0030097 Hemopoiesis BMI1, CD34, IFI6, TGFB2 1.291107 

 GO:0042493 Response to drug ANXA1, CDH1, FYN, ITGA2, 

PPARG, TGFB2, THBS1 

1.210507 

 GO:0009615 Response to virus DDX58, IFIH1, IFIT1, IFIT2, 

IKBKG, OAS3, TNFSF4 

1.210507 

 GO:0032480 Negative regulation of type I 

interferon production 

DDX58, IFIH1, IKBKG, 

ISG15 

1.207079 

 GO:0045071 Negative regulation of viral 

genome replication 

IFI16, IFIT1, ISG15, OAS3 1.130815 

 GO:0006958 complement activation, 

classical pathway 

C3, C7, CD55, CF1, CR2 1.092056 
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Table 4-4. Gene ontology features in metformin vs. fibrotic human ovaries 

 
Gene 

expression 

GO reference Term  Genes called for GO term p-Value 

(-log10) 

Upregulated GO:0043407 Negative regulation of MAP 

kinase activity 

APOE, IL1B, LYN, PRKCD 2.635516 

 GO:0051781 Positive regulation of cell 

division 

IL1B, OSN, TAL1, TGFB1, 

VEGFA 

2.144932 

 GO:0008285 Negative regulation of cell 

proliferation 

ADORA2A, CDKN1A, IL1B, 

IL10, IFITM1, LYN, OSM, 

NOTCH1, TGFB1 

1.720519 

 GO:0042742 Defense response to bacterium IL10, IRF8, MICA, PRG2, 

PRKCD, SLC11A1, TLR5, 

TLR9 

1.482619 

 GO:0010575 Positive regulation of vascular 

endothelial growth factor 

production 

C5, IL1, RORA, TGFB1 1.450775 

 GO:0046627 Negative regulation of insulin 

receptor signaling pathway 

IL1B, PRKC, SOCS1, 1.405206 

 GO:0031334 Positive regulation of protein 

complex assembly 

TAL1, TGFB1, VEGFA 1.405206 

 GO:0050707 Regulation of cytokine 

secretion 

LYN, SOCS1, TLR, TLR9, 1.323055 

 GO:0010629 Negative regulation of gene 

expression 

CD28, CDKN1A, NFKB1, 

REL, TBK1, TGFB1  

1.250236 

 GO:0031293 Membrane protein intracellular 

domain proteolysis 

NFKB1, PSEN2, TGFB1 1.20802 

Downregulated GO:0009611 Response to wounding FN1, ITGB4, NRP1, TGFB2 1.678606 

 GO:0097202 Activation of cysteine-type 

endopeptidase activity 

CASP8, CYFIP2, IFI16 1.457951 

 GO:0042493 Response to drug ANXA1, BCL2, CDH1, FYN, 

PPARG, STAT1, TGFB2 

1.323371 

 GO:0043434 Response to peptide hormone AXNA1, CD55, STAT1 1.299618 

 GO:1902041 Regulation of extrinsic 

apoptotic signaling pathway 

via death domain receptors 

CASP8, FAS, TNFSF10 1.171165 

 GO:1902042 Negative regulation of 

extrinsic apoptotic signaling 

pathway via death domain 

receptors 

CASP8, FAS, TNFSF10 1.063818 

 GO:0008584 Male gonad development BCL2, TGFB2, TNFSF10 1.063818 

 GO:0097191 Extrinsic apoptotic signaling 

pathway 

CASP8, FAS, IL6R, TGFB2 1.061114 

 GO:0035666 TRIF-dependent toll-like 

receptor signaling pathway 

CASP8, IRF7, IKBKE, TLR4 1.001128 
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4.4.5 Metformin alters the ovarian immune landscape  

Given the increase in pro-inflammatory gene expression in both fibrotic and metformin 

ovaries, we next sought to profile the immune landscape of the ovarian cortex and validate 

gene expression signatures related to fibrotic signaling. Estimation of immune cell type 

abundance was performed using the Nanostring nSolver cell type prediction algorithm that 

assigns gene sets to specific immune subsets (annotations provided in Table 4-5). Cell 

types predicted to significantly change among non-fibrotic, fibrotic, and metformin ovaries 

include CD8 T cells, regulatory T cell (Tregs), γδ T cells, B cells, aDCs, NK CD56 bright 

cells, M1 macrophages, and Eosinophils (Fig 4-9A), while CD45, total T cells, T helper, 

Th1, Th2, effector memory T cells (Tem), central memory T cells (Tcm), Th17, total 

dendritic cells (DCs), induced DCs, total natural killer (NK) cells, CD56dim NK cells, M2 

macrophages, neutrophils, and mast cells were predicted to be unchanged in abundance 

(Fig. 4-10).  

 

Due to the role of macrophages in promoting tissue remodeling and repair (reviewed in 

(Lech and Anders, 2013)), along with metformin ovaries predicted to have increased M1 

macrophage abundance (Fig. 4-9A) we sought the validate the ratio of M2:M1 

macrophages. M1 macrophages promote early inflammation during a wound healing 

response and contribute to functional immunosurveillance, while alternatively activated 

immunosuppressive M2 macrophages promote wound healing and resolution, but can also 

promote PMN formation (Lech and Anders, 2013; Quatromoni and Eruslanov, 2012; Sousa 

and Määttä, 2016). Additionally, chronic inflammation and unhealed wounding can 

stabilize M2 polarization leading to enhanced fibrogenesis (Braga et al., 2015). Using IHC 
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detection of M2 marker CD206 (MRC1) and pan-macrophage marker CD68, fibrotic 

ovaries were found to have an increased CD206:CD68 ratio compared to both non-fibrotic 

and metformin ovaries, showing ovarian fibrosis correlates with enhanced M2 polarization 

(Fig. 4-9A-C). In contrast, metformin promoted M1 polarization as shown by a decrease 

in the CD206:CD68 ratio (Fig. 4-9A-C). To parallel murine aging, we next validated the 

abundance of CD8+ T cells as they were predicted to increase in fibrotic and metformin 

ovaries. Surprisingly, fibrotic ovaries had increased CD8+ T cell infiltration while 

metformin ovaries had similar levels to non-fibrotic ovaries (Fig. 4-9D,E), showing that 

metformin use abrogates features of chronic inflammation in post-menopausal ovaries. In 

contrast, FOXP3+ Tregs were predicted to be upregulated in fibrotic and metformin 

ovaries, though no significant differences were found among groups (Fig. 4-10).  

