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Abstract 

 
Breast cancer is a highly heterogeneous disease, having not only several intrinsic sub-

types but also significant sub-clonal heterogeneity within tumors. Intra-tumor heterogeneity can 

have profound impact on tumor evolution, disease progression and response to therapy. 

Furthermore, these phenomena can also be influenced by interactions of cancer cells with those 

of the microenvironment, thereby adding an extra layer of complexity to the study of tumor 

biology.  

To investigate the impact of sub-clonal heterogeneity on tumor phenotypes, we 

developed a heterogeneous mouse xenograft model of breast cancer. Our model revealed that 

tumor growth can be driven by a minor clone, expressing IL11, in a non-cell autonomous 

fashion mediated through the microenvironment. We also found that non-cell autonomous 

driving and clonal interference stabilizes sub-clonal heterogeneity, thereby enabling inter-clonal 

interactions leading to new phenotypic traits.  

Utilizing the same model, we identified cooperative interactions between IL11- and 

FIGF- expressing sub-clones that enhance the metastatic behavior of the tumor as a whole. We 

found that metastatic cooperation between these two populations result in larger and 

heterogeneous lung metastasis. Using expression profiles from primary tumors and 

corresponding metastatic lesions, we identified several key immune-regulatory and extracellular 

matrix (ECM) remodeling pathways that promote metastasis in our model system. 

Lastly, we examined heterotypic interactions between tumor cells and cancer associated 

fibroblasts (CAFs) to understand the mechanism of resistance to lapatinib. Using a 3D co-

culture model, we identified significant sub-type-specific changes in gene expression, metabolic, 
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and therapeutic sensitivity profiles of breast cancer cells induced by CAFs. We identified 

JAK2/STAT3 pathway and CAF-secreted hyaluronan as major factors contributing to CAF-

mediated protection. We also found that close spatial proximity to CAFs impacts therapeutic 

responses by affecting proliferation rates of cancer cells. 

In summary, we have used in vitro and in vivo models systems to identify key 

interactions within populations of tumors cells, as well as between tumor microenvironmental 

components and cancer cells, to identify mechanisms that influence tumorigenesis, metastasis 

and drug response. We believe that these findings will increase our understanding of breast 

cancer heterogeneity and enable us to design better therapeutic regimens to eradicate the 

disease. 
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Breast Cancer by the Numbers  

The earliest account of breast cancer can be found in the Edwin Smith Surgical Papyrus 

of Ancient Egypt dating back more than 3,500 years, articulating the disease as “bulging tumors 

of the breast” with “no cure”1. Of course, much has changed in the several millennia since then, 

and the prognosis may not quite be as forbidding depending on the stage at diagnosis. Today, 

breast cancer is recognized as the most common type of cancer in women worldwide. It is 

estimated that 1 in 8 women in the United States will develop breast cancer over their lifetime. 

In the United States alone, the number of women living with or with a history of breast cancer 

reached a staggering 3.1 million in January 20142. In 2015, an estimated 291,840 women were 

diagnosed with breast cancer in the United States3 and about 40,290 women were estimated to 

die from it, the number only second to the deaths caused by lung cancer2. The situation is not 

much less grim in the rest of the world either. In 2012, an estimated 1.7 million new breast 

cancer cases were diagnosed globally4 with rates of cancer incidence being even worse than 

that in the United States5,6. 

  

Breast Cancer Metastasis 

“The word metastasis, used to describe the migration of cancer from one site to another, is a 
curious mix of meta and stasis—“beyond stillness” in Latin—an unmoored, partially unstable 
state that captures the peculiar instability of modernity.” 

         -Siddhartha Mukherjee, The Emperor of all Maladies A Biography of Cancer7 

Although early detection and increased awareness has led to better management of 

breast cancer throughout the years, a majority of morbidity actually occurs due to the metastatic 

spread of the disease. It is estimated that ∼6% of patients already have metastatic disease at 

the time of diagnosis, and 20% to 30% of patients will eventually develop metastatic disease. 

The prognosis for these patients is also relatively poor, with an estimated 5-year survival of only 

26%8. Yet, to this day, metastatic breast cancer, as with any advanced stage of cancer, remains 
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poorly understood, thereby limiting the treatment options available for it. Hence, it is imperative 

that we study the process of metastasis in breast cancer more closely in order to design better 

therapeutic strategies and thus improve patient prognosis and survival.  

As illustrated by Fig. 1.1 the metastatic cascade is a sequence of events that involve 

tumor cells as well as multiple other host-derived factors including fibroblasts, bone marrow 

derived cells (BMDC) among others, which ultimately leads to the dissemination of the cancer 

from the primary to the secondary sites9. After the tumor becomes locally invasive, some 

migratory cells undergo the process of intravasation, or movement into the surrounding blood 

vessels, which is usually facilitated by a change in adherence of the tumor cells to the 

extracellular matrix (ECM) via integrins. This is accompanied by proteolytic degradation of the 

basement membrane, typically arbitrated by proteolytic enzymes that degrade the ECM10.  Once 

inside the blood vessels, the circulating tumor cells (CTCs) must not only withstand the shearing 

forces generated due to blood flow and evade the immune system, but also turn off the internal 

cell-death cascades that induce anoikis11. It is hence not surprising that a majority of the CTCs 

do not even make it to the secondary metastatic locations12. The disseminated cells often travel 

as small emboli consisting not only of tumor cells but also some host derived factors such as 

platelets 13. The clustering also serves to protect the CTCs from the host’s immune system.  

The small aggregates of CTCs eventually get arrested in the capillary beds of the distant 

organs, and if the conditions are right, they can extravasate into the secondary tissues in a 

manner similar to the initial tissue invasion. There, the cells can face multiple potential fates. A 

majority of the cells fail to divide and eventually die off, whereas some cells can remain 

quiescent as micrometastases. However, at some point, the proliferative and angiogenic signals 

get switched on and the metastatic lesions gradually increase in size to develop into clinically 

detectable macrometastases which themselves can even give rise to further metastases10. The 
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Figure 1.1: The metastatic cascade. The sequence of events taking place from the growth 

and dissociation of the primary tumor to the seeding of the disseminated cells to secondary 

organs is highly complex and tightly regulated. [Adapted from (Valastyan and Weinberg, 2011)] 

  



 5 

process of CTC “seeding” is extremely inefficient in mice with only about 0.1% of the cells 

forming detectable metastases14,  and the efficiency is even lower in the case of human 

tumors15. In addition, the cells forming micrometastases can stay dormant for months or even 

years before forming detectable macrometastatic lesions. Metastatic colonization is a rather 

selective process and has particular microenvironmental niche requirements, as articulated by 

Stephen Paget’s “seed and soil” hypothesis16. For breast cancer, these preferential locations 

include lungs, bones, liver and the brain17-20.  

All in all, the various steps of the metastatic cascade and the myriad of factors involved 

are quite complex, and the more we learn about it, the closer we get to improve patient 

prognosis. 
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Inter-tumor Heterogeneity and Intrinsic Sub-types of Breast Cancer 

Breast cancer is highly heterogeneous, with various intrinsic sub-types that have 

different clinical, pathophysiological, and molecular characteristics. These sub-types have 

variable prognoses and therapeutic requirements, arising from the diversity in their rates of 

proliferation, metastatic potential, recurrence rates, and the presence or absence of molecular 

markers and driver mutations21. In the year 2000, a comprehensive gene expression profiling in 

a set of 65 breast tumors by Perou et al. first classified human breast cancers into four different 

sub-types based on their similarities to cell types in the normal breast: ER+ luminal group and 

three ER- groups – HER2 overexpressing group (HER2+ subtype), basal epithelial-like group, 

and normal breast-like group22. The following year, Sorlie et al. further divided the luminal 

subtype into two groups (luminal A and luminal B) in a set of 78 breast tumors23. More recently, 

another sub-type with claudin-low characteristics has been identified in human tumors and 

breast cancer cell lines, which has since been confirmed and accepted widely in the field (Fig. 

1.2)24-26. Although, the origin of these distinct sub-types is still being actively researched upon, it 

is hypothesized that these 6 major classifications of breast tumors with varying 

pathophysiological and molecular characteristics may arise from genetic events occurring to 

particular cells of origins within the breast epithelium21. Finally, the study of breast cancer 

heterogeneity is further complicated by the fact that, even within the same sub-type, there exists 

a significant patient to patient variability thus making it increasingly difficult to develop effective 

and generalizable treatment regimens that have long-lasting curative effects in all patients. 
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Figure 1.2: Intrinsic molecular sub-types of breast cancer. Hierarchical clustering of the 

intrinsic gene list in the UNC 337 breast cancer data-set showing  6 sub-types of breast cancer 

with highlighted characteristic expression patterns including luminal, HER2, basal, immune, cell 

adhesion, mesenchymal/extracellular matrix (ECM), and proliferation. Dendogram for each 

subtype is colored-coded. [Adapted from (Prat and Perou 2011)]  

B 
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Intra-tumor Heterogeneity and Clonal Cooperation 

“The whole is more than the sum of its parts”27 

 This famous quote by the ancient Greek philosopher may not be applicable for all 

situations but it is certainly turning out to be true in the field of oncology, and particularly in 

breast cancer. Although cancer was studied as a clonal disease for many decades28 some very 

early studies of mouse mammary tumors revealed that cellular sub-populations from different 

sections of the same tumor vary in growth rate, immunogenicity, drug response and ability to 

metastasize, thereby demonstrating functional and phenotypic heterogeneity29. Nowadays, it is 

beyond doubt that most cancers, including those of the breast, possess considerable intra-

tumor phenotypic heterogeneity that can be both heritable and non-heritable, arising from 

genetic and non-genetic variability within the tumors30-33. Often times, variations in the 

availability of resources within a tumor, such as differential access to nutrients and oxygen due 

to the tumor architecture, can be a driving force of generating intra-tumor heterogeneity34,35. It is 

true that Darwinian forces of evolution act on heritable phenotypes and not genotypes, but since 

functional phenotypic variability in the tumor milieu has been historically difficult to study in 

patients, most studies of tumor heterogeneity have focused on genetic heterogeneity rather than 

phenotypic heterogeneity arising due to environmental selection forces in the tumor. Yet, 

despite our growing knowledge about cellular heterogeneity in cancer, we are far from 

understanding the dynamics operating among the heterogeneous sub-populations, and their 

role in disease progression and therapeutic responses. 

Intra-tumor heterogeneity was recognized as an inherent property of many types of 

murine tumors as early as the 1970s. Although these findings were initially met with 

overwhelming criticism and disbelief from the mainstream followers of the clonal origin of cancer 

hypothesis, very soon tumor heterogeneity began to be accepted as part of tumor evolution29. 

Early in vitro and in vivo studies of artificially introduced intra-tumor heterogeneity in murine 

models were able to illustrate phenomena such as variations in metastatic capacity or 
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differences in drug sensitivity compared to tumors composed of single clones29,36-38. While most 

observations were those of clonal interference and competition39, some clearly indicated clonal 

cooperation in the form of mutualism or synergism40,41 (Fig. 1.3). Unfortunately, these initial 

demonstrations of clonal interactions went under the radar for more than two decades as 

research during that time focused mostly on cell-autonomous oncogenes and tumor 

suppressors42.  

However, as the importance of intra-tumor heterogeneity came into the limelight once 

more, the need to understand the population dynamics operating within heterogeneous tumors 

began to be recognized. Thus, cancer is now commonly viewed and analyzed as an evolving 

ecosystem43,44. It is expected that, just as in any ecosystem or in the context of organs, cancer 

cells engage in heterotypic interactions with cells in their microenvironment and utilize the 

resources available to proliferate and survive45. Moreover, recent discoveries are bolstering the 

idea that individual sub-populations of cancer cells also behave rather like societies and interact 

substantially among one another, just as scientists in the field had postulated more than three 

decades ago46. Thus, it is not surprising that multiple populations existing within close proximity 

and competing for limited resources could inadvertently engage in a plethora of complex 

interactions resulting from Darwinian forces.  

While a vast majority of sub-clonal interactions could be neutral, the ones manifesting 

phenotypically are often either negative or positive, although negative and positive interactions 

can also occur concurrently (Fig. 1.3). Negative interactions can arise due to clonal competition 

that eventually gives rise to selective sweeps in concordance with the “survival of the fittest” 

aspect of Darwinian evolution. These kinds of interactions can occasionally lead to induced 

cytotoxicity of the less fit sub-clones47,48, or simply the more-fit population can outcompete other 

sub-clones and take over the tumor landscape49. Over time, this can result in clonal selections 

and diminished heterogeneity within tumors. On the other hand, positive interactions mostly 

emerge as clonal cooperation and could be thought of as one of the major drivers of persistent 
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intra-tumor heterogeneity. These types of collaborative interactions can be a result of mutualistic 

or synergistic tendencies meant to benefit the tumor as a whole (Fig. 1.3). For the sake of 

simplicity, throughout this dissertation we use the term clonal cooperation to describe both 

mutualism and synergism without discrimination. The idea of clonal cooperation also supports 

the possibility that instead of one clonal population accumulating all the mutations that enable it 

to acquire the “hallmarks of cancer”50, which is undoubtedly time consuming and inefficient, 

several cooperating partially transformed sub-clones may, in theory, circumvent full 

transformation by benefitting one another and thus accelerating tumor progression51. Also of 

note here is that such collaborative interactions might indicate that the “unit of Darwinian 

selection” in cancers could be oligoclonal rather than monoclonal, although this is likely to be 

very rare. In addition, it is important to consider that collaborative dynamics might have a very 

high likelihood of being exploited by “free-rider” or “cheater” sub-clones and that cooperating 

sub-clones might eventually be out-competed by a fully transformed sub-clone that has all the 

properties of the individuals in the oligoclonal mix.     
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Figure 1.3: Types of ecological interactions that can take place among tumor sub-

populations. [Adapted from (Tabassum and Polyak, 2015)]  
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In the simplest case, clonal cooperation can arise due to each sub-clone secreting a 

particular set of diffusible factors that furthers the growth of both populations, although 

juxtacrine signaling (e.g., NOTCH and WNT) may also achieve similar purposes albeit within a 

shorter distance range. In addition, there can be other sub-clones that modulate their 

microenvironment in certain ways that enable the tumor to grow bigger and metastasize. For 

example, in theory, one sub-clone can secrete angiogenic factors to enhance blood vessel 

formation and thereby bring in nutrients and oxygen to facilitate growth, whereas its partner can 

produce proteinases that degrade surrounding extracellular matrix to allow invasion and 

dissemination. When present alone, these traits are not enough to promote widespread tumor 

growth, metastasis, and emergence of therapeutic resistance. When present in combination, 

however, this can increase the scope of multiple populations to progress and thrive more than 

they could have individually51,52.  Thus, such collaborative crosstalk among multiple sub-

populations may occur either through direct cell-to-cell communication53, non-cell autonomous 

paracrine effects54,55, or it could also be an indirect outcome of microenvironmental 

remodeling54,56 (Fig. 1.4). In extreme cases, the cancer cells themselves can directly participate 

in bringing in resources to the tumor via vascular mimicry57,58. Either way, the overall outcome is 

the progression of the tumor and subsequent dissemination to secondary organs, much to the 

disadvantage of the host organism. 
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Figure 1.4: Non-cell autonomous interactions between populations can have an impact 

on tumorigenesis, metastasis, and therapeutic resistance. Non-cell autonomous 

interactions may contribute to increase the robustness of the tumor leading to increased tumor 

growth, enhanced metastasis and the emergence of resistance. As exemplified with two distinct 

cellular populations communicating in a unidirectional fashion, such interactions may occur 

directly through paracrine53-55 or juxtacrine effects of ligands59-63 produced by one cell and 

received by the second, or it could also be indirectly mediated via components of the 

microenvironment, such as blood vessels, immune cells, and fibroblasts54,56,59-61. [Adapted from 

(Tabassum and Polyak, 2015)]  
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Clonal cooperation can thus have profound impacts on tumorigenesis, disease 

progression as well as therapeutic outcomes. Nevertheless, even though the concept has been 

known for many decades, most of the earlier studies of cellular cooperation were purely 

observational and lacked mechanistic insights in the absence of proper tools46. Direct 

experimental demonstrations and mechanistic dissection of such cooperative interactions in 

cancers are quite novel in comparison to studies of clonal competition. This section is not meant 

to serve as a comprehensive overview of intra-tumor heterogeneity. Rather we will focus on a 

subset of collaborative interactions that may be at play in heterogeneous tumors. Thus, by 

surveying examples from various model systems, we will explore how cooperative interactions 

can influence many aspects of cancer to endow the tumor with collective and often novel 

characteristics. Through our explorations, we will examine how the combination of changes in 

the tumor brought about by several coexisting cancer cell populations may contribute to an 

overall increased robustness of the whole tumor.  

 

Theoretical and mathematical modeling 

Inter-species interactions have been studied extensively in ecology, microbiology, and 

evolutionary biology ever since the conception of these fields. However, given the extent of 

heterogeneity identified in many types of cancers, it is not surprising that many of the prevalent 

theories looking at communications between diverse species are now also being applied to 

study the behavior of sub-populations within tumors. In addition to the more traditional models 

that explore clonal interactions strictly from the competitive angle64, a more contemporary view 

includes the acknowledgement of cooperation among sub-clones in a manner of mutualism or 

synergism. In lieu of proper tools to investigate these relationships directly in patient samples, 

theoretical and mathematical models build an excellent framework to dissect the dynamics 

operating among heterogeneous sub-clones.  
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A branch of theories, known as Hamiltonian medicine65, describes many aspects of 

cooperative and conflicting interactions among cancer cells by comparing them closely to the 

dynamics of microbial interactions. While some of this theoretical knowledge has been 

extrapolated from a broad range of experimental studies of bacterial interactions, others have 

been inferred from mathematical modeling. These theories combine basic socio-behavioral 

perspectives with evolution to speculate how cancer cells and microbes alike can participate in 

behaviors that increase their prevalence in the host. By describing a phenomenon called 

“inclusive fitness”, exemplified by biofilm producing bacteria, they illustrate how the virulence of 

microbes can be higher if many closely related species are aiding in each other’s survival. This 

could also very likely be true for enhanced tumorigenicity in heterogeneous cancer cell 

populations66,67. 

It is widely known that cancer cells, just like bacteria, are able to secrete factors to kill 

nearby competitors. Theoretically, this should eventually result in the homogenization of the 

tumor landscape. However, such a lack of biodiversity poses a very high risk of extinction if, for 

example, the environment changes, and subsequently, the selective pressures change. Thus, it 

is understandable why maintaining population heterogeneity is beneficial68,69. This exact 

phenomenon has been illustrated particularly well in simulated studies of microbial biodiversity. 

One such study demonstrated that, in the absence of extreme selective pressure from the 

environment, the only way by which bacterial populations maintain a high degree of species 

diversity is by adopting a model of “cyclic dominance”. In brief, the model suggests various 

smaller subgroups are maintained, either in time or space, that alternate in dominance of either 

the sensitive, killer, or resistant strains. Such coexistence is only possible because the 

production of a biotoxin, such as an antibiotic, has a metabolic cost to the producer, in this case, 

the killer strain70. This phenomenon could also explain why coexisting bacterial populations may 

have a cumulative resistance to many antibiotics whilst only producing a few antibiotics 

themselves. Similar observations have been made in cell culture models of insulinoma, a 



 16 

neuroendocrine pancreatic cancer, and further verified by mathematical simulation, where 

producer and non-producer sub-clones of a diffusible secreted factor (insulin-like growth factor 2 

(IGF 2)) were shown to exist in equilibrium in order to maximize their proliferative capacity69. 