 

4.4.6 Metformin and gliptin use abrogates fibroblast activation in post-menopausal ovaries 

Given the downregulation of DPP4 in metformin ovaries (Fig. 4-6) and recent evidence 

that DPP4+ fibroblasts are pro-fibrotic (Rinkevich et al., 2015), we sought to determine the 

effect of metformin use on DPP4+ fibroblasts in the ovarian cortex. Using double IHC 

detection of DPP4 and fibroblast marker αSMA, fibrotic ovaries have increased 

DPP4+αSMA+ fibroblasts compared to non-fibrotic ovaries (Fig. 4-9F,G). There was no 

decrease in DPP4+αSMA+ fibroblasts in metformin ovaries compared to fibrotic ovaries 

(p-value = 0.15 by one-way ANOVA, Fig. 4-9F,G). However, within the metformin group, 

samples from patients with combined metformin and gliptin use (Table 4-1, patients 15 

and 17) had a significant reduction in DPP4+αSMA+ fibroblasts when compared to fibrotic 

ovaries (Fig. 4-9F,G). This data further supports the development of ovarian fibrosis in 
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post-menopausal ovaries and suggests that combined metformin and gliptin use may 

synergistically abrogate ovarian fibrosis.   
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Table 4-5. Gene annotations used to generate cell type scores 

 

 

Cell Type  Gene Cell Type Gene Cell Type Gene 

aDC LAMP3 M1 APOE T-cells CD3E 

 CCL1  SOCS1  CD2 

 OAS3  NOS2  CD3G 

 EBI3  MARCO  CD6 

 IDO1  CD68 Tcm ATM 

B-cells CR2 M2 MRC1  REPS1  
TNFRSF17  TGFB1  USP9Y  
MS4A1  IL10  NEFL  
BLK  IRF5  DOCK9  
HLA-DOB  TGFB2 Tem NFATC4  
CD19  ARG1  AKT3 

CD45 PTPRC Mast cells CTSG  LTK 

CD8 T cells GZMM  PRG2  EWSR1  
FLT3LG  CMA1  CCR2  
PRF1  MS4A2 Th1 cells CD38  
CD8B  TPSAB1  IFNG  
CD8A  KIT  STAT4 

DC CCL17 Neutrophils CSF3R  CTLA4  
CCL22  FPR2  LTA  
CCL13  MME  CSF2  
CD209 NK 

CD56bright  

PLA2G6  TBX21 

 
HSD11B1  MPPED1  IL12RB2 

Eosinophils SMPD3  FOXJ1 Th17 cells IL17RA  
IL5RA  RRAD  RORC  
PTGDR2 NK CD56dim  GZMB  IL17A  
CCR3  GTF3C1 Th2 cells LAIR2  
THBS1  IL21R  STAT6 

GammaDelta T FEZ1 NK cells NCR1  IL26  
CD160  ZNF205  CXCR6  
TARP  BCL2  GATA3 

iDC SYT17  FUT5  SMAD2  
CD1B T helper cell CD28  PMCH  
CD1A  BATF Treg FOXP3  
CD1E  NUP107    
F13A1  ANP32B     

 ICOS   
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Figure 4-9. Metformin use alters the immune and stromal landscape of the ovarian 

cortex. (A) Immune cell type prediction. Cell type scores were derived using the cell type 

profiling algorithm on Nanostring nSolver software for non-fibrotic (N=8), fibrotic (N=7), 

and metformin (N=9) ovaries. Average log-scale expression based on a modified Pearson’s 

correlation coefficient of cell type-specific gene sets is presented. Two-way ANOVA with 

Tukey’s posttest was used to determine significance with *p<0.05. (B) Double 

immunohistochemical detection of pan-macrophage marker CD68 (brown), and M2 

macrophage marker CD206 (purple). (C) Quantification of the ratio of CD206+ 

cells/CD68+ cells. Total cell counts for CD206 and CD68 were normalized to tissue area 

(mm2) and the ratio of CD206+/CD68+ cells is presented. (D) Immunohistochemical 

detection of CD8. (E) Quantification of CD8+ cells. Total CD8+ cells counts were 



  

125 

normalized to tissue area (mm2) and averaged among groups. (F) Double 

immunohistochemical detection of DPP4 (brown) and αSMA (SMA, purple). (G) 

Quantification of DPP+SMA+ fibroblasts. Percentage of DPP4+SMA+ area (μm2) 

normalized to tissue area (μm2) was averaged among groups. All sections were 

counterstained with methyl green, and all images are representative of each sample and 

group. Black triangles indicate sample with combined metformin and gliptin use, while red 

triangles indicate metformin use alone. *significance noted only between samples with 

combined metformin and gliptin use compared to fibrotic samples. Analyses were 

performed using ImagePro Premier software. (B, D, F) Representative images of non-

fibrotic (N=8-9), fibrotic (N=8-9), and metformin (N=9) ovaries are shown. One-way 

ANOVA with Tukey’s posttest was used to determine significance with (C, E) a,b or (G) 

* indicating significance (p<0.05) between groups. (B,D) Scale bars = 50 μm. (F) Scale 

bars = 125 μm. 
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Figure 4-10. Non-significant alterations in the immune and stromal landscape of the 

ovarian cortex with metformin use. (A) Non-significant changes with immune cell type 

prediction. Cell type scores were derived using the cell type profiling algorithm on 

Nanostring nSolver software. Average log-scale expression based on a modified Pearson’s 

correlation coefficient of cell type-specific gene sets is presented. (B) 
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Immunohistochemical detection of CD4 (brown) counterstained with hematoxylin. (C) 

Immunohistochemical detection of FOXP3 (brown) counterstained with methyl green. 

Quantification of (D) CD4+ and (E) FOXP3+ cells with total positive cell counts 

normalized to tissue area (mm2) and averaged among groups. (A-C) Analysis was 

performed on non-fibrotic (N=8), fibrotic (N=7), and metformin (N=9) ovaries. (B,C) 

Image quantification was performed using ImagePro Premier software. One-way ANOVA 

with Tukey’s posttest was used to determine significance with ‘a,b’ indicating significance 

(p<0.05) between groups. Scale bars = 50 μm. 
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4.5 Discussion  

Organ fibrosis has become an established fertile ‘soil’ that is permissive to tumorigenesis 

and metastasis (Cox and Erler, 2014; Jacobs et al., 1999; Olaso et al., 1997). The 

restructuring of ECM components in fibrosis such as collagens and fibronectin provide 

mechanosensory cues that facilitate cancer cell invasion (Harper et al., 2018; Provenzano 

et al., 2008). In addition, chronic inflammation that is characteristic of fibrosis, provides 

cytokines that enhance fibroblast activation and establish a microenvironment that 

promotes metastases (Harper et al., 2018; Langley and Fidler, 2011; Weiskirchen et al., 

2018). Ovarian cancers are age-associated cancers with the median age of diagnosis of 63 

years old, and many of the changes found in fibrosis are characteristic of normal aging 

tissues, though the reasons for this have been largely understudied. A recent study by 

Loughran and colleagues (2018) has shown that aging promotes enhanced metastasis 

within the peritoneal cavity following IP injection of ID8-Trp53-/--RFP, including 

enhanced metastasis to the ovary. In addition, age-associated fibrosis was shown to occur 

in murine ovaries (Briley et al., 2016). Here we validated the presence of age-associated 

murine ovarian fibrosis with fibrosis present in 60% of mice >20 months old, and this 

fibrosis correlated with chronic inflammation through T cell recruitment and IDO1 

expression. In contrast, 40% of mice >20 months old had no signs of ovarian fibrosis and 

exhibited loss of follicles and tubular adenomas similar to the Wv/Wv model, a phenotype 

previously suggested to increase cancer risk (Smith et al., 2012; Vanderhyden, 2005). This 

highlights the possibility of multiple forms of ovarian aging, which may have differential 

cancer risk based on the resultant microenvironment. Interestingly, no fibrosis was present 

in VCD-treated ovaries suggesting that the fibrotic phenotype is due to cumulative 
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ovulations instead of a direct effect of follicle loss. Our study translates these findings and 

provides novel evidence of age-associated ovarian fibrosis occurring in post-menopausal 

human ovaries using MTS and SHG imaging.  

 

The first link between metformin use and cancer risk reduction was found in 2005 by Evans 

and colleagues (2005). Multiple studies have built on Evans’ findings and shown a 

protective effect of metformin use on ovarian cancer incidence in T2D women (Bodmer et 

al., 2011; Tseng, 2015); however there has been conflicting evidence in the literature with 

studies profiling different patient cohorts (Urpilainen et al., 2018). Interestingly, in the 

study done by Tseng and colleagues (2015) that profiled 640,193 Taiwanese women with 

T2D, the overall risk in T2D women not taking metformin (never-user) was 146.4 per 

100,000 person-years compared to 49.4 for those who have taken metformin (ever-user). 

In contrast, Urpilainen and colleagues (2018) found risk to be 39.3 and 41.1 per 100,000 

person-years for never-user and ever-users respectively, among their Finnish cohort. Aside 

from the small sample size of the Finnish cohort with only 303/137643 patients having 

ovarian cancer, it is curious that the never-user risk among the Finnish cohort (39.3) is 

much lower than the never-user risk among the Taiwanese cohort (146.4) suggesting that 

the Finnish T2D populations’s overall risk is lower than the risk among Taiwanese T2D 

women (Tseng, 2015). More global studies must be carried out to determine the efficacy 

of metformin use in ovarian cancer risk reduction within the T2D population. Among 

epidemiological studies exploring metformin and ovarian cancer risk, no mechanisms have 

been elucidated, with observed effects only hypothesized to be due to the metabolic 

function of metformin. Here we show that metformin use in post-menopausal women 
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(metformin ovaries) reverses or prevents fibrosis, as shown by MTS and SHG imaging. A 

major limitation of this study was that all samples were from formalin-fixed tissues, 

limiting our ability to study the dynamics of ovarian fibrosis since we cannot assess the 

level of ovarian fibrosis prior to metformin use in our cohort. More studies are required to 

determine if metformin prevents collagen anisotropy or reverses it once fibrosis is 

established. This may be possible through the development of novel models of ovarian 

fibrosis or emerging imaging modalities that could be employed clinically, such as a 

recently developed PET imaging probe that detects collagen-fibrosis (Désogère et al., 

2017).  

 

Limitations to this study also include a lack of information on parity and oral contraceptive 

use along with the small sample size of our patient cohort, such that the contribution of 

cumulative ovulations to age-associated human ovarian fibrosis could not be determined. 

 

Regardless of study limitations, metformin use, fibrosis, and menopausal status were 

predictors of ovarian gene expression. Metformin ovaries lacking fibrosis clustered 

independently from fibrotic ovaries among post-menopausal ovaries suggesting 

metformin, possibly through the regulation of ovarian fibrosis, can alter the ovarian 

microenvironment. Among genes differentially expressed in metformin compared to 

fibrotic ovaries, DPP4 was the most downregulated gene. DPP4 marks a lineage of pro-

fibrotic fibroblasts, and we found DPP4+αSMA+ fibroblasts were upregulated in fibrotic 

ovaries compared to non-fibrotic ovaries and metformin ovaries that also had noted gliptin 
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use. These results highlight a possible synergistic effect with metformin and gliptin use in 

the regulation of ovarian fibrosis. Metformin ovaries also had less CD8+ T cell and pro-

fibrotic eosinophil infiltration suggestive of reduced inflammation when compared to 

fibrotic ovaries. In addition, metformin ovaries have reduced FN1 expression. This along 

with the restoration of collagen architecture suggests that metformin use has abrogated 

features characteristic of a PMN within the ovary (Cox and Erler, 2014).  