Such dynamics make it possible for “free-rider” or “cheater” sub-clones to be maintained in 

tumors. However, some of these examples have already been beautifully elucidated in prior 

reports of clonal interactions so we will not delve into them further here69,71,72. 

Theoretical modeling exercises in cancer studies can be very insightful because they 

can simulate environmental effects that are impossible to reproduce in biological system, like 

the addition or withdrawal of a growth factor or stress69. They also have the unique advantage of 

being scalable to time frames that are beyond the practical in in vivo systems54. Even so, the 

hurdle of translating these findings into actionable therapy in humans still remains, as the 

parameters extrapolated from simplified experimental systems may not be perfectly reproduced 

in patients. Furthermore, in order to reduce the complexity of these models, many assumptions 

are often made, which can sometimes obscure what really is happening in the tumor. Therefore, 

the focus right now is to develop more sophisticated technologies to obtain experimental data in 

clinical samples and in vivo animal models to better parameterize theoretical models. The 

ultimate goal then would be to use these improved in silico models, in turn, to predict the 

behavior of the tumors over time to aid the design of more effective therapies. 

 

Clonal cooperation in Drosophila melanogaster 

For many years, Drosophila melanogaster has been used as a model to study negative 

cellular interactions, especially in the context of development. In particular, the phenomenon of 

cell competition among cells with differential fitness has been very well characterized in 

developing D. melanogaster eye-imaginal discs73. Over the years, numerous studies conducted 

in D. melanogaster to elucidate mechanisms of these short-range communications have 

identified several main factors involved in generating “super-competitor” clones that are able to 
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eradicate their neighbors74. In the case of D. melanogaster models, the factors conferring super-

competitor phenotypes have been identified to be predominantly genetic, perhaps attributable to 

the nature of the experimental design, and include (i) an imbalance in the myc gene dosage, (ii) 

haploinsufficiency in ribosomal protein genes, (iii) mutations in tumor suppressor pathways, and 

(iv) deregulation of the Hippo pathway75-77. Even in the absence of super-competitors, D. 

melanogaster have evolved effective mechanisms to prolong life-span by eliminating “unfit” but 

otherwise viable populations during development and aging78. Studies like these have inspired 

researchers to investigate cell competition and other similar cellular interactions in mammalian 

systems as well79. Despite being functionally different, these and other similar studies have 

shed important insights into some of the mechanisms that may be at play among interacting 

cancer cells as well. 

 In conjunction with cell competition studies, the genetic tools available in D. 

melanogaster have also made it a highly amenable model for simplistic and yet illustrative 

studies of oncogenic cooperation in vivo. Many remarkable studies utilizing D. melanogaster 

genetics examined how cooperative interactions can alter tumor behavior. For example, several 

studies demonstrated that interactions between cells with oncogenic RasV12
 mutation and 

adjacent cells lacking scribbled (scrib-/-) can promote widespread overgrowth and invasion of the 

RasV12 mutant cells in the D. melanogaster eye-imaginal discs while the scrib-/- population is 

maintained as a minor sub-clone59-61. However, what is more remarkable is that such a profound 

behavior is completely absent if all the cells express RasV12. The mechanism of cooperation was 

found to be JUN N-terminal kinase (JNK) activation by scrib-/- clones both cell autonomously 

and non-cell autonomously, leading to the induction of stress-induced JNK activity in RasV12-

expressing cells and the upregulation of cytokines activating Janus kinase (JAK)–signal 

transducer and activator of transcription (STAT) signaling. Interestingly, if the scrib-/- cells were 

eliminated or outcompeted from the system, the added benefit to the RasV12
 cells was lost61. 

However, tissue damage (e.g., mechanical wounding) was able to induce proliferation of RasV12 
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cells even in the absence of scrib-/- clones, implying that compensatory proliferation is the 

underlying mechanism. 

In a similar but slightly different system also using D. melanogaster eye-imaginal discs, 

other groups demonstrated that in a RasV12 driven tumorigenesis model, a minor population of 

cells harboring mitochondrial dysfunction (Pdsw-/- (which encodes a subunit of NADH 

dehydrogenase) or cytochrome c oxidase subunit 5a (CoVa-/-) can influence adjacent cells with 

normal mitochondrial function in a juxtacrine fashion leading to oxidative stress and metastasis 

of the RasV12 cells, again via JNK-mediated activation of the Hippo pathway62.  Once again 

similar to the cell competition studies, by virtue of the robustness and simplicity of D. 

melanogaster models, these mechanistic findings of clonal cooperation can help us identify 

some of the key pathways that may also be operating in human tumors. 

 

Clonal crosstalk in murine models 

With the advancement of molecular biology techniques over the last few decades, more 

thorough studies that illustrate sub-clonal interactions have been conducted in animal models 

shedding more light to the early observations of sub-clonal cooperation in heterogeneous 

tumors by cancer biologists in the 1980s and 90s40,41. In one such example from recent years, 

Calbo and colleagues80  using a genetically engineered mouse model of small cell lung cancer 

described that, when present together, two distinct populations of cancer cells transplanted 

together can lead to disease progression and liver metastasis, but are unable to do so when 

transplanted individually. One of the interacting populations was phenotypically 

“neuroendocrine” (NE), and it was able to induce proliferation of a less differentiated “non-

neuroendocrine” (non-NE) population in vitro. The results in vivo were even more remarkable in 

that the non-NE population was able to establish metastatic lesions in the liver only when 

admixed with the NE population. Akin to cases seen in D. melanogaster, this murine model 

illustrated how the presence of two different populations benefited tumor progression. However, 
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in contrast to the D. melanogaster model, where the two interacting populations evolved 

separately59-61, the non-NE cells in the murine model were shown to arise from the NE 

population due to loss of differentiation markers induced by activation of Ras signaling. This 

murine example exhibited the phenomenon of one population endowing the other with 

metastatic potential. The other noteworthy observation from this example is that the non-NE 

population was only present as a minor population in the primary tumors even though it 

dominated the metastatic lesions. One can imagine the immense layer of complexity these 

interactions can add to the design of treatment strategies and such phenomena could potentially 

explain the lack of response of metastatic disease to therapies designed to target the dominant 

sub-clones present in the primary tumor (Fig. 1.5).   
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Figure 1.5: Unique properties of heterogeneous tumors using gain of metastatic potential 

as an example. Homogenous primary tumors or those composed of non-cooperative 

populations may have limited ability to form metastases in distant organs (top). In contrast, the 

metastatic potential of heterogeneous primary tumors composed of cooperative cancer cell 

populations (bottom) can be altered in various ways, especially if one of the clones (light blue) is 

a non-cell autonomous metastasis promoter that increases metastatic potential of neighboring 

populations54,80. The resulting metastatic lesions may be monoclonal or polyclonal. 

Hypothetically, clonal cooperation may also alter the metastatic potential of individual 

populations such that each of them colonize different secondary organs. [Adapted from 

(Tabassum and Polyak, 2015)]  
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A similar, yet slightly different mode of clonal cooperation was observed in a mouse 

model of breast cancer driven by mouse mammary tumor virus (MMTV)-Wnt153. In this model, 

two hierarchically differing sub-clonal populations cooperated to drive tumorigenesis through 

“division of labor”. Using somatic mutations in Hras (Hrasmut) as a marker for lineage tracing and 

cells from transgenic mice expressing fluorescent markers, Cleary and colleagues 

demonstrated cooperative interactions between basal HrasmutWnt1low sub-clones with luminal 

HraswtWnt1high sub-clones. Both populations were required for tumorigenesis but it was heavily 

dependent on Wnt1 production by the luminal sub-clones. In order to examine this cooperative 

behavior more closely, the authors transplanted mammary epithelial cells consisting of basal 

populations from closely related transgenic animals that harbored doxycycline-inducible Wnt1 

into animals that are either wild-type or that constitutively express Wnt1. Interestingly, they 

found that upon doxycycline withdrawal, the tumors in wild-type animals regressed almost 

completely, although some residual cells remained that could cause tumor regrowth after re-

administration of doxycycline. In contrast, the tumors in the Wnt1-expressing mice regressed 

only partially before recurring even in the absence of Wnt1 induction. What was more surprising 

was the observation that the recurring tumors of Wnt1-expressing mice had a large number of 

luminal cells from the recipient mouse in the tumors, which further reinforced the idea of 

dependence of the basal HrasmutWntlow sub-population on cooperation from the neighboring 

luminal cells to form and maintain tumors53. 

In another elegant study, by using a syngeneic p53-null mouse model of breast cancer, 

Zhang and colleagues63 demonstrated a crosstalk between CD29hiCD24hi bi-potent tumor 

initiating cells and a more differentiated CD29hiCD24lo mesenchymal population. The 

CD29hiCD24lo population is derived from the CD29hiCD24hi cells. The CD29hiCD24lo population 

secreted various ligands including WNT9A, WNT2, interleukin 6 (IL6), and chemokine (C-X-C 

motif) ligand 12 (CXCL12), and the CD29hiCD24hi population showed gene expression changes 

in response to some of these factors and expressed high levels of some of the corresponding 
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receptors such as CXCR4 (CXCL12 receptor) thereby indicating a crosstalk between the two 

populations. Furthermore, the authors showed that cytokines secreted by CD29hiCD24lo cells 

were stimulating the self-renewal and tumor initiating capacity of CD29hiCD24hi cells, thus 

establishing a positive feedback loop. This study was an outstanding example demonstrating 

interactions between cancer cells with more stem cell-like phenotypes and their more 

differentiated derivatives similar to what was observed in experimental models of prostate 

cancer55. Although one might argue that the interactions depicted in this model and the ones 

mentioned above are over-simplified and not completely representative of those occurring in 

breast tumors of patients, the clear illustration of cooperative dependence of two distinct sub-

populations on each other for successful tumorigenesis is still valuable for our overall 

understanding of these interactions in cancers53,63.  

 

Cooperation of human cancer cells 

Xenotransplantation assays using human cells have been used to study different 

aspects of tissue development and tumor progression for many years, but more recently they 

are being employed to ask specific questions regarding clonal interactions in cancer. Even 

though these models may not be perfect representations of what happens in patients, they have 

the unique advantage of being amenable to molecular manipulation. Several such studies 

conducted over the last few years have shed important insights into mechanisms that maintain 

heterogeneity and clonal cooperation within the tumors and how these can impact tumor 

behavior. Although most of these studies have used simplistic approaches to look at interactions 

between two or a limited set of distinct sub-clones to reduce complexity, the general 

observations could still be extended to more intricate systems. For example, in a model of 

human melanoma cell lines xenografted in zebrafish, Chapman and colleagues56  were able to 

show how interactions between diverse sub-clones allow for reversible phenotype switching of 

the participating clones. More precisely, they identified that a poorly invasive sub-clone secreted 
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extracellular matrix components only in the presence of an invasive sub-clone, which induced 

the invasive sub-clone to switch from a protease-independent mode of invasion to a membrane-

type matrix metalloproteinase (MT1-MMP)-dependent phenotype, thereby promoting the 

invasion of both populations. In another model using the PC-3 prostate cancer cell line in vitro 

and in mice, Mateo and colleagues showed that a non-cancer stem cell (non-CSC)-like 

population could increase the invasiveness of the CSC-enriched population by secreting 

SPARC, an extracellular matrix protein55. An additional point to make here is that data from 

many studies focusing only on CSCs as a cause of therapeutic failure have not been fully 

supported empirically81, indicating that some sort of clonal interaction could potentially be at play 

between CSCs and non-CSCs in many such cases as we have seen in the example above.  

Thus, even simple xenograft studies like the ones mentioned above are beginning to support 

the theory for mutually beneficial communications between heterogeneous populations.    

In order to explore beyond bi-clonal dynamics, our laboratory took xenograft modeling a 

step farther by deriving about twenty different sub-clones via lentiviral overexpression of cancer 

promoting factors in a triple negative breast cancer cell line, MDA-MB-468, and using them to 

interrogate tumor behavior54. By comparing tumor growth in the context of each sub-clone 

against the parental cell line (monoclonal tumors) versus growth in tumors where all the clones 

were present in equal initial frequencies (polyclonal tumors), we discovered that polyclonal 

tumors were much more aggressive (larger and more metastatic) than monoclonal ones. Using 

a reductionist approach, we were able to reproduce the metastatic behavior with just two 

cooperating sub-clones – those overexpressing interleukin 11 (IL11) and c-fos induced growth 

factor (FIGF, also known as VEGFD) – although it is possible that some of the other sub-clones 

may have had some influence on the overall tumor as well. In our model, the IL11-

overexpressing clone acted as a non-cell autonomous driver of tumor growth as it remained at a 

small percentage in the final tumor, while the FIGF overexpressing sub-clone may have taken 

advantage of the growth promotion to reach sufficient numbers to allow for increased 
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lymphangiogenesis (promoted by FIGF82) and subsequent dissemination of the tumor cells. 

Furthermore, by extrapolating our observations using mathematical modeling, we also showed 

that the presence of IL11 and clonal interactions were required to maintain the overall 

heterogeneity of the tumor due to non-cell-autonomous driving of tumor growth by IL11 and 

clonal interference. This is a situation where multiple clones of higher than average fitness co-

exist in the same population and interfere with each other to prevent either one of them from 

taking over the tumor population. Our results indicated that when the IL11 overexpressing sub-

clone was present, the sub-clones maintained equilibrium but when removed, the tumor either 

failed to grow or suffered necrotic collapse54. Similar findings were also reported in glioblastoma 

models where minor sub-populations expressing mutant epidermal growth factor receptor 

(EGFR) were shown to be responsible for maintaining tumor heterogeneity83. 

In addition to cell lines and engineered clones, patient-derived xenograft (PDX) models 

have also demonstrated the maintenance of heterogeneity with minimal clonal selection across 

multiple passages. Several such studies have utilized barcoded lentiviral transduction systems 

to track clonal distributions in the xenografts and compared them to the original patient tumor to 

show that polyclonality and high levels of sub-clonal heterogeneity can affect tumor behavior 

differently than more homogeneous engraftments84. Granting the evidence towards sub-clonal 

cooperation is not completely conclusive from observations in these PDX studies, the general 

preference towards maintaining high levels of intra-tumor heterogeneity definitely alludes to 

some evolutionary advantage for the tumor58,84,85. Studies like these also demonstrate why 

PDXs derived from transplantation of single cells or homogeneous populations may not 

represent the true dynamics operating in the original heterogeneous primary tumor in the 

patient. Such homogeneous populations are essentially devoid of the interclonal interactions 

that might be important in dictating the behavior of the tumor (Fig. 1.6). However, despite the 

relative ease of detailed clonal tracking available with modern technologies, gaining mechanistic 
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insights with PDX models is still not as straightforward as with engineered cell line models, thus 

warranting a preference for the latter in many cases. 

 

Clonal cooperation and cancer therapy 

There is rapidly accumulating evidence that a high degree of heterogeneity can implicate 

poor disease prognosis in patients86-88. Recent studies have showed that metastatic breast 

cancer lesions are more likely to arise from oligoclonal circulating tumor cell (CTC) clusters, 

which again points to the benefit of clonal interactions89. Thus, it is expected that intra-tumor 

heterogeneity may impact therapeutic outcomes. Furthermore, clonal dynamics can change in 

response to therapy to establish new heterogeneous populations that may confer resistance to 

treatment85. This often happens during recovery periods and drug holidays. These scenarios are 

comparable to observations of rapid evolutionary changes in nature; for example, after a 

particularly strong El Niño in the early 1980s, a relatively rare climactic event, which drastically 

modified the food supply, Galapagos finches had to quickly adapt to the altered environment in 

order to maximize their survival in the region90.  

A handful of studies in highly heterogeneous cancers such as glioblastoma have alluded 

to the presence of multiple coexisting sub-populations each with unique mutations that could be 

independent (spatially or temporally) drivers of tumorigenesis. In the case of glioblastoma, 

amplification of three different receptor tyrosine kinases with known oncogenic roles (EGFR, 

MET, and platelet-derived growth factor receptor (PDGFR)) was observed in three individual 

cancer cells within a single tumor from a patient, implying the co-existence of at least three 

independent clones91.  More recently, single-nucleus sequencing has revealed the presence of 

distinct EGFR truncating alterations (EGFRvII and EGFR carboxyl-terminal deletions) in non-

overlapping sub-clones thought to have evolved independently92. While EGFRvII has been 

shown to be oncogenic and sensitive to EGFR inhibitors, little is known about the EGFR 

carboxyl-terminal deletion mutants. The current hypothesis is that these populations with 
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various EGFR alterations, in the presence of other accumulated mutations, could be one of the 

reasons for resistance to targeted therapy in glioblastoma.   

Although studies showing the presence of multiple drivers in patient tumors do not 

directly prove clonal interactions, they enable us to infer that there might be some inter-play 

among different driver sub-clones that contributes to resistance by changing sub-clonal 

compositions when a tumor is subjected to therapeutic intervention. For example, cellular 

diversity scoring of breast tumor samples before and after neoadjuvant chemotherapy using 

immuno-fluorescence & fluorescence in situ hybridization (iFISH) analysis has revealed very 

little change of cellular genetic diversity in partial- and non-responding tumors, although the 

individual populations comprising the tumor were phenotypically different88. Such studies 

provide us with indirect evidence that maintenance of intra-tumor heterogeneity (perhaps not by 

the same initial sub-populations, but similar ones nonetheless) is most likely the way in which 

most cancers evade therapy and lead to disease relapse in patients.   
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Figure 1.6: Deficiencies of xenograft assays using homogeneous cell populations or 

single cells. Monoclonal or single cell transplantation assays may not reflect the behavior of 

cells in intact polyclonal heterogeneous tumors from which they are derived from because of the 

lack of cellular interactions. A heterogeneous tumor has various sub-populations engaged in a 

network of ecological interactions. In a perfectly cooperative situation, it is possible that different 

sub-clones contribute different factors to aid the overall growth of the tumors. However, many 

xenograft assays rely on single cell transplantation methods that eradicate the opportunity for 

interclonal interactions that were present in the original tumor. Thus, these monoclonal tumors 

will fail to reproduce the behavior of parental tumor. In addition, non-cell-autonomous 

interactions mediated via the microenvironment may not reproduce well due to species 

differences. [Adapted from (Tabassum and Polyak, 2015)]  
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It is well known that the presence of resistant sub-clones within the tumor milieu 

undetectable at diagnosis using commonly applied methods can contribute to eventual 

treatment failure and relapse93-95. For example, estrogen receptor α (ESR1) mutations have not 

been detected in primary breast tumors, yet a significant fraction of metastatic lesions refractory 

to endocrine therapy contain ESR1-mutant cells95-99. However, with further technologic 

advances enabling the detection of single or rare mutant cells such as digital PCR100, some of 

these pre-existing mutants currently eluding diagnostic testing may become visible. Although 

quite simplified, some in vitro work using co-culture systems has already demonstrated that a 

small sub-population of resistant clones could aid the outgrowth of non-resistant clones101, and 

similar interactions may also be applicable in tumors of patients. Thus, one can imagine the 

challenges therapeutic interventions may face if several sub-clonal populations aid in each 

other’s survival and/or dissemination in a similar manner, thus making it even more difficult to 

eradicate the disease. What is more daunting is the emerging evidence of small populations of 

malignant cells recruiting diverse populations of benign cells and transforming them to enhance 

tumor growth either by direct stimulation, such as secretion of activating cytokines102 or 

promoting loss of tumor suppressors103, or by indirect mechanisms, such as exosomal delivery 

of RNA or protein factors104. This sort of recruitment, although slightly different from clonal 

cooperation, indicates that successful tumor formation often relies on the contribution of more 

than one sub-population, even if only to increase the sheer size and spread of the tumor. 

Unfortunately, these corruptive influences are still poorly understood, and we know even less of 

how to eliminate these “influential” clones.  

Another thorn in the way of cancer therapy is the emergence of transient cooperating 

clones. In studies of bacterial antibiotic resistance, one term that is frequently encountered is 

“persistence”. Not to be confused with “resistance”, persistence implies the ability of otherwise 

sensitive bacterial strains to withstand an onslaught of antibiotic attack by slowing down growth 

and metabolism, almost to the state of dormancy. Additionally, these persister populations could 
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arise from any bacterial cell without requiring a particular mutation to evade the antibiotic105. A 

similar program has been described in tumors, where a sub-population can reversibly and 

transiently alter its epigenetic profile via engagement of IGF1 receptor (IGF1R) activity to form a 

drug-tolerant persister population106. Once the therapy is removed, the surviving quiescent 

persisters are then able to revert back to more proliferative tumorigenic populations. Therefore, 

tumor heterogeneity - be it transient or lasting, heritable or non-heritable - represents a major 

obstacle toward understanding and treatment of cancers. 

 

Clonal Heterogeneity in Breast Cancer Metastasis 

Metastasis is a complex and dynamic process that can occur both at an early or a late 

time point during the tumor development107. Especially in the case of breast cancer, the puzzle 

of early versus late dissemination remains far from being solved. Although mouse models have 

demonstrated dissemination as an early and possibly parallel event108, in humans, the answer 

continues to be less clear cut. An early study of lymph node metastatic lesions showed much 

less heterogeneity in comparison to primary tumors109 suggesting a step-wise selection process. 

On the other hand, comparative genomic hybridization (CGH) studies have revealed the 

presence of highly divergent clonal evolution between a subset of primary tumors versus lymph 

nodes110 thereby hinting at early dissemination and independent development.  Results from 

studies of matched primary and distant metastatic lesions of breast cancer have been even less 

informative. While some reports indicate that they harbor more DNA rearrangements and 

therefore must have evolved independently111-113, others have shown them to maintain the gene 

expression profiles of the original tumor114. Thus the answer to late vs. early dissemination in 

breast cancer still remains elusive. 

The emergence of clonal heterogeneity at distant metastatic lesions can give rise to 

chemotherapy resistance and eventual treatment failure115,116. However, not much is known 

about how much of the clonal heterogeneity of the metastatic lesions is representative of that at 
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the primary tumor and especially what role it plays. There have been various comparisons 

between primary tumors and nearby lymph node metastases. While some of these reports 

support close genetic relationship between primary and metastatic tumors, some also show 

divergence110,113,117,118. Thus, in order to have any therapeutic advances in treating breast 

cancer metastasis it is imperative that we de-convolute this conundrum. 

 

Heterotypic Interactions in Tumors 

Composition of the tumor microenvironment 

The biology of solid tumors has been traditionally studied as being predominantly 

governed by genetic and epigenetic alterations arising in the cancer cells during the course of 

somatic tumor evolution. However, in addition to neoplastic cells, the tumor milieu includes 

various populations of non-neoplastic cells that make up the tumor microenvironment119 which 

themselves contribute to the diversity within the tumor. The complex microenvironment 

surrounding the tumor involves many different cell types and tissue systems, including 

inflammatory and immune cells, fibroblasts, myofibroblasts, endothelial cells, lymphatic 

endothelial cells, and various bone marrow derived progenitor cells120,121 (Fig. 1.7). Unlike 

normal tissues where distinct boundaries separate the microenvironmental components from 

the cells of the organ, in tumors, the two populations come into close proximity, which gives rise 

to paracrine and juxtacrine interactions similar to the case of wound healing121,122. These 

heterotypic interactions can further regulate the overall tumor growth, progression, as well as 

therapeutic responses119. 
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Figure 1.7: Composition of the tumor microenvironment. In addition to neoplastic cells 

(blue), there exist various non-neoplastic populations comprising the tumor microenvironment, 

which can either support or hinder the growth and progression of the tumor. [Adapted from 

(Joyce et al., 2009)] 
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Cancer Associated Fibroblasts and their role in cancer progression 

The most abundant cell fraction in the tumor microenvironment are cancer associated 

fibroblasts123. These can originate from multiple resident precursors, such as endothelial cells, 

smooth muscle cells and myoepithelial cells, or mesenchymal stem cells124-127. There is some 

compelling in vivo evidence that demonstrates the potent tumor suppressive effects of normal 

fibroblasts on cancer growth128. However, once the fibroblasts get activated to become cancer 

associated fibroblasts (CAFs), they can secrete various growth factors which can promote 

proliferation, reduce cell death as well as increase invasive properties of for malignant cells124-127. 

It has also been shown that CAFs secreted CXCL12 or SDF1 can act as chemoattractant that 

further recruits other stromal cell types that promote angiogenesis into the tumor 

microenvironment and contribute to an immune suppression129-132. 

Another major contribution of CAFs to the composition of the tumor microenvironment is 

their secretion of ECM components and ECM remodeling enzymes131,132. These ECM 

components can further mediate cell signaling pathways that can promote the tumor growth and 

invasion. In addition, CAFs and their secreted ECM components can prevent the access of anti-

cancer drugs to the tumor cells, thereby offering protection and contributing towards drug 

resistance131,132. Thus, in order to overcome stromal, and especially CAF, mediated resistance it 

is worthwhile to explore therapeutic strategies that eliminate these population or their 

interactions with cancer cells133. 
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Overview of Dissertation 

Breast cancer is extremely heterogeneous, having not only different sub-types with 

varying histopathological and molecular characteristics, but also significant sub-clonal 

heterogeneity within tumors, arising through a process of somatic evolution. Intra-tumor 

heterogeneity, although difficult to study in patients, can have profound impact on the evolution 

of the tumor, disease progression, metastasis, as well as the response to therapy. The study of 

tumor diversity is further complicated by the fact that biological properties and therapeutic 

responses of tumors are also defined by networks of physical and paracrine interactions 

between neoplastic and non-neoplastic cells within tumors that comprise the tumor 

microenvironment. In this dissertation, we thus show that intra-clonal interactions – be it 

homotypic or heterotypic – can impact tumorigenesis, metastasis, and response to therapy. 

In Chapter 2, we described a mouse xenograft model to investigate the impact of sub-

clonal heterogeneity on tumor phenotypes and the competitive expansion of individual clones. 

We found that the growth of the tumor can be driven by a minor cell sub-population. Our driver 

population, expressing the secreted cytokine IL11, enhanced the proliferation of all cells within a 

tumor by overcoming environmental constraints, inducing angiogenesis and reorganizing other 

microenvironmental components. Yet, the IL11-expressing driver population could be 

outcompeted by faster proliferating competitors, resulting in tumor collapse, thereby indicating 

the dynamic nature of sub-clonal evolution. Furthermore, we found that non-cell autonomous 

driving, together with clonal interference, stabilized sub-clonal heterogeneity, thereby enabling 

inter-clonal interactions leading to new phenotypic traits.  

In Chapter 3, we used the same mouse model described above to identify cooperative 

interactions between sub-clones expressing IL11 and FIGF (VEGF-D) to enhance the 

metastatic behavior of our tumor model. Interestingly, we found that the presence of these two 

clones was responsible for increased dissemination of other neutral populations comprising the 

primary tumor, as well as an increase in the size of the metastatic lesions in the lungs. By using 
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gene expression profiling from monoclonal and polyclonal tumors and their corresponding 

metastatic lesions, we also identified key biological pathways belonging to the immune-

regulatory and ECM-remodeling functions that could provide mechanistic insights into the 

metastatic behavior seen in our model system. 

In Chapter 4, we examined heterotypic interactions between tumor cells and cancer 

associated fibroblasts (CAFs) to understand the mechanism of resistance to lapatinib, a dual 

EGFR/HER2 inhibitor. Using a 3D co-culture model, we identified significant sub-type-specific 

changes in the gene expression, metabolic, and therapeutic sensitivity profiles of breast cancer 

cells when present in contact with cancer-associated fibroblasts (CAFs). We found that the 

CAFs-induced protection from lapatinib is attributable to its reduced accumulation in carcinoma 

cells and an elevated apoptotic threshold. We identified molecular pathways whose inhibition 

sensitizes HER2+ breast cancer cells to lapatinib both in vitro and in vivo including JAK2/STAT3 

and hyaluronic acid. Our results from topologic analysis of the distribution of proliferating (Ki67+) 

cells in breast tumors during neoadjuvant lapatinib therapy revealed that spatial proximity to 

CAFs impacts therapeutic responses. 
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ABSTRACT 

Cancers arise through a process of somatic evolution that can result in substantial sub-

clonal heterogeneity within tumors. The mechanisms responsible for the coexistence of distinct 

sub-clones and the biological consequences of this coexistence remain poorly understood. Here 

we used a mouse xenograft model to investigate the impact of sub-clonal heterogeneity on 

tumor phenotypes and the competitive expansion of individual clones. We found that tumor 

growth can be driven by a minor cell subpopulation, which enhances the proliferation of all cells 

within a tumor by overcoming environmental constraints and yet can be outcompeted by faster 

proliferating competitors, resulting in tumor collapse. We then developed a mathematical 

modeling framework to identify the rules underlying the generation of intra-tumor clonal 

heterogeneity. We found that non-cell autonomous driving, together with clonal interference, 

stabilizes sub-clonal heterogeneity, thereby enabling inter-clonal interactions that can lead to 

new phenotypic traits.  

 

INTRODUCTION 

Cancers result from genetic and epigenetic changes that fuel Darwinian somatic 

evolution1,2.  Until recently, the evolution was assumed to proceed as a linear succession of 

clonal expansions triggered by acquisition of strong driver mutations that progressively increase 

cell fitness and lead to selective sweeps3. However, the recent explosion of data from tumor 

genome sequencing studies and single-cell based analyses has revealed substantial genetic 

heterogeneity within tumors, including sub-clonal differences in driver mutations4-8. This 

contradicts the linear succession model and challenges the assumption of tumor evolution being 

driven by mutations providing strong clone-specific selective advantages. Furthermore, clonal 

heterogeneity raises the possibility of biologically and clinically important interactions between 

distinct clones9,10.  
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Many oncogenic mutations confer a cell-autonomous fitness advantage by either 

providing independence from growth factors or abolishing apoptotic response. These mutations 

are thus expected to drive clonal expansions11. At the same time, tumor progression is 

frequently limited by microenvironmental constraints12-14 that cannot be overcome by a cell-

autonomous increase in proliferation rates. Instead, progression depends on alterations of the 

microenvironment, mediated by non-cell-autonomously acting factors, such as 

metalloproteinases and cytokines. It is unclear whether these secreted factors preferentially 

benefit the “producer” clone(s) enabling their clonal dominance. 

 

RESULTS 

A model of clonal heterogeneity 

Understanding clonal heterogeneity has been hindered by the lack of suitable 

experimental models. While patient tumor-derived xenograft studies using clonal tracing can be 

insightful, their utility is limited by the challenges in deciphering mechanisms that underlie 

biological differences between sub-clones. We aimed to bypass these challenges by 

experimentally defining sub-populations via overexpression of factors previously implicated in 

tumor progression. We decided to exploit a scenario of a tumor that is “stuck” in a 

microenvironmentally-constrained progression bottleneck, which is relevant for occult cancers, 

dormant micro-metastatic lesions, and perhaps early, clinically undetectable stages of tumor 

development. This scenario offers two key advantages. First, in contrast to a rapidly growing 

tumor, the constrained population size of non-growing tumors composed of rapidly cycling cells 

is expected to intensify competition for limited microenvironmental resources. This enhances the 

detection of differences in competitive fitness. Second, the indolent morphology and lack of net 

tumor growth should facilitate the detection of increase in tumor growth and metastasis.  

In search of tumors satisfying these criteria, we analyzed a panel of breast cancer-

derived cell lines for tumors formed by orthotopic transplantation into the mammary fat pads of 
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immunodeficient Foxn1nu (nu) mice. Whereas most of the tested cell lines either failed to 

produce tumors or formed tumors that grew too rapidly (e.g., SUM149PT cells), MDA-MB-468 

cell line formed indolent tumors which, upon reaching 2-5 mm in diameters, showed very slow 

growth rates (Fig. 2.1A and data not shown). Despite slow net growth, the tumor cells were 

actively proliferating: 80-90% of them were in cell cycle based on Ki-67 staining, and 20-30% 

were in S-phase based on BrdU incorporation (Fig. 2.1B). The slow net tumor growth indicated 

that cell proliferation was counterbalanced by cell death. Indeed, 1-3% of the cells were 

apoptotic. Tumors contained large necrotic areas implying significant necrotic cell death (Fig. 

2.1B).  

We used MDA-MB-468 cells to generate a panel of sub-lines (henceforth called “sub-

clones”) defined by the lentiviral overexpression of a single secreted factor. Each factor had 

been previously implicated in tumor progression, along with reported high expression in 

patient’s breast carcinoma cells (Fig. 2.1C and Table 2.1). Given the recently reported variability 

in clonal proliferation dynamics15, and to minimize the confounding influences of 

genetic/epigenetic heterogeneity within the cell line, we used pools of transduced cells rather 

than single cell-derived clones. This panel enabled us to compare phenotypic properties of 

tumors and clonal expansions under two circumstances: (i) each sub-clone competing against 

parental cells (monoclonal tumors), and (ii) sub-clones competing against all other sub-clones 

(polyclonal tumors) (Fig. 2.1C). We had 18 sub-clones in total. In order to maintain equal initial 

clonal proportions in all tumors, we employed the ratio of 1:18 between a sub-clone and 

parental competitors. 
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Figure 2.1: Experimental system. A, Growth of tumors upon fat pad transplantation of 

indicated cell lines, n=10/group, error bars indicate SEM. B, Representative images of indicated 

staining. Arrows indicate necrotic areas. C, Experimental scheme. 
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Table 2.1: List of factors employed in sub-clonal derivations. *IL6 expressing sub-clone 

was tested in the pilot experiments but was excluded due to high systemic toxicity.  
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Non-cell autonomous tumor driving  

We first investigated whether individual sub-clones, initially present as a minor sub-

population competing against parental cells, could impact tumor properties. We focused on 

tumor growth and metastasis, features that are most relevant clinically and amenable to 

quantification. Whereas we observed variability between the groups in morphology, proliferation 

and vascularization (Fig. 2.2), only the chemokine (C-C motif) ligand 5 (CCL5) and interleukin 

11 (IL11) overexpressing sub-clones were able to enhance tumor growth (Fig. 2.3A,B). None of 

the tumors were metastatic, as evaluated by in vivo bioluminescence imaging and examination 

of draining lymph nodes, peritoneal walls and bone marrow (data not shown).  

We then analyzed the population frequencies of individual sub-clones within the tumors 

using a genomic quantitative polymerase chain reaction (qPCR) approach, utilizing clone-

specific and reference amplicons (Fig. 2.4). Surprisingly, we observed no strict correlation 

between the increase in sub-clonal frequencies and the growth rate of tumors (Fig. 2.3A-C). The 

LOXL3 sub-clone underwent the strongest (~10-fold) expansion in population frequency, yet 

failed to promote overall tumor growth. On the other hand, both CCL5 and IL11, each capable of 

driving outgrowth of tumors, exhibited ~8- and ~4-fold expansion, respectively. To address the 

link between clone-specific expansion and tumor growth more directly, we calculated rates of 

expansion in cell numbers over the initially transplanted cells using volume-based cellularity 

inferences (Fig. 2.3D, Fig. 2.5A). Only IL11 was capable of non-cell autonomous driving. We 

saw enhanced expansion of both IL11-expressing and parental cells. Increased growth of 

CCL5-driven tumors was only attributable to cell-autonomous expansion of CCL5-expressing 

cells. This finding was consistent with the observed delay in tumor outgrowth driven by CCL5 

compared to IL11-driven tumors (Fig. 2.3A, insert). 
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Figure 2.2: Proliferation, apoptosis and vascularization in selected groups. Quantitation 

and representative pictures of immunohistochemical analysis for markers of A, proliferation, B, 

apoptosis, and C, vascularization. Each dot represents an individual tumor, error bars indicate 

SD.  
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Figure 2.3: Polyclonality affects tumor phenotypes. A, Tumor growth kinetics. B, Tumor 

weights. C, Sub-clones frequencies within tumors. Red line indicates initial frequency. D, 

Expansion (fold change over initial cell number) of sub-clones and parental cells from 

monoclonal tumors shown in C. E, Tumor growth kinetics and weights (inset). F, Representative 

images of tumors. G, Live fluorescent microscopy images of tumor cells (mCherry+) in tissues. 

*, ** and *** indicate p<0.05, p<0.01 and p<0.001, respectively of Student’s t-test (A, C, E) or 

ANOVA multiple group comparison against parental (B) or LacZ (D) with Dunnet’s correction. 

Error bars indicate SEM. 
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Figure 2.4: Estimations of clonal frequencies. A, Schematic outline of the quantification of 

clonal composition based on qPCR. Changes in clonal frequencies are determined based on 

changes in the ratios of clone-specific and a human-specific reference amplicon between initial 

mixtures and the resulting tumors. B, Reproducibility of clonality analysis between two different 

DNA preparations/qPCR from same tumor. C, Correlation between the results obtained using 

fluorescent cell sorting (FACS) and qPCR based determination of clonal frequency after 6 

weeks in vitro culture. Green Fluorescent Protein (GFP) labeled parental cells were mixed with 

individual sub-clones at initial ratios of 20:1. R2 indicates goodness of fit of linear regression. 
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Figure 2.5: Mathematical model. A, Upper panel: estimation of tumor volume-density relation. 

The line represents a linear regression with slope 0.33 (P<0.01). Red dots are predictions for 

which one value of the pair was missing. Inset: tumor density over time from clone-vs-parental 

competition experiments (dots), The line represents the linear regression. Tumor density did not 

correlate with the time of harvest (slope 0.012, P=0.68). Lower panel: schematic of estimation of 

cell numbers in tumor samples from two dimensional slices. B, Tumor volume over time from 

experimens (empty circles) and linear regression (exponential tumor growth law, black lines), 

with 0.95 confidence intervals (gray areas). Inset: comparison of P-values using differnt growth 

laws. C, Flow chart of mathematical modeling approach. D, Upper panel: growth dynamics 

under non-cell autonomous driving, according to mathematical model (Model B), estimated 

additional effect of IL11 was 0.012/day. Example of four individual sub-clones (e.g. IL11, 

LOXL3, slow growing CCL5, LACZ), total tumor size indicated by dashed line, lower panel: 

frequency dynamics for the same set. E, Outline of the linear model that best explains 

polyclonal dynamics. F, Prediction of diversity over time without (dark) or with (light) non-cell 

autonomous driver. 