 

Macrophages are key players in mediating tissue inflammation upon injury, and also in 

wound healing and resolution (Lech and Anders, 2013). Based on the predicted influx of 

M1 macrophages in metformin ovaries, we assessed macrophage populations through the 

ratio of M2:M1 macrophages. Non-fibrotic and metformin ovaries had a reduced 

CD206:CD68 ratio when compared to fibrotic ovaries suggesting metformin can affect 

macrophage polarization either directly, or through regulating ovarian fibrosis that in turn 

alters polarization. Even so, enhanced M1 polarization in metformin ovaries suggests that 

metformin use remedies the state of chronic inflammation seen in fibrotic ovaries due to 

the role of M1 in tissue immunosurveillance. In contrast, enhanced M2 polarization in 

fibrotic ovaries is suggestive of a chronic inflammatory state permissive to tumorigenesis 

(Mantovani et al., 2002). Consistent with these findings, metformin use downregulated 

complement pathway proteins C2 and C3, which have been implicated in fibrosis, the 

establishment of a PMN within the cerebrospinal fluid, and in the promotion of M2 

polarization, such that increased C3 promotes M2 polarization during tumor progression 

(Boire et al., 2017; Danobeitia et al., 2014; Fisher et al., 2017; Khan et al., 2015). In 

addition to enhanced M1 polarization, the cytokine milieu upregulated in metformin 
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ovaries (CCL8, CCL26, IL10, VEGFA) suggests enhanced M2c polarization among the 

CD206+ population, which are a subset of M2 macrophages involved in the resolving 

fibrosis (Lech and Anders, 2013; Ueha et al., 2012). This could indicate that metformin use 

may also promote the resolution phase of tissue repair. More mechanistic studies that are 

not limited to fixed tissues will be required to tease out the contribution of various 

macrophage populations to ovarian aging.  

 

Interestingly, some pre-menopausal samples (patients #1 and 2) had evidence of fibrosis 

by SHG and MTS and clustered with fibrotic post-menopausal ovaries. Among these two 

patients, patient #2 was deemed high-risk due to family history, but did not carry a BRCA 

mutation, suggesting factors beyond age may accelerate the development of ovarian 

fibrosis, warranting more study into ovarian fibrosis and ovarian cancer risk.  

 

To extend these findings into the clinic, it will be important to establish a prospective cohort 

of non-T2D women who use metformin, in order determine if metformin use could lower 

ovarian cancer risk among non-T2D women. Prior to a large study in the general 

population, one such cohort could be PCOS patients who have a high level of ovarian 

fibrosis, and increased risk of endometrial cancer (Shafiee et al., 2014; Zhou et al., 2017). 

Another cohort could be high-risk BRCA mutation carriers as there is evidence that BRCA 

mutation promotes fibroblast activation and fibrosis dating back to 1996, when Salazar and 

colleagues (1996) showed BRCA mutation carriers have more frequent stromal hyperplasia 

(Dauplat et al., 2009; Etzold et al., 2016). This may suggest that ovarian fibrosis is 
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accelerated in this high-risk population and could benefit from metformin use for cancer 

prophylaxis. Using novel techniques such as PET probes that detect organ fibrosis 

(Désogère et al., 2017), one could establish a baseline of fibrosis among patients and then 

measure fibrosis following a time-course of metformin use and downstream ovarian cancer 

incidence.  

 

Taken together, our study provides a possible mechanism for the demonstrated ovarian 

cancer risk reduction with metformin use in T2D women through the abrogation of possible 

mechanosensory and microenvironmental cues that facilitate cancer growth and metastasis. 

This study positions metformin use in the context of regulating fibrosis instead of solely 

affecting cell metabolism to reduce cancer risk. Finally, this study offers novel insights into 

the age- and ovulation-associated risk of ovarian cancer, introducing modulation of ovarian 

fibrosis as a possible new frontier for ovarian cancer prevention.  

4.6 Materials and methods 

4.6.1 Experimental design 

This study aimed to determine if ovarian fibrosis occurs during human aging and underlies 

aging and ovulation-associated ovarian cancer risk. We also aimed to determine if 

metformin use-associated ovarian cancer risk reduction occurs through the regulation of 

ovarian fibrosis. In exploring these hypotheses, we first set out to validate the findings of 

age-associated ovarian fibrosis in murine ovaries by Briley and colleagues (2016) using a 

cohort of aged mice from 3-33 months of age in a controlled lab experiment. For murine 

VCD studies, a small sample size (N=3) was selected to validate the histology seen 
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previously in studies from our laboratory (Laviolette et al., 2011). Given that this model 

did not replicate the fibrosis seen in natural aging, it was not used for downstream analysis 

due to our specific interest in studying the effects of ovarian fibrosis. To determine if this 

phenotype is present in aging human ovaries we assembled a cohort of ovarian samples 

from pre-menopausal, post-menopausal, and post-menopausal women taking metformin 

for T2D treatment. These human ovarian samples were used to assess collagen architecture, 

gene expression profiling, and IHC detection of features associated with fibrosis and 

chronic inflammation. Based on the rarity of healthy human ovarian samples and space and 

resource limitations with Nanostring arrays (12 samples/run) patient recruitment was 

halted once a minimum of 5 patients per group was achieved. To increase power, we 

included contralateral ovarian samples, both as a separate replicate and a good control to 

assess intra-patient heterogeneity. Patients who had more than two-samples assessed are 

indicated in Table 4-1. Prior to analysis, patient ovary samples were determined to be 

histologically normal by an experienced gynecological pathologist (M.K. Senterman), and 

exclusion criteria was then set based on the reasoning for ovary removal, drug usage, and 

histology. Patients with contralateral malignant ovarian cancer were excluded. Patients 

with cystic or inflammatory conditions were excluded with the exception of patient #4, a 

pre-menopausal patient with progesterone anaphylaxis, as we were curious if this condition 

affected the immune landscape of the ovary. Patients were also excluded if taking 

testosterone or Lupron. All quantification of human samples was performed blinded or by 

automated image analysis software to remove bias, which was important due to obvious 

structural changes in pre- vs. post-menopausal ovaries. 
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4.6.2 Patient samples 

Ovarian samples were acquired from oophorectomies performed at The Ottawa Hospital. 

Samples were retrieved from archived tissues with protocol approval of the Ottawa Health 

Science Network Research Ethics Board. All samples were deemed normal and non-

cancerous by an experienced gynecologic pathologist (M.K. Senterman). Large regions of 

ovarian cortex (often bilateral samples represented by numerous samples per patient in 

Table 4-1) were isolated, formalin-fixed, and paraffin-embedded for subsequent  

immunohistochemistry and microdissection.  

4.6.3 Animals 

Animal experiments were carried out using protocols approved by the Animal Care 

Committee at the University of Ottawa and conforming to or exceeding the standards 

defined by the Canadian Council on Animal Care.  Female C57BL/lcrfa mice (P. 