55 

 

 

 

 

 

Figure 2.5 (Continued)  
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We did not observe a positive correlation between tumor weights and final percentages 

of IL11 expressing cells (Fig. 2.6A). An increase in the initial frequency of the IL11 sub-clone did 

not further enhance tumor growth (Fig. 2.6B). Parental cells expressed undetectable basal 

levels of IL11 (Fig. 2.6C,D) and the non-cell autonomous driving of tumor growth was observed 

with four independent derivations of the IL11 overexpressing sub-clones using two distinct 

lentiviral backbones that provide different levels of expression (Fig. 2.6C-E). This strongly 

suggests that the phenomenon was IL11-specific and did not require additional stochastic 

events.  

We then initiated tumors in which all the sub-clones, present at the initial 1:18 frequency, 

were set to compete against one another. These tumors grew faster than monoclonal tumors, 

suggesting additive growth-promoting interactions among the sub-clones (Fig. 2.3A). However, 

omitting the IL11 sub-clone (2:18 ratio of control LacZ sub-clone was used to maintain 1:18 ratio 

of the remaining sub-clones) blocked the increased growth of polyclonal tumors, reducing clonal 

expansions (Fig. 2.3E and Fig. 2.7A). Therefore, non-cell autonomous stimulation by IL11 was 

both necessary and sufficient to drive tumor growth.  

 

Sub-clonal cooperation in metastasis 

In addition to accelerated growth rates, polyclonal tumors displayed regions of extensive 

hemorrhage and multiple cysts (Fig. 2.3F), indicative of increased blood and lymphatic vessel 

leakage. Consistently, a large fraction of polyclonal tumors were metastatic: 7/12 analyzed 

animals displayed lymph node metastases, 6/12 displayed metastatic nodes on the peritoneal 

wall, and 4/7 contained tumor cells in the bone marrow (Fig. 2.3G). Animals bearing polyclonal 

tumors accumulated peritoneal fluid and demonstrated signs of systemic toxicity, requiring 

euthanasia at earlier time points compared to other groups.  

FIGF was the only other sub-clone displaying elevated vascular leakage in monoclonal tumors, 

albeit with incomplete penetrance. Hence we asked whether the combination of IL11 and FIGF 
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could recapitulate the metastatic phenotypes of polyclonal tumors. Indeed, FIGF/IL11 tumors 

displayed an increase in tumor volume and extensive hemorrhage (Fig. 2.3F and Fig. 2.7B), 

with 4/4 animals presenting both lymph node and peritoneal wall metastases. Therefore, our 

data suggest that biological interactions between distinct sub-populations can lead to the 

emergence of new tumor phenotypes. 

 

Mathematical model of tumor clonality 

To investigate the rules of tumor growth and to predict clonal dynamics on a longer 

timescale, we developed a mathematical framework incorporating clonal interference and 

heterogeneity. First, we investigated the growth behavior of monoclonal tumors, finding that 

tumors exhibited an exponential growth pattern (Fig. 2.5B). We then estimated the clone-

specific exponential growth rates for each monoclonal growth experiment. With these rates we 

predicted tumor sizes in polyclonal tumors adding a dynamic interaction term (Fig. 2.5C-E).  

In order to account for interactions between a driver clone and other clones, we 

investigated a hierarchy of nested, increasingly complex mathematical descriptions of clonal 

dynamics for their ability to predict data from individual polyclonal growth experiments. The null 

hypothesis of no clonal interactions was easily rejected. The best agreement between model 

predictions and experimental observations in polyclonal tumors was achieved by including a 

constant positive growth effect of the IL11 clone on all other clones. Higher-order interactions 

involving multiple drivers did not improve the predictive power of the model. The best-fitting 

model can then be used to predict heterogeneity in polyclonal tumors over longer time scales. In 

the absence of IL11, clonal heterogeneity is predicted to eventually vanish, since clones with the 

highest proliferation rates outcompete less fit clones. In contrast, non-cell autonomous 

stimulation of cell growth supports clonal diversity over clinically relevant time scales (Fig. 2.5F). 
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Figure 2.6: Reproducibility and frequency-independence of tumor-growth promoting 

effects of IL11. A, Relation between tumor weight and fraction of IL11 sub-clone cells upon 

tumor harvest. B, Final weights of tumors initiated from the indicated mixtures of IL11 

expressing and parental cells using pLenti6.3 backbone; n=21 for the 5.6% IL11, n=10 for the 

other groups. C, Secreted (pg per 106 cells per hour) and D, Intracellular (pg per 106 cells) levels 

of IL11 protein determined by ELISA in parental cells and in the IL11-expressing clones derived 

using the indicated lentiviral constructs. E, Growth kinetics of tumors initiated by transplantation 

of mixtures containing IL11-expressing cells from the indicated backbones competing with the 

parental cells. 
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Figure 2.7: IL11 in clonal cooperation. A, Expansion (fold change over initial number of cells) 

of indicated sub-clones in the polyclonal tumors initiated with/without IL11 sub-clone, 

n=10/group. B, Growth curves of the tumors initiated by transplantation of the indicated groups, 

IL11+FIGF indicates tumors initiated by 1:1 mixtures of IL11 and FIGF sub-clones. 
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Chemotherapy boosts clonal competition  

Contexts of polyclonal tumors strongly inhibited the expansion of individual sub-clones in 

comparison to monoclonal tumors (Fig. 2.3C). This phenomenon is known as clonal 

interference. When multiple clones with higher than average fitness emerge in a population at 

the same time, they interfere with each other. This slows down the rate of clonal evolution16. 

The reduced expansion of individual sub-clones in IL11-driven polyclonal tumors could also be 

the result of a growing population. Therefore, to distinguish between the effects of clonal 

interference and expanding tumor volume, we determined clonal expansions in slower growing 

polyclonal tumors without IL11 (Fig. 2.3C). We found that while the removal of IL11 significantly 

affected clonal composition of the tumors (p<0.0001 for the interaction factor in a 2-way 

ANOVA), expansion of most of the sub-clones remained inhibited. This suggests that clonal 

interference is a major determinant of the differences in the competitive dynamics in polyclonal 

tumors.  

Since anti-cancer therapy exerts selective pressures that can affect evolutionary 

dynamics, we investigated the impact of treatment with doxorubicin, a commonly used 

chemotherapeutic agent in breast cancer. Two rounds of doxorubicin administration 

substantially inhibited tumor growth and cell proliferation in polyclonal tumors (Fig. 2.8A,B). 

Instead of the expected changes in the expansion of specific sub-clones differing in drug 

sensitivity, we found that the amplitude of clonal expansion and contractions was increased 

compared to untreated tumors, reducing clonal diversity (Fig. 2.8C,D). Therefore, even in the 

absence of selection for resistant subpopulations, doxorubicin treatment nonspecifically 

amplified the effects of differences in competitive fitness. This was most likely a result of 

increased competition due to treatment-induced stabilization of the population size.   
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Figure 2.8: The effects of doxorubicin on tumor growth and clonal composition. A, Tumor 

growth. B, assessment of cell proliferation by BrdU staining, and C, clonal composition of 

tumors initiated by polyclonal mixtures followed by treatment of the animals bearing established 

tumors with vehicle control or doxorubicin, arrows mark intraperitoneal injections of doxorubicin 

(5mg/kg) or vehicle. The insert in C quantifies changes in frequency of clones expanding and 

shrinking compared to the initial frequencies. Interaction factor for 2-way ANOVA between 

control and doxorubicin groups is statistically significant (p=0.0059). D, Shannon index for clonal 

diversity of vehicle and doxorubicin treated tumors, * indicates p<0.05 in two-sample 

Kolmogorov-Smirnov test.  
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Mechanisms of IL11-driven tumor growth 

Elevated tumor growth implies an increase in net cell proliferation rates, either by 

stimulating proliferation or by inhibiting death. IL11-driven tumors displayed a subtle, but 

significant, increase in proliferation rates compared to parental tumors (Fig. 2.9A). Apoptosis 

rates were similar (Fig. 2.2B). This increase in cellular proliferation could result either from a 

direct autocrine/paracrine stimulation of cell growth or from indirect effects mediated by the 

microenvironment. IL11 signals through a unique and specific receptor, IL11R that forms a 

signaling complex with the GP130 co-receptor shared with other IL6 cytokine family members17. 

IL11 promotes growth of gastric carcinoma via direct stimulation of epithelial cells18,19. Similar 

stimulation of tumor growth via non-cell autonomous signaling between tumor cells, involving 

two related cytokines, IL6 and LIF, was reported in glioblastomas20. We therefore asked 

whether modulation of IL11R expression in carcinoma cells affects the ability of IL11 to induce 

tumor growth. Neither overexpression, nor shRNA-mediated down-regulation of IL11R affected 

IL11-driven tumor growth (Fig. 2.9B and Fig. 2.10). Furthermore, IL11 significantly promoted 

growth of 2/4 additional breast cancer cell lines despite low or undetectable levels of IL11R 

(Fig. 2.9C,D). 

 Independence of tumor growth from direct stimulation of tumor cells by IL11 prompted 

us to investigate changes in the tumor microenvironment. IL11-driven tumors displayed higher 

intra-tumoral vascular density compared to parental ones (Fig. 2.9E,F), more dispersed patterns 

of collagen organization and had more stromal fibroblasts (Fig. 2.11). Both increased 

vascularization and reorganization of the extracellular matrix have been implicated in the 

promotion of tumor growth21,22, suggesting that the tumor-promoting effects of IL11 may be 

attributable to microenvironmental changes.  

The lack of strict correlation between clonal expansion and tumor growth prompted 

examination of the competition between IL11 and LOXL3 sub-clones. Latter showed the 
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strongest expansion in population frequency without being able to drive tumor growth (Fig. 

2.3d). IL11 accelerated the growth of tumors with LOXL3 competitors beyond the growth rates 

seen with IL11/P controls (Fig. 2.12A), consistent with the ability of faster proliferating LOXL3 

cells to obtain additional benefit from IL11. However, upon harvest, 1:18 IL11/LOXL3 tumors 

contained very little solid tissue. Most of the volume was filled with interstitial fluid, likely a 

remnant of necrotic liquefaction, while 1:18 IL11/P and 1:1 IL11/LOXL3 tumors remained solid 

(Fig. 2.12B,C).  

Analysis of clonal composition revealed that LOXL3 had outcompeted the IL11 sub-

clone below the detectability threshold in 1:18 IL11/LOXL3 tumors. In contrast, 1:1 IL11/LOXL3 

tumors contained reduced, but significant proportions of IL11 cells (Fig. 2.12D). Loss of IL11 

cells most likely reflects differences in proliferation rates, rather then apoptotic elimination of 

slower dividing cells seen elsewhere23. We did not observe elevated rates of apoptosis in IL11 

cells bordering LOXL3 in 1:1 IL11/LOXL3 tumors, and occasional IL11+ cells could still be 

detected in 1:18 IL11/LOXL3 tumors (Fig 2.13). Additionally, the resulting clonal frequencies 

were consistent with predictions of our mathematical model. Most likely, elimination of IL11 sub-

clone restored microenvironmental barriers, thereby prohibiting the maintenance of a large 

tumor. These findings provide experimental support for the idea that a clone responsible for 

driving tumor outgrowth can be outcompeted by a clone with faster proliferation, leading to 

tumor collapse24,25.  
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Figure 2.9: IL11 drives tumor cell proliferation via microenvironmental changes. A, 

Quantitation and representative images of anti-BrdU immunohistochemical staining in control 

and IL11-driven tumors. B, Tumor volumes 31 days post transplantation of parental MDA-MB-

468 cells, cells over-expressing or down-regulated IL11Rn=5/group C, Tumor weights of 

contra-lateral parental and IL11 expressing tumors formed by indicated cell lines. D, Levels of 

expression of IL11R mRNA in indicated cell lines, normalized to MDA-MB-468. E, Quantitation 

of average number of CD31+ vessels/field and tumor volumes. F, Representative images of anti-

CD31 immunohistochemical staining. *, ** and *** indicate p<0.05, p<0.01 and p<0.001, 

respectively of unpaired (a, b, e) or paired (c) student’s t-test. Error bars indicate SEM. 
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Figure 2.10: Validation of IL11R shRNA. Since the commercially available IL11R 

antibodies are not sufficiently sensitive to detect endogenous IL11R protein in the MDA-MB-

468 cells, we tested the ability of shRNA to down-regulate the expression of exogenously 

expressed IL11R. Cells overexpressing IL11Rα  were stably transduced with IL11Rα -targeting 

shRNAs and the expression of IL11R and -actin (loading control) were analyzed by 

immunoblotting.  
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Figure 2.11: The effects of IL11 on the tumor microenvironment. A, Collagen organization 

in parental and IL11 expressing tumors. Representative images of collagen structure (blue) in 

the indicated tumors as determined by tri-chrome staining. B, Smooth muscle actin positive 

(SMA) stromal cells in control and IL11 expressing tumors. Representative images of 

immunohistochemical staining for -SMA. 
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Figure 2.12: Impact of IL11 on clonal dynamics. A, Tumor growth kinetics n=10/group, B, 

Representative images C, Weight/volume ratios of tumors in C-E excluding cyst fluid, each dot 

represents individual tumor. ** and *** indicate p<0.01 and p<0.001, respectively; error bars 

indicate SEM, D, Final population frequencies of IL11+ cells in the indicated tumors. E, Models 

of cell-autonomous and, F, non-cell autonomous driving of tumor growth.  
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Figure 2.13: IL11 cells are not specifically eliminated in IL11/LOXL3 tumors. A, 

Immunofluorescence analysis of apoptosis in 1:1 IL11/LOXL3 tumors. Apoptotic marker cleaved 

Caspase- 3 (yellow) indicates lack of increase in apoptosis in IL11 (red, V5+) cells bordering 

LOXL3 (V5-, as LOXL3 cDNA has a stop codon prior to the tag). Grey dashed line demarcates 

the border of the necrotic area, where most of cell death occurs. B, Occasional IL11+ cells 

(indicated by arrows) could still be detected in the remnants of 1:18 IL11/LOXL3 tumors. 
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DISCUSSION 

Widespread tumor heterogeneity challenges the common assumption that tumor growth 

and malignant phenotypes are driven by dominant clones that have highest cell-autonomous 

fitness advantages (Fig. 2.12E).  Previous studies in Drosophila and mouse models 

demonstrated that tumor growth can be supported by a small population of cells via direct non-

cell autonomous stimulation20,26,27. Furthermore, the cross-talk between subpopulations of tumor 

cells was implied in metastasis28. Our results suggest that tumors can be driven by a sub-

population of cells that does not have higher fitness, but instead stimulates growth of all tumor 

cells non-cell autonomously by inducing tumor-promoting microenvironmental changes (Fig. 

2.12F, center). Conversely, non-cell autonomous clonal expansion does not necessarily 

translate into increased tumor growth rates (Fig. 2.12F, left). The non-cell autonomous driver 

sub-clone can be outcompeted by a sub-clone with higher proliferative output, thus collapsing 

the tumor (Fig. 2.12F, right). Notably, in our experiments IL11-expressing cells were initially 

intermingled with the competitors. Under the scenario of stochastic activation of expression, 

benefits of secretion of non-cell autonomously acting factors might be skewed to the producer 

clone due to spatial considerations. Therefore, while extensive intermingling of evolutionarily 

diverged sub-populations has been reported for primary tumors29, it will be important to evaluate 

the impact of topology in future studies.  

Our results provide direct experimental evidence that clonal interference limits clonal 

expansions in tumors. Our modeling predicts that non-cell autonomous driving of tumor growth 

can maintain clonal diversity over clinically relevant timeframes. In turn, clonal diversity can lead 

to clinically important phenotypic properties as suggested by the emergence of metastatic 

dissemination due to interaction between IL11- and FIGF-expressing subpopulations. Non-cell 

autonomous driving of tumor growth and inter-clonal interactions suggest that experimental 

analysis and clinical diagnostics focusing only on the most abundant sub-population of tumor 

cells might be misleading.  
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METHODS 

Cell lines 

Breast cancer cell lines were obtained from the following sources: MDA-MB-468, MDA-

MB-453, and HCC1954 from ATCC; MCF10DCIS.com from Dr. F. Miller (Karmanos Cancer 

Institute, Detroit, MI), SUM149PT from Dr. S. Ethier, University of Michigan, Ann Arbor, MI), and 

21NT from Dr. A. Pardee (Dana-Farber Cancer Institute, Boston, MA). Cells were cultured in 

media recommended by the provider, their identity confirmed by STR analysis, and regularly 

tested for mycoplasma. 

 

Generation of MDA-MB-468 derivate lines (“sub-clones”) 

Entry cDNA ORFs in pDONOR223 or pENTR221 were obtained from human ORFeome 

collection v5.1 or Life Technologies, respectively. Lentiviral expression constructs were 

generated by Gateway swap into pLenti6.3/V5-Dest vector (Life Technologies) or pHAGE-EF 

(used for IL11 swap only, vector obtained from S. Elledge lab, Harvard Medical School) 

destination vectors and sequence verified. Assembling viral particles and transductions were 

performed following Life Technology protocols. Parental MDA-MB-468 cell lines were 

transduced with mCherry/Luciferase lentiviral construct (obtained from C. Mitsiades lab, DFCI) 

prior to derivation of specific sub-clones. Each derivative line was generated from a pool of 1-

2x105 transduced cells. Lentiviral-mediated expression was verified by immunoblotting against 

V5 tag in vitro and further confirmed by immunohistochemistry in vivo. GFP “sub-clone” was 

derived by lentiviral transduction of pLVX-AcGFP (Life Technologies).  

 

qPCR analysis of clonal composition 

The frequency of individual clones within tumors was determined by analyzing the 

change in qPCR signal from the initial mixture, which was precisely defined through mixing of 

clones based on cell counts, and the terminal tumor. qPCR was performed using Life Cycler 
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4800 (Roche) using SYBR green method with reaction mixtures purchased from Kapa 

Biosystems.  Signals from individual clones were determined using a primer anchored in 

lentiviral backbone (anchor) and a primer specific for the clone-defining factor. As an internal 

reference we used primers specific for the peri-centromeric region of chromosome 12, which 

does not display copy number alterations in the MDA-MB-468 cell line. Primer sequences are 

listed in the table below. The primers employed in the quantitation displayed linear amplification 

with >95% amplification efficiency. Change of frequency relative to the initial mixture was 

determined from Ct values for clone specific and internal reference qPCR signal based on ddCt 

method. Clonal proportions in polyclonal tumors were normalized based on total frequency of 1. 

For calculation of fold expansion, we used the clonality data to infer number of cells, following 

inferences between tumor mass and cellularity.  

 

Target Sequence of primer 

pLenti6.3/V5-Dest expressed 

Anchor TCCAGTGTGGTGGAATTCTG 

IL11 CGTCAGCTGGGAATTTGTC 

SPP1 CATTCTGTGGGGCTAGGAGA 

VEGFC GAGCACTTGCCACTGGTGTA 

IHH GGTCTGATGTGGTGATGTCC 

HGF CTTTTCCTTTGTCCCTCTGC 

CCL5  CTGCTCCTCCAGATCTTTGC 

VEGFB CCATGAGCTCCACAGTCAAG 

FIGF CTCCACAGCTTCCAGTCCTC 

CXCL12 ATCTGAAGGGCACAGTTTGG 

VCAN GCGGAGAAATTCACTGGTGT 

SHH CCACATTGGGGATAAACTGC 
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VEGFA GATTCTGCCCTCCTCCTTCT 

CXCL14 TTTGGCTTCATTTCCAGCTT 

LOXL1 ACTATGAGCCCGAGTTGAGC 

LOXL3 GTCTTCGATGTAGGCGGTCT 

ANGPTL4 GCGCCAGGACATTCATCT 

IL6 GCGGCTACATCTTTGGAATC 

LACZ CGGGCCTCTTCGCTATTAC 

pLVX-AcGFP expressed 

GFP F TCCTGGGCAATAAGATGGAG 

GFP R TGGGGGTATTCTGCTGGTAG 

pHAGE-EF-DEST expressed 

Anchor TGGGACGTCGTATGGGTATT 

IL11 GGCTGCACCTGACACTTGAC 

Human-specific centromeric reference locus 

F TTTGGGGCCTTAACACTTTG 

R AAGCAACCAGAAGCCTTTCA 

 

Xenograft experiments and doxorubicin treatment 

All animal procedures were approved by the DFCI ACUC (DFCI protocol#11-023) and 

followed NIH guidelines. Tumors were induced by bi-lateral orthotopic injection into 4-5 weeks 

old female Foxn1nu mice of 1x106 cells re-suspended in 50% Matrigel (BD Biosciences) per 

transplant. Animals without successful tumor grafting were excluded from the analysis. Tumor 

volumes were monitored by bi-weekly measurements of tumor diameters with electronic 

calipers. For Doxorubicin treatment, animals were injected at days 15 and 22 post 

transplantation with 5 mg/kg Doxorubicin or PBS control. Since tumor sizes distribution of 
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control and treatment groups prior to treatment was similar, no randomization was performed. 

No blinding was performed during the tumor measurements in live animals.  

 

Immunoblot analysis 

2x106 cells per sample were lysed in 100 

per well of 4-12% Bis-Tris NuPage Midi gel (Life Technologies). Proteins were transferred to 

Immobilon PVDF membrane (EMD Millipore, Billerica, USA). Membranes were blocked for 30 

minutes in StartingBlock blocking buffer (Thermo Scientific, Waltham, MA), then incubated 

overnight at 4°C with primary antibodies diluted 1:1000 in PBST in presence of 2.5% BSA. After 

3x 5 minute washes, membranes were incubated with secondary antibodies at 1:20,000 dilution, 

washed 2x 5 minutes followed by 20 minute wash. The membranes were developed with 

Immobilon substrate (EMD Millipore, Billerica, USA). The following antibodies were used: -

actin (Sigma, # A2228), IL11R (R&D systems #MAB1977), HRP conjugated anti-mouse and 

anti-rabbit (Thermo Scientific).  

 

shRNA experiments 

shRNA constructs in pLKO lentiviral vectors were obtained from the Broad Institute RNAi 

consortium. shRNA with the following targeting sequences were used: 

 

shRNA sequence 

IL11Ra shRNA#4 CGGCAGATTCCACCTATAATT 

IL11Ra shRNA#5 TGGGACCATACCAAAGGAGAT 

IL11Ra shRNA#7 TGGAGCCAGTACCGGATTAAT 

IL11Ra shRNA#8 TGGCGTCTTTGGGAATCCTTT 

IL11Ra shRNA#9 ACTGATGAGGGCACCTACATC 
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IL11 ELISA  

Cells were plated at 1X105 cells per well in a 6-well plate and left overnight at 37°C with 

5% CO2. The next morning, the media was replaced and the cells returned to the incubator. 

After 5 hours of incubation, the cells and the media were collected on ice in order to determine 

the concentrations of intracellular and secreted IL11 respectively. The harvested cells were 

counted, re-suspended in PBS and lysed by rapid freeze thaw cycles. The media and cell 

lysates were used for Human-IL11 ELISA (RayBiotech; ELH-IL11-001) according to 

manufacturer’s instructions. The values were adjusted for cell numbers as well as final volume 

to get an estimate of relative concentrations of IL11 in the two vector derivates.  

 

Histological, immunohistochemical and multicolor immunofluorescence analyses  

For histological analyses, 5m sections of formalin fixed paraffin embedded (FFPE) 

xenografts were stained with hematoxylin and eosin using standard protocols. For analyses of 

collagen content, the tumor sections were stained with Masson’s tri-chrome stain kit (American 

Mastertech) following the manufacturer’s instructions. Immunohistochemical analyses of 

Bromodeoxyuridine (BrdU, Roche cat#11170376001, clone BMC9318, mouse monoclonal IgG1, 

1:100), Ki-67 (Dako M724001, clone MIB-1, mouse monoclonal IgG1, 1:100), CD31 

(Neomarkers RB10333, rabbit polyclonal, 1:50) and Smooth muscle actin (-SMA, Dako 

M085101, clone 1A4, mouse monoclonal IgG2a, 1:250) were performed using 5m sections of 

FFPE xenografts. The tissues were de-paraffinized and rehydrated. After heat-induced antigen 

retrieval in citrate buffer (pH 6 for BrdU and Ki-67) or Dako target retrieval solution (S2367, pH 9 

for CD31 and -SMA), the samples were blocked with 3% hydrogen peroxide in methanol 

followed by goat serum and stained with the primary for 1 hour at room temperature. The 

samples were then incubated with anti-mouse or anti-rabbit IgG biotinylated antibody (1:100 

dilution) for 30 minutes at room temperature followed by the ABC peroxidase System 
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(Vectastain®, ABC System Vector Laboratories). DAB (3,3´-diaminodbenzidine) was used as 

the colorimetric substrate. The samples were washed twice with PBS-Tween 0.05% between 

incubations. Finally the slides were counterstained with Harris hematoxylin or 1% methyl green. 

Scoring for the expression of each marker was done as follows: the percentage of Ki67+ and 

BrdU+ cells were estimated by counting an average of 1,500-2,000 cells/sample using ImageJ 

1.45s software from 4-6 randomly selected regions of the xenografts. Vessel density was scored 

by counting the number of CD31+ vessels per 20x field for 4-6 randomly selected fields in the 

tumor and the average was calculated. Blinding was used during key quantification analyses.  

Multicolor immunofluorescence for cleaved Caspase-3 (Cell Signaling cat#9661, rabbit 

monoclonal IgG, 1:50) and/or V5 (Invitrogen R960-25, mouse monoclonal IgG2a, 1:100 was 

performed similarly as above. After heat-induced antigen retrieval at pH 6, the samples were 

blocked with goat serum and stained with the primary overnight at 4°C followed by incubation 

with goat anti-rabbit IgG Alexa 488-conjugated (Life Technologies, 1:100 dilution, for detection 

of cleaved Caspase 3) and goat anti-mouse IgG2a Alexa 555-conjugate (Life Technologies, 

1:100 dilution, for detection of V5) for 45 minutes at room temperature. The samples were 

protected for long-term storage with VECTASHIELD HardSet Mounting Medium with DAPI 

(Vector laboratories, cat #H-1500). Before image analysis, the samples were stored at -20°C for 

at least 48 hours. Different immunofluorescence images from multiple areas of each sample 

were acquired with a Nikon Ti microscope attached to a Yokogawa spinning-disk confocal unit 

using a 60x plain apo objective, and OrcaER camera controlled by Andor iQ software. The 

montage images were created using the stitching plugin30 in (Fiji Is Just) ImageJ 1.48f software.  

 

Terminal deoxynucleotidyl transferase dUTP nick end labeling (TUNEL) assay 

FFPE sections of the xenografts were de-paraffinized and rehydrated. Sections were 

then treated with 60µg/ml proteinase K (20mg/ml, Invitrogen, DNase and RNase free) in PBS for 

15 min at room temperature. Protease digestion was stopped by consecutive washes in PBS 

http://en.wikipedia.org/wiki/Terminal_deoxynucleotidyl_transferase
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and TdT buffer (Thermo Scientific®). The sections were blocked with 3% hydrogen peroxide in 

methanol to inhibit endogenous peroxidase activity. TUNEL assays were performed at 37°C for 

1 hour in TdT buffer, 150 mM NaCl, 2 µM biotin 16-dUTP (Roche) and 80 U/ ml TdT (Thermo 

Scientific ®; EP0162). Following washing in PBS, labeled cells were visualized with the ABC 

peroxidase System (Vectastain®, ABC System Vector Laboratories) using DAB (3,3´-

diaminodbenzidine) as the colorimetric substrate. The slides were counterstained with Harris 

hematoxylin. The percentage of TUNEL+ cells were estimated by counting an average of 600-

1000 cells/sample using ImageJ 1.45s software from 4-6 randomly selected regions of the 

tumors. 

 

Statistical analysis 

Sample size was determined based on pilot experiments followed by larger scale studies 

to obtain significant differences (including the animal experiments). Estimation of variation within 

experimental group, normality test and statistical analyses indicated in figure legends were 

performed with Prism software (Graph Pad). Unless otherwise specified, p-values refer to the 

results of the 2-tailed t-test. 
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ABSTRACT 

 Breast cancer is a very heterogeneous disease both due to disparities among different 

tumors (inter-tumor heterogeneity) and due to clonal variations resulting from genetic and 

epigenetic changes within the primary tumor itself (intra-tumor heterogeneity). Interactions 

between intra-tumor heterogeneous clones can influence the behavior of the tumor as well as 

the metastases rising from it. Yet there is dearth of direct evidence that demonstrates the effect 

of clonal interactions in metastasis. Here, we utilized a mouse xenograft model of breast cancer 

to demonstrate a case of clonal cooperation that can enhance the metastatic behavior of the 

primary. We showed that the metastasis were larger and more heterogeneous in the context of 

clonal cooperation. Using differential gene expression profiles of epithelial fractions from primary 

and metastatic lesions, we identified key pathways including functionalities of innate-immune 

regulation and ECM remodeling to be important in driving the metastatic behavior in our model 

system. 

 

INTRODUCTION 

 Although cancer has mostly been studied as a clonal disease, even early studies of 

mouse mammary tumors had revealed that cellular sub-populations from different sections of 

the same tumor were highly diverse and varied in growth rate, immunogenicity, drug response 

and ability to metastasize1,2. Nowadays, intra-tumor phenotypic heterogeneity in tumors is being 

widely investigated by many groups around the world but we are still far from understanding the 

intricacies of clonal interactions that can potentially influence metastatic the behavior of the 

tumor as a whole3,4. Furthermore, very little is known about how much of the heterogeneity from 

the primary is represented at the metastatic sites, and what part the heterogeneous clones play 

in affecting the pervasiveness of the metastases5-8. Hence, in order to get a deeper 

understanding of better and more effective therapeutic strategies that can eliminate metastasis, 
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it is paramount to study the role of intra-tumor heterogeneity and clonal cooperative interactions 

that can impact this step of cancer progression.   

 Already intra-tumor heterogeneity is difficult to study in patients. It is additionally 

challenging to obtain matched primary and metastatic samples from treatment naïve patients, 

which could be used for such studies. Moreover, since the process of metastasis is a systemic 

event involving both the tumor cells and other host-derived factors9, very few animal models 

recapitulate the true dynamics of breast cancer metastasis, thereby making it exceedingly 

difficult to study. Some animal models of other cancers have provided some evidence of clonal 

cooperation10 but it has remained mostly elusive in breast cancer. On the other hand, some 

studies have used tried to circumvent the problem of niche requirement by using PDX models11 

or using humanized animal models12-14 but the utilities of these models also remain limited. 

 In our previous work, using a heterogeneous mouse xenograft model of breast cancer 

with the triple negative MDA-MB-468 cells, we have shown that polyclonal tumors orthotopically 

transplanted in immunocompromised mice were more aggressive and metastatic to the lymph 

nodes and bones compared to monoclonal tumors15. We were further able to narrow down the 

metastatic behavior to two sub-clones, one expressing IL11 (Interleukin 11) - a non-cell-

autonomous driver of tumor growth with pleiotropic effects 16-18, and FIGF (c-fos induced growth 

factor, also known as VEGF-D) - a lymphangiogenic factor19. In this chapter, we modified the 

experimental system to further explore the metastatic cooperation between IL11 and FIGF. We 

show that polyclonal tumors consisting of only 10% of these cooperating clones in the initial 

mixture can give rise to heterogeneous macrometastatic lesions to the lungs that may or may 

not be driven by IL11. Using gene expression analysis of isolated epithelial cells from excised 

primary and lung metastasis lesions, we show that innate immune-regulatory and ECM 

remodeling pathways are most significantly altered between the primary and the metastatic 

samples.  
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 Although our work in this project is still ongoing, we are confident that our results provide 

important insights into the mechanisms of clonal cooperation that may be involved in the 

metastasis of breast cancer. Thus, our findings have important clinical implications and can 

provide strategies to better manage metastatic disease among breast cancer patients and 

thereby aid in improving patient prognosis. 

 

RESULTS 

Polyclonal mixture consisting of 10% IL11 and 10% FIGF demonstrate metastatic traits 
 

We have previously demonstrated that IL11- and FIGF-overexpressing MDA-MB-468 

sub-clones can give rise metastatic dissemination to the lymph nodes and bone marrow in Nude 

mice when they were present at 1:1 initial composition during fat-pad inoculation similar to that 

seen in the polyclonal context15. However, in the polyclonal metastases, we had observed the 

presence of some neutral GFP expressing neutral clones as well. This led us to hypothesize 

that IL11 and FIGF sub-clones were cooperating to enhance the metastatic potential of the 

whole tumor. In order to increase the metastatic propensity, we switched to the NOG as our 

recipient strain as they are more amenable to metastatic growth. In a pilot experiment, we 

initiated mammary fat-pad tumors comprising of 10% each of the IL11 and FIGF sub-clone 

(“effectors”), carrying the mCherry luciferase construct. The rest of the 80% was composed of 

GFP-expressing “neutral” MDA-MB-468 sub-clones to make up the polyclonal tumors. As 

controls we used 100% IL11 tumors, and 100% FIGF tumors. Once the tumors reached 0.5-

1cm in diameter, we excised them via survival surgery (SX) and let the mice recover, while 

subsequently monitoring them on a weekly-basis by IVIS imaging to check for bioluminescence 

signal in sites other than the primary (Fig. 3.1A). 

 We followed the tumor kinetics for the first few weeks and noticed that it was in 

agreement with what we had seen before in the case of polyclonal and 1:1 IL11/FIGF tumors15. 
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FIGF-only tumors remained small initially but around day 30 started to increase rapidly in size 

due to fluid retention and hemorrhage. We compared the polyclonal tumors in the presence and 

absence of surgical excision of the primary and noticed that both groups displayed equivalent 

rates of metastasis (Fig. 3.1B). Regardless of groups, in the animals with metastatic 

dissemination, the majority of it happened in to be in the lungs with a few incidences to the liver, 

axillary fat pad, axillary lymph nodes, adjacent peritoneal wall, and bone marrow (Fig. 3.1C and 

data not shown). 

Since both the effector populations (IL11- and FIGF-expressing) were marked with 

mCherry, we decided to repeat the experiment, but this time we used GFP-marked IL11 sub-

clones and mCherry marked FIGF sub-clones injected at 10% initial composition each. For 

neutral sub-clones, we used 40% CFP-expressing and 40% CD90.1 (or Thy1.1; an inactivated 

cell-surface protein) - overexpressing MDA-MB-468 cells. For comparison, we initiated groups 

expressing 100% of each of these sub-clones and we also tested them in the presence and 

absence of surgical removal of the primary. In addition, since parental-CFP and parental-Thy1.1 

lacked the luciferase construct required for IVIS imaging, we included a group with parental 

MDA-MB-468 cells tagged with mCherry to get an idea of the basal level of metastasis of the 

cell line in the NOG strain. For this experiment, we decided to primarily focus on lung 

metastases since that was the site of metastases in most of the animals in the pilot (Fig. 3.1C). 

To further deconvolute the effect of surgery on the metastatic potential of the individual 

groups, we checked for metastatic dissemination both in the presence and absence of surgical 

intervention in all groups except for the polyclonal tumors. Unfortunately, we observed that the 

polyclonal tumors with the modified design grew somewhat slower than expected thereby 

forcing us to delay the surgical process until the 6th – 7th week post inoculation. The polyclonal 

tumors stayed approximately similar in weight to monoclonal IL11 tumors at the time of surgery. 

Nevertheless, the neutral groups were statistically smaller than IL11, FIGF and polyclonal 
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groups. Of note is that monoclonal FIGF tumors measured heavier compared to the tissue mass 

owing to substantial fluid retention (Fig. 3.1D).   

Unlike previous experiments, this time we noticed that, in case of the polyclonal and 

IL11-only groups, most of the metastasis only seemed to emerge after the surgery as seen from 

IVIS imaging (Fig. 3.1E and data not shown) but surgery did not affect the metastatic burden of 

the parental MDA-MB4-468 tumors noticeably. On the contrary, the FIGF-only group was very 

metastatic with or without surgery by this time-point (Fig 3.1E). 

As exemplified in Fig. 3.2A and B, we identified the presence of micro- and 

macrometastatic lesions in the secondary organs by immunohistochemistry for human 

cytokeratin. We further confirmed that the macrometastatic lesions were highly proliferative by 

checking for BrdU accumulation during the S-phase. 

  

Polyclonal tumors do not display intra-tumor lymphatic vessels as monoclonal FIGF 
tumors 

Since the polyclonal and monoclonal FIGF tumors were noticeably hemorrhagic, we 

reasoned that the presence of FIGF induced changes may be primarily responsible for the 

increased metastatic phenotype in these groups20-23. To this end, we stained both groups of 

tumors with LYVE1, a marker for lymphatic vessels. We found that, although the monoclonal 

FIGF tumors clearly displayed enhanced lymphangiogenesis as marked by the presence of 

LYVE1 positive vessels both at the periphery and within the tumor, the polyclonal tumors only 

displayed lymphatic vessels around the tumor periphery (Fig. 3.3). This is consistent with 

previous findings that lymph vessels at the periphery rather than the interior of the tumor 

determine the metastatic potential tumors24. Besides, since the role of FIGF in metastasis has 

also been somewhat controversial in the literature20,22,25-27, we sought alternative mechanisms 

that could be driving metastasis in our model while we are still verifying our findings with 

additional methodologies28. 
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Figure 3.1:  Evaluation of metastatic cooperation between IL11 and FIGF-overexpressing 

MDA-MB-468 cells. A. Experimental Design. B, Growth of MDA-MB-468 tumors upon fat pad 

transplantation of indicated groups. Polyclonal tumors consist of 10% IL11, 10% FIGF and 80% 

neutral sub-clones. N=5/group, error bars indicate SD. C, Distribution of metastases in the 

secondary organs of mice in the indicated groups. D, Tumor weights across different groups, 

error bars indicate SD. E, IVIS imaging at indicated time-points across the different experimental 

groups in the presence or absence of surgical removal of primary tumor. 
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Figure 3.1 (Continued)  
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Figure 3.2: Representative macromets from polyclonal (SX) group shown in 3.1B. A, Lung 

and B, Liver macrometastatic lesions (left) H&E stains, scale bars represent 1mm. Highlighted 

regions showing (center) cytokeratin marker denoting MDA-MB-468 cells residing in secondary 

tissues, (right) BrdU stain showing highly proliferative nature of the macrometastatic lesions. 