Fotheringham and Davies, 1980) were aged up to 33 months such that there were at least 

6 mice per group (0-12 months, 12-20 months, >20 months). Mice were randomly assigned 

to conventional micro-isolator cages with plastic huts and corn cob bedding, in groups of 

5 upon weaning. For VCD treatment, following a 7 day acclimation period, C57BL/6 mice 

(Charles River, strain code: 027) were randomly allocated to 2 treatment groups (3 mice 

per group). Mice in each cage were randomly allocated to a group that received 

intraperitoneal injection of PBS or VCD (240 mg/kg in PBS) for 5 simultaneous days. 

Injections were completed cage by cage. Mice were assessed for wellness by staff of the 

Animal Care and Veterinary Service on a daily basis, and mice necropsies were done 

blinded to treatment group. Mice in this study were sacrificed 60-days post-VCD or PBS 
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treatment. Mice were maintained in dedicated rooms for animal breeding (aging) or 

hazardous chemical procedures (VCD) (21 oC, 40-60% humidity, 12 h/12 h light dark 

cycle) and a commercial rodent diet (2018 Teklad Global 18% Protein Rodent Diet, Harlan 

Laboratories) along with acidified water that was available ad libitum. Housing, food and 

water were autoclaved prior to use, and all animal handling was performed in a certified 

ESCO type A2 BSC hood.  

4.6.4 Immunohistochemistry 

Histopathological assessment of murine and human ovaries was performed using 

hematoxylin and eosin (H&E) and Masson’s trichrome staining (MTS), as well as 

immunohistochemistry. All immunohistochemistry experiments were done using 5μm 

sections of formalin-fixed paraffin embedded (FFPE) tissue. Following deparaffinization 

in xylenes and an alcohol gradient, pressurized antigen retrieval was performed in a citrate 

buffer (antigen unmasking solution pH 6.0, Dako). Endogenous peroxidase activity was 

blocked using 10min incubation in 3% H2O2. Following PBS washes, immunostaining for 

murine (m) CD8 (1:400, abcam #ab217344), CD4 (1:500, abcam #ab183685), FOXP3 

(1:500, Ebioscience #14-5773-82), IDO1 (1:500, LsBio #LS-B13273) or human (h) CD8 

(1:1500, abcam #ab187279), CD4 (1:500, abcam #ab133616), CD68 (1:500, Novus 

Biologicals #NB100-683SS), CD206 (1:1000, abcam #ab64693), FOXP3 (1:75, 

Ebioscience 14-4777-82), DPP4 (1:350, abcam #ab61825), or αSMA (1:600, Dako) was 

performed either 1 hour at room temperature (mCD8, mCD4, hCD8, hCD4, hCD206, 

hαSMA), or overnight at 4 oC (mFOXP3, hFOXP3, mIDO1, hCD68, hDPP4). Species 

appropriate horseradish peroxidase (HRP) conjugated secondary antibodies (Vector) were 

then added for 1 hour at room temperature. Sections were developed in either 
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diaminobenzidene (DAB, Sigma, D8001) for 5 min or ImmPACT VIP peroxidase substrate 

(Vector, SK-4605) for 10 min, following by counterstaining with either hematoxylin (room 

temperature for 1 min) or methyl green (55 oC for 4 min). Sections were then clarified in 

an alcohol gradient and xylenes and mounted with permount (Fisher Scientific). Images 

were acquired using the Scanscope CS2 (Aperio).  

4.6.5 Immunohistochemistry image analysis 

Murine image quantification was performed using Aperio Imagescope for cell counts 

(mCD8, mCD4, mFOXP3) using the count tool and normalizing to ovarian area and also 

for automated pixel quantification of Masson’s Trichrome staining using hue length: 0.64. 

Cell counts were performed blinded. Due to the large size of human ovary sections, 

quantification of hCD68, hCD206, hCD8, hDPP4, hαSMA, hFOXP3, and hCD4 was 

performed using ImagePro Premier 9.0 software with custom smart segmentation for each 

stain to quantify cell number or stain area depending on the resolution and clarity of signal. 

For example, CD4 and CD8 allow for the quantification of cell number, whereas diffuse 

stains such as DPP4 or αSMA+ fibroblasts where signals are less cell-distinctive made it 

challenging to quantify individual cell number and thus areas are presented. To quantify 

DPP4+αSMA+ fibroblasts, the total area of DPP4+ signal was multiplied by the ratio of 

αSMA+ signal that co-expresses DPP4+ using the Parent-child application on ImagePro 

Premier software. All measurements were normalized to ovarian cortex area (mm2). 

4.6.6 Second-harmonic generation imaging 

Unstained paraffinized 5 μm sections of human ovaries were imaged using second 

harmonic generation (SHG) microscopy. Two regions of the ovarian cortex representative 
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of the majority of the cortical collagen architecture by Masson’s trichrome staining were 

annotated for imaging. One outlier region representing heterogeneity of collagen 

architecture was also imaged to determine if SHG imaging could reveal and match similar 

features to Masson’s trichrome staining. Images were acquired using a laser-scanning 

microscope (Fluoview FVMPE-RS, Olympus) to scan the sample with a Ti:saphire femto-

second laser (Mai Tai HP, Spectra Physics). The pulse duration was 150 fs at an 80 MHz 

pulse frequency, and wavelength was set to 840 nm. The average laser power at the sample 

was (28 ± 1) mW. Coherency analysis of collagen fiber orientation in SHG images was 

performed using the OrientationJ plugin on Fiji software.  

4.6.7 Ovary microdissection and RNA isolation 

FFPE human ovarian samples were first serially sectioned into 10 μm sections in RNAse-

free conditions. All sections were immediately stored at -80 oC to preserve RNA quality 

prior to microdissection. Sections were thawed at room temperature prior to automated 

microdissection using the AVENIO Millesect System (Roche). A serially sectioned 

hematoxylin-stained reference slide was used to annotate the region of the ovarian cortex 

to collect. Ovarian surface adhesions and regions near ovulatory follicles (pre-menopausal 

ovaries) were excluded from collection. All region annotations were proximal to the 

ovarian surface epithelium to ensure only ovarian cortex was collected with minimal 

medulla contamination. Tissue was collected in mineral oil from the same regions in three 

serially sectioned 10 μm sections per sample. RNA was then isolated using the RecoverAll 

Total Nucleic Acid Isolation kit (Invitrogen, AM1975) as per manufacturer’s instructions 

and stored at -80oC for downstream applications.  