Scale bars for immunohistochemistry images are 100µm.  
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Figure 3.3: Metastatic spread of polyclonal tumor is independent of inter-tumor lymphatic 

vessel density. Polyclonal tumors highly proliferative and have lymphatic vessels at the tumor 

periphery unlike monoclonal FIGF tumors. (Left) H&E stains, scale bars represent 1mm, 

(center) proliferation marker BrdU, and (right) lymphangiogenic marker. Scale bars represent 

100µm.   
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Both primary and metastatic lesions from polyclonal tumors demonstrate intermingling 
of sub-clones 

Once we were able to reproduce the metastatic phenotype with the modified 

experimental design, the next task was to determine what clones were present in the primary 

versus the metastatic lesions. In the polyclonal tumors from our pilot experiment, we were able 

to show by immunofluorescence staining with antibodies against V5-tag and GFP that there was 

intermingling between the effector sub-clones (IL11 and FIGF; marked with V5, red) and the 

neutral clones (green). This was true for the primary as well as the corresponding metastatic 

nodules, exemplified by those in the lungs and axillary fat pads (Fig. 3.4A). However, due to the 

lack of differential markers in each sub-clone, we were unable to determine the relative 

composition of IL11 and FIGF sub-clones in the respective sites. Furthermore, our enhanced 

design with differential marker was not very insightful since we could not detect the parental-Thy 

1.1 population by IF. 

Upon enumeration of individual metastatic lesions at the lungs, we noticed that all 

groups, including the parental populations, had some extent of metastasis to the lungs. While 

the FIGF groups had the highest number of individual lesions, contrary to our expectation, the 

polyclonal group had the lowest (Fig. 3.4B). However, upon close examination, we noticed that 

the relative sizes of the lung metastases were different in the IL11-only and the polyclonal 

groups compared to the rest. We found that most of the metastases in the monoclonal FIGF 

groups were in the form micromets consisting of less than 10 cells. The same was true for the 

parental groups at much later time-points. On the contrary, the metastatic lesions in the IL11-

only and polyclonal groups, although much less abundant, were mostly larger nodules 

(macromets). We thus quantified the relative distribution of the metastatic nodules and stratified 

them according to size. (Fig. 3.4C). There were also some differences among groups with the 

same type of tumors with or without surgical intervention but with a slight increase in the size 
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related to surgical intervention, possibly arising as a result of the wound-healing response at the 

site of the primary. 

Since a greater proportion of lung mets from monoclonal IL11 and polyclonal primary 

tumors were larger in comparison with the monoclonal FIGF and parental groups, we reasoned 

that, akin to the primary tumor 15, perhaps IL11 is required to drive the growth in the metastatic 

lesions as well. Since the lungs were highly auto-fluorescent, we were unable to use 

immunofluorescence to decipher the identity of the cells comprising the larger lung nodules from 

the polyclonal groups. Instead, we used immunohistochemistry for GFP (to mark the IL11 sub-

clones) and V5 (to mark both IL11 and FIGF sub-clones) on serial sections from the lungs from 

the polyclonal groups. As shown in Fig. 3.5, we observed that only a fraction of the large 

nodules were comprised of IL11 sub-clones. In some cases, we found that the larger nodules 

consisted almost entirely of FIGF sub-clones (black arrow, Fig. 3.5A) whereas in other only few 

of the cells were IL11+ve (red arrow, Fig. 3.5A). However, we did find some lesions that showed 

intermingling of both IL11 and FIGF sub-clone (Fig. 3.5B). Although, we could not verify the 3-

dimensionality of the lesions, our data provides preliminary evidence that the lung metastasis 

lesions are highly heterogeneous and their expansion is not dependent on the presence of IL11, 

as was seen in the primary15.  
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Figure 3.4: Metastases from MDA-MB-468 tumors vary in size and heterogeneity 

depending on the primary. A. Various regions from a primary polyclonal tumor and 

corresponding macrometastases in lungs and axillary fat pads showing the presence of both 

effector (V5-expressing, red) and neutral (GFP-expressing, green) sub-clones. B, Enumeration 

of metastatic lesions across various groups indicate that all, regardless of surgical intervention, 

had metastatic dissemination. Error bars indicate SD. C, Distribution of sizes of metastatic 

lesions indicating that parental (control) and monoclonal FIGF groups had more micrometastatic 

lesions whereas the monoclonal IL11 and polyclonal groups had proportionately more 

macrometastases. 
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Figure 3.5: Some, but not all, lung macrometastatic lesions from the polyclonal tumors 

harbor IL11-overexpressing sub-clones. A, Three distinct macrometastatic clusters in the 

lungs, with few (red arrow) or no IL11-expressing cells (black arrow). B, Representative lung 

lesion with intermingling of IL11 and FIGF cells. Scale bars represent 100µm.  
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Gene expression analysis from MDA-MB-468 groups reveal distinct genes and pathways 
involved in metastasis 

In order to get additional insight into the mechanistic pathways driving metastasis, we 

dissociated primary and lung metastases from all the groups into epithelial and stromal fractions 

by fluorescence-activated cell sorting (FACs). In the case of the polyclonal primary, we further 

separated each of the sub-clonal populations according to their markers, but in the case of 

polyclonal lung mets we did not have sufficient cell numbers and pooled all the epithelial cells 

into one group (Fig. 3.6A). Since the cell numbers were low and quite varied, we used an in-

house RNA-seq library preparation protocol (METHODS). 

A correlation plot of all the expression data from the epithelial fractions showed that, on 

the most part, the metastatic (orange) and primary (pink) samples segregated from another (Fig 

3.6B). We found that the neutral populations from monoclonal primaries clustered separately 

from those from the polyclonal primaries, which was similar in the case of IL11 and FIGF 

(effector), albeit to a less remarkable extent (Fig. 3.6B). Further organization of the data into a 

3-Dimensional plot (Fig. 3.6C) shows a similar pattern where the neutral primaries (light blue) 

cluster separately from effector primaries (dark blue). However, it is notable that the expression 

data from the metastases, regardless of their origin (parental primary- pink or effector/polyclonal 

primary- red), are more diverse and prevented the samples from forming a tight cluster. 

 We used the expression profiles to compare those from the primary tumors to those from 

the lung metastases (all samples combined) and used them to derive pathways that were 

significantly different between them. Fig. 3.6D shows the most significant pathways that are 

differentially upregulated between the primary and metastases. Notably, many belong to 

immune-signaling and ECM remodeling functionalities which may give us insight into the 

mechanisms of metastatic cooperation in our model system. Some of these pathways have 

been previously shown to have important clinical implications and thus warrant more in-depth 

investigation29. 
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Figure 3.6: Expression analysis from MDA-MB-468 groups reveal distinct genes and 

pathways regulating the behavior of primary and lung metastatic lesions. A, Experimental 

Scheme B, Correlation plot from expression profiles epithelial samples from all the samples 

showing that metastatic samples (orange) cluster separately from primary (pink) that neutral 

groups segregate from effector clones (IL11, FIGF and Polyclonal) ones. C, 3-dimensional 

principle component analysis showing that the primary samples from effector groups (dark blue) 

cluster separately from neutral groups (light blue). Metastatic samples are represented in red 

(from effector groups) and pink (from neutral groups) are more diverse and do not form a tight 

cluster. D, Pathway analysis from differential genes in epithelial components primary and lung 

metastases showing the top pathways different in the two groups.   
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Reproducing the metastatic cooperation between IL11 and FIGF expressing clones using 
additional cell lines 

 In our previous work, we had demonstrated that, in addition to MDA-MB-468 cells, IL11 

was able to drive significant tumor growth in two additional cell lines- SUM149PT and 

HCC195415. These two cells have slightly different characteristics from MDA-MB-468 cells in 

that SUM149PT originated from an inflammatory breast cancer and HCC1954 belongs to the 

Her2+ luminal sub-type. Hence, we inquired if we will be able to reproduce the phenotype of 

metastatic cooperation between IL11 and FIGF derivates in these two lines. To this end, we 

generated FIGF-overexpressing sub-clones of these two lines, tagged them with GFP and 

subsequently coninjected them with mCherry tagged IL11-overexpressing sub-clones of the 

respective cell lines. We generated “mixed” tumors consisting of 1:1 mixture of each of these 

clones and compared the tumor dynamics and metastatic behaviors of these with their 

respective monoclonal tumors depicted in Fig. 3.7.  

The tumor kinetics depicted in Fig. 3.7A and C illustrate that the growth patterns of the 

respective groups with each of these cell lines is slightly different from what we had previously 

seen with the MDA-MB-468 line. In addition, SUM149PT tumors in all the groups, and especially 

those expressing 100% FIGF grew extremely rapidly (Fig. 3.7B) and were locally invasive which 

compelled us to terminate the experiment at 6 weeks. We are awaiting to analyze the lung 

tissues from these groups for metastatic burden. The preliminary data of tumor weights from the 

HCC1954 tumors are consistent with our previous findings (Fig. 3.7D). In addition, we have 

performed survival surgery on one animal from each group to check for the confounding effect 

of wound healing on metastases. So far, we have not seen an increase in metastatic rates in 

either of the cell lines due to surgical intervention (data not shown).  
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Figure 3.7: Testing metastatic cooperation between IL11 and FIGF in SUM149PT and 

HCC1954 cells. Mixed groups are 1:1 IL11:FIGF at injection. A, and C, Tumor growth kinetics 

of SUM149PT and HCC194 groups respectively. B, and D, Tumor weights at euthanasia of 

SUM149PT and HCC1954 groups respectively. Error bars represent SD. 
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DISCUSSION AND FUTURE DIRECTIONS 

It is estimated that 20% to 30% of diagnosed breast cancer patients will eventually 

develop metastasis30. Moreover, since metastatic disease lacks effective treatment regimens, 

the morbidity associated with metastatic breast cancer continues to remain high. This is further 

complicated by the fact that intra-tumor heterogeneity both at the primary as well as in the 

metastases can influence how the disease progresses and the patient responds to therapy. The 

study of metastatic cooperation is also rather difficult due to the lack of adequate model 

systems. 

In this chapter, we used a mouse xenograft model of breast cancer to identify metastatic 

cooperation between IL11 and FIGF expressing sub-clones using MDA-MB-468 cells. We 

showed that polyclonal tumors consisting of only 10% each of these cooperating clones in initial 

mixture can give rise to heterogeneous macrometastatic lesions to the lungs. We further verified 

that not all of the macrometastases were driven by IL1118. However, we were unable to fully 

discern the extent of heterogeneity conferred to the metastatic lesions due to technical 

limitations. Future work using other in situ imaging techniques such as STAR-FISH31, may 

enable us to overcome this problem.  

We are still actively pursuing ways to elucidate the mechanisms of the observed 

metastatic cooperation. Our analysis of isolated epithelial cells from excised primary and lung 

metastasis lesions showed that innate immune-regulatory and ECM remodeling pathways are 

most significantly altered between the primary and the metastatic samples. These preliminary 

results are very promising and could be used to validate the role of these pathways in 

metastasis. 

 Although our work is still ongoing, our results provide important insights into future steps 

that could be used to find out more about the mechanisms of clonal cooperation that enhance 

metastasis of breast cancer. 
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METHODS 

Cell lines and tissue culture conditions 

Breast cancer cell lines were obtained from the following sources: MDA-MB-468 and 

HCC1954, cell lines were obtained from ATCC; and SUM149PT from Dr. S. Ethier, University of 

Michigan, Ann Arbor, MI). Identity of cell lines was confirmed by short tandem repeats (STR) 

analysis. Cells were cultured in media recommended by the provider; and regularly tested for 

mycoplasma contamination.   

 

Generation of MDA-MB-468 derivate lines (“sub-clones”) 

The cell line derivates expressing IL11 and FIGF were obtained as described15. Parental 

MDA-MB-468 cell lines were transduced with mCherry/Luciferase lentiviral construct (obtained 

from C. Mitsiades lab, DFCI) prior to derivation of specific sub-clones with the same marker. 

Each derivative line was generated from a pool of 1-2x105 transduced cells. Lentiviral-mediated 

expression was verified by immunoblotting against V5 tag in vitro and further confirmed by 

immunohistochemistry in vivo. The corresponding GFP and CFP “sub-clones” were derived by 

lentiviral transduction of pLVX-AcGFP and pAmCyan1-C1 respectively (Clontech). The thy1.1 

construct was obtained from J. DeGregory lab, University of Colorado.   

 

Xenograft experiments 

All animal procedures were approved by the DFCI IACUC (DFCI protocol#11-023) and 

followed NIH guidelines. Tumors were induced by uni- or bilateral orthotopic injection into 6-

weeks old female NOG mice of 1 × 106 cells re-suspended in 50% Matrigel (BD Biosciences) 

per transplant. Tumor volumes were monitored by weekly measurements of tumor diameters 

with electronic calipers. The mice were routinely imaged via IVIS imaging system 5 minutes 

after intraperitoneal injection of luciferin. When the tumors reached 0.5-1cm in diameter they 
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were excised via survival surgery and the mice were allowed to recover for 10 days with 

antibiotic treatment. One-two hours prior to euthanasia, animals were injected with 100 μl of 10 

mg/ml BrdU solution to monitor proliferation rates. At euthanasia, lungs, liver, lymph nodes, 

bone marrow and blood samples were collected and analyzed for the presence of metastatic 

dissemination by intravital fluorescence imaging and histological analyses. 

 

FACS sorting to collect cellular fractions 

 Mouse tissues were finely chopped and digested according to the detailed protocol 

(http://polyaklab.dfci.harvard.edu/index.php/science/protocols). Following that, the cells were 

stained for 30 min with biotin conjugated Thy1.1 antibody (EBioscience, 13-0900-85,1:500) and 

washed before staining with Alexa 647-conjugated streptavidin (Life Technologies, 1:5000 

dilution) for 30 minutes. Following a few washes, the cells were suspended at a density of 

1 × 107
 and sorted using the BD FACSAriaII SORP UV. The epithelial cells were gated 

according to their fluorescent labels whereas the unstained fraction was collected as the stromal 

population. The collected cells were pelleted and frozen at -80°C until ready to be processed for 

library preparation.  

 

Transcriptome Analysis of Cell Population by RNA Sequencing  

The mRNA selection and whole transcriptome amplification were performed as 

previously described with some modifications32,33. A primer 5’-phosphorylated oligo-dT24 

(pdT24) was used to select mRNA from total RNA. For denaturation and primer annealing, total 

RNA was mixed with dNTPs (25 mM) and pdT24, and put in a preheated 68°C PCR machine for 

5 min and immediately placed on ice. Reverse transcription was performed with the addition of 

the First-Strand Buffer, DTT, RNase Inhibitor, and 10 U/µl Superscript Reverse Transcriptase III. 

The double-strand cDNA was generated by the addition of 30 µl mix containing 10x second-
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strand buffer, dNTPs (25 mM), E.coli DNA ligase (10 U/µl), RNaseH, and DNA Polymerase (10 

U/µl), followed by 3 hr incubation at 16°C and 5 min at 70°C. The product was purified with the 

Genomic DNA Clean and Concentrator kit (Zymo). Then, DNA end-bluting, 5’-end 

phosphorylation, and ligation were performed with End-It DNA End-Repair Kit (Epicentre) and 

T4 DNA ligase (Epicentre). The product was directly amplified by adding the mixture of the 

Reaction Buffer and DNA polymerase from REPLI-g UltraFast Kit (Qiagen) in 15:1 ratio. The 

amplification reaction was carried at 30°C for 2 hr. The amplified product was purified using the 

same Genomic DNA Clean and Concentrator kit (Zymo). When eluted in 50 µl elution buffer, 

typically 5-10 µg of mRNA-derived cDNA amplicons were obtained. The amplicons were then 

evaluated for quantity, converage, and purity by PCR using a set of primers for housekeeping 

genes (GAPDH, B2M), cDNA 5’ end (CREB5), and gDNA (10p). 

 

RNA-Seq library construction and sequencing   

The cDNA libraries were constructed using Nextera XT DNA Sample preparation kit 

(Illumina) according to the manufacturer’s recommendations with minor modifications. Briefly, 

cDNA amplicons were fragmented and barcoded by tagmentation using Tn5 DNA transposase. 

Tagmented cDNA were amplified with a limited-cycle PCR program. During the PCR step, 

indices 1 and 2 were added to allow for cluster generation and multiplexed sequencing. The 

extension time was increased from 30s to 60s. The amplified cDNA libraries were purified and 

cleaned using 0.6x Agencourt AMPure XP (Beckman Coulter) and fresh ethanol, and eluted in 

TE buffer. The quality of sequencing libraries was assessed using a high-sensitivity DNA chip 

(Agilent). Finally, the libraries were sequenced deeply using the HiSeq2000 sequencer 

(Illumina). Images acquired from the HiSeq2000 are processed through the bundled Illumina 

image extraction pipeline (CASAVA) to get the sequence and quality score for each base. The 

data is aligned to a reference genome using an interactive ELAND algorithm.  
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RNA-seq Analysis 

All the RNA-Seq libraries were sequenced (single-end) to a length of 75 bases using the 

Illumina NextSeq 500 Next Gen Sequencing. Quality control check on the sequenced libraries 

was done using the tool FastQC (http://tinyurl.com/8ab8lpn). The epithelial cell libraries were 

trimmed by 35 bases at the 3’ end to retain only the best quality positions in the reads. The 

sequenced libraries from epithelial cells and the stromal cells were aligned to the human 

reference GRCh37/hg19 genome and the mouse reference GRCm38/mm10 genome 

respectively. The alignments were preformed using the STAR RNA-Seq aligner (version 2.3.1)34 

using the following modified parameters: outFilterMismatchNoverLmax 0.1, 

outFilterScoreMinOverLread 0.33, outFilterMatchNminOverLread 0.33, limitSjdbInsertNsj 

1200000, chimSegmentMin 15, chimJunctionOverhangMin 15. The read counts for individual 

genes were generated using the htseq-count script of the HTSeq framework (version 0.6.1p1)35 

using the default parameters and the refGene annotation files of the respective genomes (hg19 

and mm10) that are available at the UCSC Genome Browser. The gene expression correlation 

analyses, the principal component analyses, and the differential expression analyses (primary 

vs metastatic site) among all the samples were performed using the R package DESeq2 

(version 1.8.2)36. The count datasets were normalized using the library size-dependent 

normalization method and the variance stabilizing transformation method provided by the 

package. The pathway enrichment analyses for the differentially expressed genes were done 

using the Metacore platform (http://tinyurl.com/jm8b4fe) where the output pathways have been 

retained using the following cutoffs: FDR <= 0.1 and p<=0.01. 