  

139 

4.6.8 Nanostring analysis 

RNA quality from microdissected human ovarian samples was assessed using Fragment 

Analysis (AATI Fragment Analyzer) and concentration was determined using Qubit 3.0 

Fluorometer (ThermoFisher). All samples met quality control standards as suggested for 

use with Nanostring arrays. Nanostring PanCancer Immune Signaling capture and reporter 

codesets (Nanostring, #115000132) were mixed with 200-300 ng of RNA/sample 

following concentration of RNA into a 5 μL volume using the RNA clean and concentrator 

kit (Zymo, R1015). RNA and codeset solutions were incubated at 65 oC for 22 hours. 

Samples were then run using the nCounter MAX Analysis System (Nanostring) using high-

sensitivity settings. Quality control of resultant data was performed using preset standards 

on nSolver software (Nanostring) with all samples passing all quality control standards.  

 

For unsupervised hierarchical clustering and visualization, normalized expression values 

were log2 transformed and housekeeping genes were omitted. Expression values for each 

gene were then standardized (Z-score transformation) and capped at -3 and 3 to prevent 

artifactual clustering from a small number of spurious measurements. Samples and genes 

were separately clustered using Ward's method (ward.d2) from the R package pheatmap. 

For differential gene expression analysis, normalized expression values were averaged 

among groups and fold changes were derived in all pairwise comparisons using a p-value 

cutoff of 0.05 for significance. For cell type prediction analysis, normalized expression 

values were assessed using the cell type prediction algorithm in the nCounter Advanced 

Analysis Software package (version 2.0115) with cell type gene annotations provided in 

Table 4-5. Cell type scores per sample were averaged within groups. Venn diagrams were 
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produced using the Venny online tool (Oliveros, J.C, 2007) with a minimum fold change 

cutoff of ±1.25.  

4.6.9 Gene ontology analysis 

Normalized differential gene expression with a minimum fold change cutoff of ±1.25 was 

used to enhance gene ontology (GO) term calling based on the small number of 

differentially expressed genes in the Nanostring dataset. GO term analysis was performed 

using the DAVID Bioinformatics Resource (Huang et al., 2009a, 2009b) with an EASE 

threshold of 0.1 in all pairwise comparisons. Only terms containing >2 genes were 

included, and resultant p-values were -log10 transformed.  

4.6.10 Statistical analysis 

All experiments were performed on a sample size of ≥3 as indicated in the figure legends 

or text. Student’s t-test was used to determine statistical significance of fold change ratios 

derived from differential gene expression with statistical significance p<0.05. One-way 

analysis of variance (ANOVA) was used to determine significance when one variable is 

presented in three or more groups. Two-way ANOVA was used to determine significance 

when more than one variable was assessed in three or more groups. Tukey’s posttest was 

used in all cases with statistical significance p<0.05.  
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5 CHAPTER 5: GENERAL DISCUSSION 

5.1 Summary of findings 

This thesis set out to exploit the features of the TME to develop novel therapeutic, 

diagnostic, and prevention strategies for ovarian cancer. This led us develop a new 

syngeneic model of HGSC in the FVB/N strain, the STOSE model, which has features of 

the TME seen in HGSC (Chapter 2). STOSE cells contained a population of SCA1+ TICs 

that enhanced anchorage-independent growth in a colony formation assay and were able to 

initiate tumorigenesis faster than SCA1- cells. The STOSE model offers a rich resource for 

testing novel therapeutics and diagnostics for ovarian cancer, which led us to collaborate 

on the first application of deep learning to ovarian tissue classification (Chapter 3). Pre-

trained CNNs were able to properly stratify TPEF and SHG images of normal reproductive 

tissues (both ovary and oviduct) and STOSE-derived tumor tissue. This study provides a 

proof-of-principle for the application of deep learning to ovarian cancer classification, 

opening up numerous avenues of research to answer more clinically pressing problems in 

diagnostics and treatment planning. The structural changes revealed by TPEF and SHG 

imaging between normal and cancerous tissues began our interest in the normal tissue 

microenvironment found in a PMN, given that the ovary is a common site for metastasis. 

This led us to provide the first evidence of age-associated human ovarian fibrosis, which 

correlated with appearance of features characteristic of PMNs (Chapter 4). Importantly, 

ovarian fibrosis and PMN features were abrogated by metformin use providing a novel 

mechanistic basis for the observed ovarian cancer risk reduction in T2D women using 

metformin, and positioning metformin use as a promising global prophylactic strategy.  



  

143 

5.2 STOSE model utility  

Our initial characterization of the STOSE model profiled the growth rate, genomic 

instability, IHC markers and identified a SCA1+ TIC population (McCloskey et al., 2014). 

To expand on the relevance of the STOSE model, copy number analysis and whole genome 

sequencing would improve this model by allowing for more direct comparisons with 

human HGSC and the TCGA dataset. Additionally, aside from phenocopying IHC markers 

and having similar dynamics in gene expression (downregulation of Cdkn2a and 

overexpression of Ccnd1) as HGSC, STOSE cells lack a Trp53 mutation. This limits the 

relevance of the STOSE model to human disease since ~94% of human HGSC have mutant 

TP53 (Cole et al., 2016). The use of CRISPR-Cas9 to knockout Trp53 or knock-in a Trp53 

mutation was recently performed in ID8 cells, generating ID8 cells with a more aggressive 

phenotype (Walton et al., 2016). Similarly, introducing Trp53 alterations in STOSE cells 

would enhance their relevance to HGSC. Additionally, Walton and colleagues (2016) 

introduced a Brca1 or Brca2 mutation along with a Trp53 alteration in ID8 cells. The 

addition of both a Brca2 and Trp53 mutation better phenocopied the histology of HGSC 

with the appearance of tertiary lymphoid structures in the resultant tumors. The addition of 

Brca1/2 mutations into STOSE cells would generate a syngeneic model of hereditary 

HGSC that may also be representative of the spontaneous loss of BRCA expression that is 

characteristic of sporadic HGSC cases (Weberpals et al., 2008).  