 

Histological, immunohistochemical, and multicolor immunofluorescence analyses 

For histological analyses, 5µm sections of formalin fixed paraffin embedded (FFPE) 

xenografts were stained with hematoxylin and eosin using standard protocols. 
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Immunohistochemical analyses of Bromodeoxyuridine (BrdU, Roche cat#11170376001, clone 

BMC9318, mouse monoclonal IgG1, 1:100), LYVE1 (RELIAtech cat# 02-PA50AG, 1:1000), 

human Cytokeratin (Dako, M7946 and M0630, 1:100), V5 (Invitrogen R960-25, mouse 

monoclonal IgG2a, 1:100), GFP (Cell Signalling #2956)  were performed using 5µm sections of 

FFPE xenografts. The tissues were deparaffinized in xylene and rehydrated. After heat-induced 

antigen retrieval in citrate buffer (pH 6 for BrdU) or Dako target retrieval solution (S2367, pH 9 

for LYVE1 and CK) the samples were blocked with 3% hydrogen peroxide in methanol followed 

by goat serum and stained with the primary for 1 hour at room temperature. The samples were 

then incubated with anti- or anti-rabbit IgG biotinylated antibody (1:100 dilution) for 30 minutes 

at room temperature followed by the ABC peroxidase System (Vectastain®, ABC System Vector 

Laboratories). DAB (3,3´-diaminodbenzidine) was used as the colorimetric substrate. The 

samples were washed twice with PBS-Tween 0.05% between incubations. Finally the slides 

were counterstained with Harris hematoxylin (Electron Microscopy Sciences, cat#26754-01, 

Hatfield PA). Scoring for the size of the lung metastases was performed in a blinded fashion.  

Multicolor immunofluorescence for GFP and V5 was performed similarly as above. After 

heat-induced antigen retrieval at pH 6, the samples were blocked with goat serum and stained 

with the primary overnight at 4°C followed by incubation with goat anti-mouse IgG2a Alexa 555-

conjugated (Life Technologies, 1:100 dilution, for detection of V5) and goat anti-rabbit Alexa 

488-conjugated (Life Technologies, 1:100 dilution, for detection of GFP) for 45 minutes at room 

temperature. The samples were protected for long-term storage with VECTASHIELD HardSet 

Mounting Medium with DAPI (Vector laboratories, Burlingame CA). Before image analysis, the 

samples were stored at -20°C for at least 48 hours. Different immunofluorescence images from 

multiple areas of each sample were acquired with a Nikon Ti microscope attached to a 

Yokogawa spinning-disk confocal unit, and OrcaER camera controlled by Andor iQ software.  
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ABSTRACT  

Using a 3D co-culture model, we identified significant sub-type-specific changes in the 

gene expression, metabolic, and therapeutic sensitivity profiles of breast cancer cells in contact 

with cancer-associated fibroblasts (CAFs). CAF-induced gene expression signatures predicted 

clinical outcome and immune-related differences in the microenvironment. We found that CAFs 

strongly protect carcinoma cells from lapatinib, attributable to its reduced accumulation in 

carcinoma cells and an elevated apoptotic threshold. Using synthetic lethality approaches, we 

identified molecular pathways whose inhibition sensitizes HER2+ breast cancer cells to lapatinib 

both in vitro and in vivo including JAK2/STAT3 and hyaluronic acid. Neoadjuvant lapatinib 

therapy in HER2+ breast tumors lead to a significant increase of phospho-STAT3+ cancer cells 

and a decrease in the spatial proximity of proliferating (Ki67+) cells to CAFs impacting 

therapeutic responses. Our studies identify CAF-induced physiologically and clinically relevant 

changes in cancer cells and offer novel approaches for overcoming microenvironment-mediated 

therapeutic resistance.  

 

INTRODUCTION  

The biological properties and therapeutic responses of tumors are defined not only by 

genetic alterations but also by networks of physical and paracrine interactions between 

neoplastic and non-neoplastic cells within tumors. Cancer associated fibroblasts (CAFs), 

represent the most abundant non-neoplastic cell type within tumors. Moreover, fibroblasts are 

the major source of extracellular matrix (ECM). In normal epithelial tissues, fibroblasts are 

separated from epithelial cells by a basal membrane. However, in cancers, similar to contexts of 

wound healing, the two cell types come into close physical contact, leading to novel interactions. 

Such interactions between carcinoma cells and CAFs have been implicated in tumor initiation, 

progression, metastatic dissemination, and response to anti-cancer therapies1,2. To this day, 

despite the obvious importance and extensive research in the area, our understanding of 
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mechanisms and consequences of interactions between breast carcinoma cells and CAFs 

remains fragmented. A part of the difficulty lies in the substantial heterogeneity of breast 

cancers 3. In addition to the biological differences between distinct molecular sub-types of breast 

cancers, each individual tumor within a given sub-type is unique due to distinct evolutionary 

trajectories and patterns of intra-tumor heterogeneity4. Likewise, CAFs display considerable 

heterogeneity among and within tumors, but their diversity is even less understood1.  

Resistance to cytotoxic and targeted therapies is the major obstacle towards improved 

long-term patient survival. Although the majority of studies investigating mechanisms of therapy 

resistance have been historically centered on cell autonomous mutational mechanisms, a 

growing body of evidence suggests that, in many contexts, tumor-associated stroma, and 

particularly CAFs play a major role in resistance to both chemo- and targeted therapies, 

including immunotherapy. Tumor-associated stroma provides for protective microenvironmental 

niches that can shield tumor cells from the cytotoxic effects of cancer treatment. When the 

majority of tumor cells reside in these protective niches, stromal protection can contribute to 

immediate, intrinsic therapy resistance. On the other hand, when only a minor population of 

tumor cells is associated with the protective stroma, the protection manifests as minimal 

residual disease, or an incomplete response to therapy5.  This protective effect of CAFs has 

been attributed to multiple mechanisms that might operate in parallel, including adhesion 

mediated drug resistance6, pro-survival cytokine signaling7, exosomal transfer of microRNA8 

and metabolic cooperation9. Moreover, extracellular matrix produced by fibroblasts can 

contribute to interstitial and mechanical pressures within tumors that limit vascularization and 

hence reduce access of therapeutic agents to the tumor cells10. Furthermore, in breast cancer, 

stroma-derived gene signatures have been shown to be strong predictors of clinical outcome11. 

However, mechanistic details of this protection as well as therapeutic options to limit it remain 

poorly explored.  
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Here we demonstrate sub-type-specific alterations in gene expression and metabolic 

profiles of breast carcinoma cell lines arising as a result of their interactions with CAFs in 

organotypic 3D co-cultures. We also found that breast cancer cells are resistant to lapatinib, a 

dual EGFR/HER2 inhibitor12, in these 3D co-cultures, due to reduced accumulation of the drug 

within the carcinoma cells and an elevated apoptotic threshold that requires close contact 

between the two cell types. Using synthetic lethality screens and interrogation of the functional 

relevance of ECM, we have identified several signaling pathways and targets whose inhibition 

overcomes lapatinib resistance including JAK2/STAT3 and hyaluronan. We have validated the 

physiologic and clinical relevance of our findings obtained in this 3D culture model in vivo in 

xenografts and in primary patient samples. Thus, our study sheds light on the changes induced 

by the interaction of breast cancer cells with CAFs and offer novel approaches to overcoming 

microenvironmental protection by therapeutically targeting CAFs.  

 

RESULTS 

3D model of breast carcinoma cells and fibroblasts interaction 

Our previous studies have demonstrated that co-culture with breast stromal fibroblasts 

dramatically alters the morphology of MCF10DCIS cells in organotypic Matrigel 3D cultures13. 

We expanded on this observation to analyze the phenotypic consequences of interaction of 

breast cancer-associated fibroblasts (CAFs) with cell lines representing different breast cancer 

sub-types, including triple-negative (MCF10DCIS, SUM149PT), luminal estrogen receptor 

positive (MCF7 and T47D) and HER2 positive (MDA-MB-453). In all cases, fibroblasts engaged 

in physical interaction with epithelial cells leading to the formation of larger and more complex 

colonies (Fig. 4.1A and Fig. 4.2A). We next tested whether this interaction was generalizable to 

different types of stromal fibroblasts. All of the examined normal breast and breast carcinoma 

derived fibroblasts, as well as normal human astrocytes and stroma from brain metastases of 

breast cancer demonstrated strong morphogenic interaction with MCF10DCIS cells (Fig. 4.2B). 
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We found that the heterotypic interactions between carcinoma cells and fibroblasts were 

disrupted by treatment with collagenase (Fig. 4.2C), suggesting that the complex spatial 

organization of the co-cultures is dependent on collagen.  We reasoned that, owing to the 

relative ease of experimental manipulation, this heterotypic 3D model could be used to gain 

insights about molecular changes induced in carcinoma cells due to interaction with stromal 

fibroblasts. To this end, we examined the functional consequences of the interaction, focusing 

on changes in gene expression and cellular metabolism (Fig. 4.1B).  

 

Fibroblasts induce tumor sub-type specific molecular changes in breast cancer cells  

To examine changes in gene expression induced in breast carcinoma cells by their 

interaction with stromal fibroblasts, we performed SAGE-seq14 on tumor epithelial cells purified 

from separate or CAFs co-cultures. We found that interaction with fibroblasts induced 

substantial changes in gene expression leading to a more than a 2-fold change in the 

expression of 3.3-11% of genes analyzed, with more pronounced responses seen in basal-like 

cell lines (Fig. 4.1C-E). Despite the substantial changes in gene expression, cell lines 

maintained their molecular identity, as judged by hierarchical clustering analysis, and the 

majority of the fibroblast-induced changes were cell line and sub-type specific (Fig. 4.1D). To 

gain insights into the biological impact of interaction between carcinoma cells and CAFs, we 

performed MetaCore analysis15. Consistently with clustering analysis, most of the changes were 

sub-type-specific as exemplified by the induction of epithelial-mesenchymal transition in basal-

like cell lines (Fig. 4.1F). Still, some of the changes, such as several immune-response related 

and cell adhesion and TGF-β signaling pathways, were shared by cell lines representing 

different molecular sub-types. 

To investigate the clinical relevance of CAF-induced changes in breast cancer cell gene 

expression profiles, we asked whether the differentially expressed gene sets would subdivide 

breast tumors into clinically relevant groups using the Metabric cohort16. We found that T47D 
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and combined MCF10DCIS+SUM149 cell line-derived gene expression signatures clustered 

luminal B and basal-like breast tumors, respectively, into two separate groups with a statistically 

significant difference in overall survival (Fig. 4.1G). Interestingly, these expression signatures 

also correlated with estimated stromal and immune cell content of the tumors, and these were 

different between the good and poor outcome groups with poorer outcome associated with 

lower stromal and immune scores  (Fig. 4.1H).  

Next, we examined the interaction-induced changes in cellular metabolism using a 

combination of gas chromatography and liquid chromatography – mass spectrometry platforms. 

Due to sample size requirements, profiling was performed on mixtures of epithelial cells and 

fibroblasts. Epithelial cells were co-cultured with CAFs or cultured separately, and then 

combined with fibroblasts immediately prior to harvesting (Fig. 4.1B).  Whereas the majority of 

co-culture-induced changes were cell line specific, we observed a notable enrichment in 

metabolites in the glutathione pathway (Fig. 4.3A,B). Consistent with these results, we detected 

a significant reduction in the total glutathione levels in co-cultures in all of the cell lines (Fig. 

4.3C). Since reduced glutathione is a major buffer of reactive oxygen species (ROS), this 

decrease suggests that epithelial-stromal cell interactions might have an impact on ROS 

signaling and metabolism, which can affect sensitivity to apoptosis. In summary, our metabolic 

and expression profiling revealed that despite considerable cell line and sub-type differences, 

interaction with stromal fibroblasts induces some common responses in breast cancer cells that 

are clinically relevant.   
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Figure 4.1: Phenotypic changes induced by CAFs. A, Vital immunofluorescence images of 

3D Matrigel cultures. Breast carcinoma cells and CAFs are labeled with mCherry (red) and GFP 

(green), respectively. Scale bars represent 100µm.  B, Experimental outline. Co-cultured cells 

are compared to separately cultured carcinoma cells and CAFs that are mixed prior to analysis. 

C, Volcano plots of CAF-induced changes in gene expression. Statistically significantly different 

genes up- or down-regulated ≥2 fold are indicated by red and blue, respectively, with 

corresponding percentages.  D, Heat map and hierarchical clustering of expression values of 

genes that are differentially expressed in at least one cell line. E, Principle component analysis 

of gene expression profiles. Lighter and darker shades denote separate and co-cultures, 

respectively. Arrows indicate change in profiles. F, Molecular pathways significantly affected by 

interaction with CAFs, cutoff p<10-6.  G, Overall survival in the METABRIC patient cohort 

stratified by the T47D signature in Luminal B patients and a combined MCF10DCIS/SUM149 

signature in Basal patients. H, Immune and stromal ESTIMATE scores for the corresponding 

good and poor prognosis patient groups. 
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Figure 4.1 (Continued) 
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 Figure 4.2: The impact of fibroblasts on epithelial cell structures in 3D Matrigel cultures. 

A, Phase microscopy images of organoids shown in Figure 4.1A. B, Vital microscopy images, 

merged white light and green fluorescence channels. GFP expressing MCF10DCIS were co-

cultured with indicated unlabeled stromal cells. NBF – normal breast fibroblasts, CAF –cancer 

associated fibroblasts, NHA – normal human astrocytes, BMS - stromal cells from brain 

metastases of breast cancer. C, Vital microscopy images of co-cultures between dsRED-

expressing CAFs and GFP-expressing MCF10DCIS cells. Upper panels – merged red and 

green fluorescence channels, lower panel – white light channel. Scale bars correspond to 

100µm. 
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Figure 4.3: Metabolic changes induced by CAFs in co-cultures. A, Heat map and 

hierarchical clustering of CAF-induced metabolite changes focusing on metabolites significantly 

altered (pairwise t-test within biological replicates p<0.05, indicated by *) in at least two cell 

lines. B, Schematic map of the glutathione biosynthesis and degradation pathway. Arrows 

indicate the direction of statistically significant changes in CAFs co-cultures. C, Total glutathione 

levels normalized to separately cultured cells. *** indicates p<0.001. 
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Stromal fibroblasts enhance therapeutic resistance 

Given that the interaction with fibroblasts induced substantial changes in gene 

expression and metabolism of breast carcinoma cells, we asked how the interaction impacts 

their therapeutic sensitivity. To this end, we stably expressed firefly luciferase in carcinoma 

cells, enabling us to exclusively monitor the viability of breast cancer cells, as luciferase-

negative fibroblasts cannot produce the signal (Fig. 4.4A)17. Since fibroblast-containing colonies 

degraded Matrigel when cultured for over 24 hours, we performed these assays in suspension 

cultures where fibroblasts were still capable of engaging heterotypic interactions with cancer 

cells (Fig. 4.5). 

We found that co-culture with CAFs resulted in partial protection against commonly used 

chemotherapeutic agents such as doxorubicin and taxol, although the effect was relatively 

modest and variable among cell lines (Fig. 4.6A). Surprisingly, co-culture with fibroblasts 

provided very strong protection against the dual EGFR/HER2 inhibitor, lapatinib, and the 

protective effect could be observed in most of the cell lines tested across different molecular 

subtypes (Fig. 4.4B and Fig. 4.6B). This universal protection was unexpected, as EGFR and 

HER2 signaling is considered to be characteristic of basal-like and HER2+ breast cancer cells, 

respectively. Nevertheless, we observed lapatinib-sensitive EGFR phosphorylation in all of the 

cell lines tested, consistent with the panel-wide protection (Fig. 4.6C). For subsequent studies 

we primarily focused on HER2+ cell lines (HCC1954 and MDA-MB-453), as they better 

represent the tumor subtype amenable to lapatinib therapy. 

We further found that, protection from lapatinib was not limited to a particular type of 

fibroblast, as we have confirmed the phenomena in a large panel of stromal fibroblasts isolated 

from primary breast tumors, normal breast tissue, and brain metastases of breast cancer, 

despite clear differences in their gene expression profiles (Fig. 4.4C and Fig. 4.6D). Importantly, 

cancer cells recovered at the end of the assay were capable of clonogenic survival (Fig. 4.4D) 

showing that fibroblasts provide both short-term protection and long-term survival advantage.   
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Figure 4.4: CAFs protect breast carcinoma cells from lapatinib.  A, Experimental outline. 

Carcinoma cells expressing luciferase are plated with and without fibroblasts. Following 

overnight incubation, the cultures are treated with a therapeutic agent. Luciferase activity is 

used as a proxy for viable cell numbers. B, Survival of the indicated carcinoma cells in 

monocultures and CAFs co-cultures with various concentrations of lapatinib. Asterisks indicate 

statistical significance (* p<0.05, ** p<0.01, *** p<0.001). C, Protective effect of the indicated 

stroma on survival of lapatinib-treated MDA-MB-453 cells. CAFs – primary breast cancer-

associated fibroblasts, NBF – normal breast fibroblasts, NHA- normal human astrocytes, BMS – 

breast cancer brain metastasis stroma.  D, Long-term clonogenic survival of MDA-MB-453 cells 

following 3 days of lapatinib treatment. CAFs were eliminated by puromycin selection and purity 

of the epithelial cells was confirmed by microscopy.  E, Representative images of BrdU+ (green) 

and α-SMA (red) staining in xenografts treated with vehicle or lapatinib. Scale bars correspond 

to 25µm. F, Distribution of distances between BrdU+ carcinoma cells and nearest CAFs in 

xenografts treated with vehicle or lapatinib. P-values indicate statistical significance (t-test). 

Right panel depicts a representative picture with distances indicated by arrows. G, 

Representative images of Ki67+ (green) and α-SMA (red) staining of primary breast tumor 

samples before and after four weeks of neoadjuvant lapatinib treatment. Scale bars correspond 

to 25µm. H, distribution of distances between Ki67+ carcinoma cells and nearest CAFs in breast 

tumors before and after neoadjuvant lapatinib treatment. P-value indicates statistical 

significance (2-sided t-test). 

  



118 
 

 

Figure 4.4 (Continued) 
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Figure 4.5: The impact of fibroblasts on epithelial cell structures in 3D suspension. Vital 

microscopy images of m-Cherry expressing carcinoma cells cultured in the presence/absence of 

GFP expressing CAFs. Upper panels – phase images, lower panel - merged red and green 

fluorescence images. Scale bars correspond to 100µm. 
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Figure 4.6: The impact of fibroblasts on sensitivity of carcinoma cells to 

chemotherapeutic agents. A, Viability of the indicated cell lines cultured in the 

presence/absence of CAFs treated with different concentrations of doxorubicin and taxol. 