 

Given that STOSE cells reproducibly develop HGSC-like tumors in syngeneic FVB/N 

mice, the STOSE model is apt for developing novel immunotherapies. In future studies, it 

will be important to assess the features that we have come to appreciate as important 
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indicators of immunotherapeutic efficacy. Such features include MHC status and PD-L1/2 

expression on STOSE cells, total mutational and neoantigen burden, ascites immune 

composition, hot versus cold immune landscape of the TME, and the contribution of tumor 

stroma (cancer-associated fibroblasts) to tumor immunosuppression (Kroeger et al., 2016; 

Martin et al., 2016; McGranahan et al., 2016; Nelson, 2008). We have begun to explore 

these features by profiling the immune landscape of intrabursal-derived STOSE tumors 

and have found that STOSE tumors have increased T-cell infiltration and a larger CD4+ 

Treg population than ID8 tumors, suggesting STOSE tumors contain a T-cell-rich or ‘hot’ 

TME. In contrast, orthotopic ID8 tumors generate a myeloid-rich or ‘cold’ TME. Given 

the susceptibility of both ID8 cells and STOSE cells to oncolytic virus infection in vitro 

(Thomas et al., 2016), and the contrasting immune landscapes within the TME, using both 

the STOSE and ID8 models for immunotherapeutic testing will offer robust information 

on the effects of a therapy on the TME. 

5.3 Chemoresistance  

The identification of SCA1+ TICs within the STOSE cell population was an exciting 

addition to this model. To further support that SCA1+ cells represent a TIC population 

within STOSE tumors, chemosensitivity assays should be performed both in vitro and in 

vivo. This could include cell death assays with carboplatin treatment in cultures of SCA1+ 

sorted STOSE cells in vitro, or quantification of the SCA1+ population in tumors following 

carboplatin treatment in vivo. One would expect that chemotherapy expands the SCA1+ 

population if SCA1+ cells are a classical TIC population. However, Sca1 has no human 

ortholog, thereby limiting the translation of our findings to HGSC (Holmes and Stanford, 

2007). It will be important to build on our characterization of SCA1+ STOSE cells by 
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determining the expression of established TIC markers (CD133, CD44, CD24, ALDH1A, 

CD117) in STOSE cells (Kulkarni-Datar et al., 2013; Parte et al., 2018). It would be 

interesting to determine the co-expression of these markers given the heterogeneity of the 

markers used in the literature. It will be important for the field to resolve marker selection 

for TIC populations in order to assess TIC-targeted therapeutic efficacy in the face of tumor 

heterogeneity.  

5.4 Deep learning and diagnostics  

The use of deep learning successfully stratified normal and cancerous murine tissue in our 

proof-of-principle study (Chapter 3). It is not entirely surprising that TPEF performed 

nearly as well as combined TPEF and SHG imaging when using the four pre-trained CNNs 

in our model. This is likely due to the simplicity of our proof-of-principle hypothesis.  

TPEF reveals cellular morphology, which is known to be altered in cancer where cancer 

cells have larger, irregularly shaped nuclei with distinctive nucleoli (Baba and Câtoi, 2007; 

Watson et al., 2014). These morphological changes likely gave a strong enough signal from 

TPEF images to successfully stratify normal vs. cancer using the CNNs.  

 

Pathologists are extremely adept at determining normal from cancer, however, diagnosing 

ovarian cancer subtypes requires specialist training that may not be available in all 

hospitals. Additionally, determining the chemosensitivity or predicting the efficacy of an 

immunotherapy is currently not possible. Deep learning methodologies could have robust 

application to the complex questions of subtype classification, chemosensitivity, and 

immunotherapy. Providing a training set across all ovarian cancer subtypes and a training 

set of chemosensitive and chemoresistant tumors of matched subtypes, could generate an 
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easy to use algorithm that could be applied in centers without specialists, or to improve 

treatment planning. I anticipate that both TPEF and SHG would perform better than TPEF 

alone in stratifying ovarian cancer subtypes based on the morphological changes within the 

ECM between subtypes (Kurman and Shih, 2008).  

 

We know that T-cell infiltration correlates with better prognosis in ovarian cancer (Nelson, 

2008). Additionally, there are not only immunosuppressive barriers to successful 

immunotherapy, but also structural determinants of T-cell infiltration into the tumor 

stroma. Some ovarian tumors lack immune cells (cold-tumors) while other tumors have 

robust immune infiltration (hot-tumors) (McCloskey et al., 2018; Rodriguez et al., 2018). 

Based on the smaller size of T-cells (Strokotov et al., 2009), and structural determinants of 

immune infiltration, I anticipate that deep learning of TPEF and SHG images could be 

applied to predict immunotherapeutic efficacy. A training set from clinical trials using 

immune checkpoint blockade (anti-PD1 or anti-CTLA4) with responders and non-

responders could be used to fine tune the CNNs. Since increasing patch number and adding 

horizontal and vertical reflection data improved CNN performance, adding a third imaging 

modality may improve the sensitivity and specificity. Given the success in using Raman 

spectroscopy in differentiating chemosensitive and chemoresistant ovarian cancer cell lines 

(Moradi et al., 2017), combining TPEF, SHG, and Raman imaging in a training dataset 

could greatly enhance the application of deep learning to more clinically-relevant 

questions.  
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A limitation to deep learning methodology is the small field of view of each SHG and 

TPEF image (250x250 μm²). Given the heterogeneity of ovarian tumors, this small field of 

view could miss important features that a pathologist would identify such as mixed 

histology. Similarly, identifying small and rare precursor lesions may prove difficult with 

such a small field of view. Moving forward, a tiling microscopy approach that spans the 

entirety of a tissue sample will be required the ensure accurate sample coverage.  

 

Furthermore, the majority of SHG/TPEF imaging setups are custom-made within each 

laboratory, highlighting possible issues in applying pre-trained CNNs across diagnostic 

centers. However, commercially available SHG imaging platforms have recently been 

released that could improve the reproducibility of a specific training image set.   

Overall, these findings reveal a new avenue to explore for ovarian cancer diagnostics and 

treatment planning.  

 

5.5 Diabetes, fibrosis, and ovarian cancer  

Chapter 4 revealed that ovarian fibrosis develops in a majority of post-menopausal ovaries, 

which was abrogated by metformin use. Given that all post-menopausal ovaries in our 

study with metformin use had normal collagen architecture and were from women with 

T2D, while the fibrotic ovaries were from post-menopausal non-T2D women, it could be 

argued that diabetes prevents ovarian fibrosis, instead of metformin use. A proper control 

to tease apart the effects of diabetes compared to metformin use would be to assess post-

menopausal T2D women who have never used metformin, to determine if ovarian fibrosis 

also develops in T2D women with age. However, samples meeting these criteria would be 
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difficult to acquire as metformin is the main therapy for T2D women. Moreover, diabetes 

has been shown to increase the risk of organ fibrosis, hypothesized to be due to chronic 

hyperglycemia-induced tissue damage (Ban and Twigg, 2008; Ehrlich et al., 2010), 

suggesting that age-associated ovarian fibrosis may be present in T2D women who do not 

use metformin. 

 

Interestingly, combined metformin and gliptin use significantly reduced the number of 

DPP4+SMA+ fibroblasts suggesting that combined therapy may enhance the antifibrotic 

effects of metformin alone. Gliptins have been shown to reduce cardiac and liver fibrosis 

in murine models (Esposito et al., 2017; Hirakawa et al., 2015; Picatoste et al., 2013; Wang 

et al., 2018). Longitudinal studies assessing cancer incidence with combined metformin 

and gliptin use, compared to metformin use alone in T2D women should be carried out. I 

anticipate that combined therapy would further reduce ovarian cancer risk, in part through 

the abrogation of ovarian fibrosis.  

 

5.6 PCOS, fibrosis, and ovarian cancer  

PCOS is a metabolic condition that is diagnosed if a patient meets 2/3 of the following 

criteria: chronic anovulation, hyperandrogenism, or cystic ovaries (Furat Rencber et al., 

2018; Shafiee et al., 2014). PCOS ovaries have marked cortical fibrosis that is largely 

responsible for chronic anovulation as the thick cortex makes extrusion of the oocyte 

difficult (Furat Rencber et al., 2018). Fibrosis characteristic of PCOS was shown to be 

driven by hyperandrogenism in a rat model (Zhang et al., 2013). Interestingly, women with 

PCOS have a 3-fold higher risk of endometrial cancer and a 2.5-fold higher risk of EOC 
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(Schildkraut et al., 1996; Shafiee et al., 2014). However, studies reporting PCOS and EOC 

risk have been controversial, with a meta-analyses showing no change in EOC risk among 

PCOS women (Barry et al., 2014), while another study showed that PCOS increases the 

risk of borderline serous ovarian cancer (Harris and Terry, 2016).  

 

Many epidemiological PCOS studies have low power with very few patients that develop 

ovarian cancer (Harris and Terry, 2016). Additionally, no studies have determined if 

metformin use abrogates endometrial or ovarian cancer risk in women with PCOS. In a rat 

model of PCOS, metformin was able to reverse fibrosis around follicles and restore the 

ovarian follicle reserve, however the amount of fibrosis in the stroma was not analyzed 

(Furat Rencber et al., 2018). Human PCOS ovaries from patients with and without 

metformin use could be used as a validation cohort for our findings of ovarian fibrosis in 

post-menopausal ovaries.  

 

5.7 Models of ovarian fibrosis – looking to the future  

The changes in cell populations within the microenvironment of the ovarian cortex in 

fibrotic ovaries suggests that the ovary becomes a PMN with age (Chapter 4). Our results 

have opened up a new avenue of research that will require new models of ovarian fibrosis 

for mechanistic studies, and to determine if fibrosis enhances metastasis to the ovary. Our 

study was limited to fixed murine tissues preventing the study of metformin in a murine 

model. Treating aged mice with metformin prior to engrafting syngeneic metastatic ovarian 

cancer (ID8 or STOSE cells) would be a good proof-of-principle given the findings of 
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Loughran and colleagues (2018) that showed aged murine ovaries have enhanced 

metastasis.  

 

Rat PCOS models such as dehydroepiandrosterone treatment that induces ovarian fibrosis 

may be clinically relevant based on the possible increase in cancer risk among PCOS 

patients (Harris and Terry, 2016). Recently, Umehara and colleagues (2018) showed that 

granulosa cell-specific Nrg1 knockout mice develop ovarian fibrosis, generating a model 

that could be used to explore the mechanisms of fibrosis development, and the effects of 

metformin use. Inducible models would have great utility if one could introduce unilateral 

ovarian fibrosis while maintaining a contralateral non-fibrotic control ovary. Using the 

intravenous model developed by Coffman and colleagues (2016), it would be interesting 

to determine if cancer cells preferentially spread to a fibrotic ovary in comparison to a 

contralateral control. One such model could be intrabursal injection of bleomycin, based 

on the widespread use of bleomycin to induce lung and skin fibrosis (Choi et al., 2016; 

Ursini et al., 2016). I would also predict that bleomycin treatment would accelerate ovarian 

aging by destroying follicles as bleomycin is a chemotherapeutic agent that targets germ 

cell ovarian cancer (Necchi et al., 2017).  

 

The hen model may also have utility for longitudinal studies with metformin use due to the 

spontaneously development of ovarian cancer after 2 years of age (Barua et al., 2009). 

Metformin has been shown to alter liver lipid metabolism in laying hens, however, no 

assessment of ovarian cancer incidence with metformin use has been reported in hens 

(Chen et al., 2011). 
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Lastly, emerging methods allow for the exploration of how mechanosensory signals 

contribute to cancer metastasis. Liu and colleagues (2017) developed a method to 

decellularize human ovaries that then could be used as scaffolds to determine if ovarian 

fibrosis facilitates enhanced tumor cell invasion. Decellularizing pre- and post-menopausal 

human ovaries with and without metformin (and/or gliptin) use would greatly contribute 

to our understanding of the mechanosensory signals provided by ovarian fibrosis to 

invading tumor cells.  

 

5.8 Conclusion 

Taken together, the results presented in this thesis highlight the importance of the tumor 

and tissue microenvironment in developing models, diagnostics, and prevention methods 

for ovarian cancer. The STOSE model offers a rich resource for testing novel therapeutics 

and as shown in Chapter 3, STOSE tumors have utility in optimizing novel diagnostic 

techniques that harness the power of artificial intelligence. Leveraging our knowledge of 

the tumor microenvironment led to the discovery of age-associated ovarian fibrosis in post-

menopausal women, opening up a new frontier for ovarian cancer prevention and providing 

support for the use of metformin as a global ovarian cancer risk reduction strategy. 
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