Experimental outline as in Figure 4.4A. Asterisks indicate p-values of statistical significance (* 

p<0.05; ** p<0.01, *** p<0.001, t-tests). B, Survival of breast carcinoma cells in monocultures 

and CAFs co-cultures treated with different concentrations of lapatinib. Asterisks indicate p-

values of statistical significance (* p<0.05; ** p<0.01, *** p<0.001, t-tests). C, Immunoblot 

analysis of EGFR phosphorylation in cell lines in 3D suspension cultures treated with different 

concentrations of lapatinib. D, Principal Component Analysis (PCA) plot depicting similarities 

and differences among primary stromal fibroblast cultures derived from normal breast tissue 

(NBF), primary breast tumors (CAF), brain metastases of breast cancer (BMS), and normal 

human astrocytes (NHA). 
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Figure 4.6 (Continued) 
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Remarkably, fibroblasts failed to provide protection in conventional 2D co-cultures (Fig. 

4.7A). Furthermore, fibroblast-conditioned media did not modify sensitivity to lapatinib (Fig. 

4.7B). Finally, analysis of m-Cherry fluorescence as a proxy of survival of labeled carcinoma 

cells revealed that lapatinib-resistant epithelial cells are located in the immediate proximity to 

the fibroblasts (Fig. 4.7C). These results suggest that the protective ability of fibroblasts is 

contingent on close spatial proximity and 3D context.  

We next evaluated the relevance of our findings in vivo. Thus, we compared the lapatinib 

sensitivity of carcinoma cells injected with and without CAFs into the contralateral mammary fat 

pads of the same mouse. We observed rapid colonization of tumors initiated both with and 

without human CAFs by mouse stromal fibroblasts, thereby complicating the direct assessment 

of the protective effect of co-injected human fibroblasts, since mouse stromal fibroblasts were 

also capable of exerting strong protection against lapatinib in 3D cultures (Fig. 4.7D). Hence, we 

examined the distance between CAFs defined by α-SMA staining and proliferating carcinoma 

cells (defined by BrdU staining), comparing lapatinib-treated and control groups (Fig. 4.4E). 

Using an automated quantitative image analysis approach, we found that the distance between 

the infiltrating mouse CAFs and proliferating cancer cells was statistically significantly shorter in 

the lapatinib treatment group compared to vehicle treated controls, suggesting that fibroblasts 

were reducing the cytostatic effects of lapatinib in vivo (Fig. 4.4F). 

To further validate the physiologic and clinical relevance of our findings, we performed 

immunofluorescence analysis for Ki67 (marker of proliferating cells) and α-SMA of pre- and 

post-treatment biopsies from a cohort of HER2+ breast tumors subject to neoadjuvant lapatinib 

therapy (Fig. 4.4G). Akin to our xenograft data, the distance between SMA+ CAFs and Ki67+ 

cancer cells was significantly shorter following 4 weeks of lapatinib treatment compared to pre-

treatment biopsies (Fig. 4.4H). These results demonstrate that spatial proximity to CAFs 

enhances the resistance of breast cancer cells to lapatinib both in vitro and in vivo. 
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Figure 4.7: The protective effect of CAFs is dependent on cellular contact. A, Sensitivity of 

the indicated breast cancer cell lines in the absence/presence of CAFS to lapatinib in 2D 

cultures. B, Effect of CAFs conditioned media on lapatinib sensitivity in 3D cultures. C, Vital 

microscopy images of DMSO and lapatinib treated cultures where the white light, red and green 

fluorescence channels are merged. Preferential survival of MDA-MB-453 cells located in the 

immediate proximity to GFP labeled fibroblasts is indicated by intensity of mCherry 

fluorescence. Scale bars correspond to 100µm. D, Cytotoxic effect of lapatinib on MDA-MB-453 

cells either in monocultures or in co-cultures with human CAFs and mouse mammary gland 

fibroblasts.  
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Mechanisms underlying fibroblast-induced therapy resistance  

Despite the sub-type and cell line specificity of gene expression changes, protection 

against lapatinib in fibroblast co-cultures was observed with most of the cell lines tested. We 

therefore hypothesized that this protection is likely to involve shared underlying mechanism(s). 

Hence, we first tested whether the accumulation of lapatinib is reduced in the complex 

multicellular organoids formed in the presence of fibroblasts. Due to the strong auto-

fluorescence of lapatinib, we were able to assess intracellular accumulation of the drug directly 

using flow cytometry (FACS). Indeed, we found that fibroblast co-cultures reduced the 

accumulation of lapatinib in the epithelial cells (Fig. 4.8A), an effect that was also observed in 

vivo (Fig. 4.9A). Consistent with the reduced intracellular accumulation of the drug, the effect of 

lapatinib on the phosphorylation of HER2, EGFR, and AKT was less pronounced in fibroblast 

co-cultures (Fig. 4.8B). Furthermore, we observed that fibroblast co-culture reduced levels of 

cleaved caspase-3, indicative of attenuated apoptosis rates (Fig. 4.8B).  

We next asked whether or not the attenuated apoptotic response is entirely due to 

reduced intracellular lapatinib accumulation. To address this question, we used BH3 profiling 18, 

a FACS-based assay that measures overall apoptotic sensitivity. In this assay, the cells were 

first dissociated from colonies, then permeabilized and challenged with pro-apoptotic peptides. 

All of the cells were expected to display equal uptake of pro-apoptotic peptides irrespective of 

previous culture conditions. Nevertheless, we found that cancer cells recovered from fibroblast 

co-cultures were less responsive to apoptotic stimuli, indicating elevated apoptotic threshold 

(Fig. 4.8C). To address the functional relevance of reduced sensitivity to pro-apoptotic stimuli, 

we asked whether fibroblast-induced resistance could be overcome by targeting the anti-

apoptotic machinery. Indeed, combination of lapatinib with BCL2 inhibitors (e.g., ABT737) 

reversed the fibroblast-induced protection (Fig. 4.8D), although cancer cells in co-cultures were 

still less sensitive to the combined treatment than when cultured alone.  
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Figure 4.8: Mechanisms of stroma-induced lapatinib resistance. A, Accumulation of 

lapatinib in MDA-MB-453 cells grown in monocultures and CAFs co-cultures assessed by FACS 

based on lapatinib autofluorescence. B, Immunoblot analysis of the indicated proteins in 

HCC1954 and CAFs cultured separately or in post-harvest mixtures, compared to co-cultures. 

C, Impact of CAFs co-cultures on the ability of indicated pro-apoptotic peptides to induce 

apoptosis in the indicated cell lines. Asterisks indicate results of pairwise t test. D, Sensitization 

to cytotoxic effect of lapatinib by BCL2/BCLxl inhibitor ABT737. Asterisks indicate p-values of 

interaction term in 2-way ANOVA.  * p<0.05; ** p<0.01, *** p<0.001.  
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Figure 4.9: Modifiers of anti-tumor effects of lapatinib in vivo. A, Reduced accumulation of 

lapatinib in carcinoma cells in xenografts with co-injected CAFs. Intracellular accumulation of 

lapatinib is analyzed by FACS, based on lapatinib auto-fluorescence.  B, Experimental outline of 

PEGPH20 studies. C, Tumor weights at harvest. Asterisks indicate statistical significance (* 

p<0.05, ** p<0.01, *** p<0.001). D, Efficacy of CD44-targeting shRNAs assessed by FACS. E, 

Effect of CD44 downregulation on viability of CAFs.   
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Therefore, mechanisms of fibroblast-induced resistance to lapatinib in breast cancer cells 

involves both reduced accumulation of the drug as well as elevated apoptotic threshold.  

 

Stromal hyaluronan is essential for lapatinib resistance 

As demonstrated above, the protection from lapatinib requires close physical proximity between 

fibroblasts and carcinoma cells. Given that cell adhesion to extracellular matrix (ECM) is 

essential for survival signaling, and that stromal fibroblasts are the major producer of the ECM, 

we explored the importance of ECM in the observed protective effect of fibroblasts. First, we 

asked whether collagen-mediated adhesion, which plays essential pro-survival role in some 

contexts 19, is involved in stromal protection against lapatinib as seen in our system. We found 

that collagenase treatment disrupted heterotypic interactions, preventing the formation of 

complex organoid-like colonies (Fig. 4.10A). Surprisingly, this disruption led to modest, though 

statistically significant, inhibition of the protection against the drug (Fig. 4.10B). Similarly, 

inhibition of focal adhesion kinase (FAK), a key mediator of collagen-integrin adhesion signaling 

led to partial increase in lapatinib sensitivity in fibroblast co-cultures (Fig. 4.10C). We therefore 

concluded that collagen-mediated adhesion is not an essential component of the pro-survival 

effects of fibroblasts. 

We next asked whether hyaluronic acid (HA), another major component of ECM 

produced by fibroblasts, is involved in protection by testing the effect of hyaluronidase. We 

found that hyaluronidase completely abolished the protective effect of stromal fibroblasts without 

disaggregating the heterotypic colonies (Fig. 4.10A,D). Remarkably, the extent of HA production 

by stromal fibroblasts strongly correlated with their ability to protect epithelial cells from lapatinib 

(Fig. 4.10E), consistent with the hypothesis that hyaluronan is a major fibroblast-produced factor 

underlying lapatinib resistance. Notably, HA-rich fibroblast-conditioned media did not have any 

noticeable effect (Fig. 4.7B), suggesting that HA per se is not protective. We therefore asked 

whether HA might be responsible for the ability of fibroblasts to survive the toxicity arising from 
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the treatment. Indeed, whereas fibroblasts were normally highly resistant to lapatinib, 

hyaluronidase treatment resulted in their dramatic sensitization to the drug (Fig. 4.10F).  

We thus explored the therapeutic utility of sensitization to lapatinib in vivo. To this end, 

we initiated xenografts, consisting of mixtures of MDA-MB-453 cells and stromal fibroblasts in 

the mammary fat pads of immune-compromised mice. Following tumor formation, the animals 

were treated with lapatinib or vehicle control with bi-weekly subcutaneous peritumoral injection 

of either hyaluronidase or PBS. We found that hyaluronidase monotherapy did not affect tumor 

size. In contrast, hyaluronidase treatment significantly increased the anti-tumor effects of 

lapatinib (Fig. 4.10G). Notably, we found that hyaluronidase co-treatment significantly increased 

apoptosis rates in lapatinib treated animals (Fig. 4.10H,I). Furthermore, we have confirmed that 

the anti-tumor effects of lapatinib can be enhanced with systemic treatment of stable, PEG-lated 

form of hyaluronidase, PEGPH20, which is currently being evaluated in multiple clinical trials 

(Fig. 4.9B,C). These effects of hyaluronidase were not mediated through CD44, an HA receptor, 

as its downregulation in breast cancer cells or in CAFs did not impact their survival (Fig. 4.9D,E 

and data not shown). Overall these data establish a rationale for combining hyaluronidase with 

lapatinib to improve therapeutic responses.  
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Figure 4.10: Hyaluronidase sensitizes CAFs to lapatinib. A, The effect of collagenase and 

hyaluronidase treatment on the morphology of organoids in co-cultures of MDA-MB-453 cells 

(mCherry) and CAFs (GFP). Scale bars correspond to 100µm. B-D, Impact of collagenase (B), 

FAK inhibitor (C) and hyaluronidase (D) treatment on lapatinib sensitivity of MD-MB-453 cells in 

CAF co-cultures. Asterisks indicate p-values of interaction term in 2-way ANOVA.  E, 

Correlation between production of hyaluronan and protection of MDA-MB-453 cells against 

20µM lapatinib among different fibroblasts. F, Sensitization of CAFs toward lapatinib by 

hyaluronidase treatment p<0001, interaction term in 2-way ANOVA. G, Tumor weights and H, 

percentage of cells positive for cleaved Caspase-3 staining of xenografts treated with 

hyaluronidase, lapatinib or both. Treatment was started 10 days post injection and Continued for 

21 days, at which point tumors were harvested. Asterisks indicate statistical significance (* 

p<0.05, ** p<0.01, *** p<0.001, **** p<0.0001; unpaired Mann-Whitney test). I, Representative 

images of Cleaved Caspase-3 staining. Arrows indicate apoptotic cells. Scale bars correspond 

to 100µm. 
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Figure 4.10 (Continued) 
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Synthetic lethality screen for sensitization to lapatinib 

We next sought to define synthetic lethal interactions that may overcome stroma-induced 

resistance to lapatinib. To this end, we combined lapatinib with small molecule inhibitors of 

signaling and metabolic pathways that we identified as potential candidates based on our gene 

expression and metabolic profiling, or those that have been previously implicated in cancer 

therapy. For this screen, we primarily used MDA-MB-453 cells, with validation of selected 

inhibitors in additional cell lines (Supplementary Table A1). In addition to BCL2 inhibitors, 

resistance to lapatinib was substantially diminished by co-inhibition of PI3K-AKT and JAK-STAT 

pathways (Fig. 4.11A). This sensitization by PI3K-AKT inhibitors likely reflects increased 

inhibition of HER2/EGFR signaling; the target of lapatinib. In contrast, the effect of JAK 

inhibitors might be more specific, since we had observed that lapatinib increased STAT3 

phosphorylation and fibroblast co-cultures led to stronger baseline and lapatinib-induced STAT3 

phosphorylation (Fig. 4.8B).  Given the known anti-apoptotic effects of JAK-STAT3 signaling 20, 

we hypothesized that the activation of this signaling pathway might be involved in the elevation 

of apoptotic threshold in the fibroblast co-cultures. Notably, fibroblast-induced protection against 

lapatinib was reversed by co-treatment with the JAK inhibitor BSK805 JAK inhibitor in cell lines 

representing different molecular subtypes of breast cancers (Fig. 4.11B). To confirm the 

pharmacological data, we performed shRNA-mediated downregulation of GP130, a receptor 

that mediates signaling by several cytokines that activate JAK-STAT signaling, and STAT3. 

Both STAT3 and GP130 downregulation reduced the levels of phosphorylated STAT3 and 

increased sensitivity of fibroblast co-cultures to lapatinib (Fig. 4.12A, B). Furthermore, sensitivity 

of CAFs to lapatinib was also significantly enhanced by BSK805 (Fig. 4.12C), suggesting that 

JAK-STAT signaling in both carcinoma cells and CAFs is involved in stromal protection from 

lapatinib. We further tested the validity of these findings in vivo by co-administering lapatinib 

with BSK805 in xenograft models. Consistent with in vitro data, BSK805 significantly increased 

the anti-tumor activity of lapatinib in vivo (Fig. 4.11C).  
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Figure 4.11: Overcoming CAF-mediated resistance. A, Heat map of fold differences between 

observed and expected cytotoxicity of combinations of lapatinib with the indicated inhibitors. B, 

Sensitization to lapatinib by JAK inhibitor BSK805 in the indicated cell lines. Asterisks indicate 

p-values of interaction term in 2-way ANOVA. C, Growth of the indicated xenografts treated with 

lapatinib (100 mg/kg), BSK805 (50 mg/kg), or both compounds starting on day 18 after injection. 

Right panels display volumes of individual tumors at day 40. Asterisks indicate the p-values of 

statistical significance (* p<0.05; ** p<0.01, *** p<0.001, Mann Whitney test). D, Representative 

images of pSTAT3+ (cyan) and α-SMA (red) staining of primary breast tumor samples before 

and after neoadjuvant lapatinib treatment. Scale bars correspond to 25µm. E, Bar graph 

depicting frequency of pSTAT3+ breast tumor cells before and after neoadjuvant lapatinib 

therapy in all samples combined. P value indicates statistical significance (2-way ANOVA).  
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Figure 4.11 (Continued) 



134 
 

 
 
 
 
 
 

 

Figure 4.12: The role of pSTAT3 signaling in CAF-mediated resistance to lapatinib 

treatment.  A, Genetic inhibition of STAT3 signaling sensitizes MDA-MB-453 cells to lapatinib. 

Viability of cells transduced with indicated shRNA in 3D suspension cultures under indicated 

concentrations of lapatinib. B, Validation of shRNAs efficiency by immunoblot analysis of 

phosphorylated STAT3 (pSTAT3).  C, Impact of 2.5 µM BSK805 on sensitivity of CAFs to 

lapatinib.  D, Graph depicting pSTAT3 score of matched pre- and post-treatment breast tumor 

biopsies. P value indicates statistical significance of the observed differences by paired t-test.  

E, Fraction of pSTAT3+ breast tumor cells before and at different time points after neoadjuvant 

lapatinib treatment. Asterisks indicate statistical significance by 2-way ANOVA (* p<0.05, *** 

p<0.001).  
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To validate the clinical relevance of these findings, we performed combined pSTAT3 and 

α-SMA immunofluorescence analysis of HER2+ breast tumors before and after neoadjuvant 

lapatinib therapy (Fig. 4.11D). Correlating with our xenograft data, we found a significant 

increase in the fraction of pSTAT3+ breast cancer cells in post-treatment compared to pre-

treatment biopsies and this was consistently observed when analyzing all tumors combined or 

matched paired samples (Fig. 4.11E and Fig. 4.12D,E). These results suggest that combining 

JAK-STAT inhibitors with HER2-targeting agents could be a more efficacious therapy for HER2+ 

breast tumors than targeting HER2 alone.  

 

DISCUSSION 

CAFs, the major component of the tumor microenvironment, affect tumor cell biology 

and response to anti-cancer treatments. Therefore, understanding the crosstalk between CAFs 

and tumor cells is tantamount to the adequate understanding of cancer biology and eradication 

of neoplastic cells. Here, we demonstrate that the phenotypic response of cancer cells to 

physical interactions with CAFs is, to a large degree, dependent on initial phenotypic 

configuration of carcinoma cells, with variability not only between distinct molecular subtypes of 

breast cancer cells but also with substantial differences among cell lines. Nevertheless, given 

the substantial inter- and intra-tumor heterogeneity21, conclusions based on studies involving 

only a small number of cell lines might offer only limited potential for generalizations, especially 

regarding detailed characterization of molecular signaling mechanisms. Still, the development of 

viable therapeutic approaches requires the identification of actionable strategies that can be 

applicable to at least a definable subset of tumors. Our data suggest that protection from the 

inhibitory effects of the dual HER2/EGFR inhibitor, lapatinib, might be a common feature 

resulting from the interaction between CAFs and carcinoma cells, and in particular with 

therapeutic implications for HER2+ breast cancer for which lapatinib is clinically used. Moreover, 

our results indicate that the multiple protective effects of CAFs can be overcome by sensitizing 
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CAFs to lapatinib by targeting HA, a major ECM component produced by CAFs, and also by 

combined inhibition of the JAK/STAT pathway. Importantly, testing of HER2+ breast tumor 

samples subject to neoadjuvant lapatinib therapy validated the physiologic and clinical 

relevance of our findings, since it strongly suggests that spatial proximity of breast cancer cells 

to SMA+ CAFs influences their response to treatment and this in part might be mediated by the 

increased pSTAT3 activity.    

Stromal protection against anti-cancer therapies has been historically documented for 

cytotoxic therapie5. More recently, the involvement of CAFs toward the development of 

resistance has also been documented for therapies targeting certain signaling pathways2. 

Generally, CAF-mediated resistance can be attributed to signaling mechanisms arbitrated by 

adhesion to ECM as well as paracrine interactions. In our experimental system, protection 

against cytotoxic effects of lapatinib is mainly attributable to interactions at close spatial 

proximity, as fibroblast conditioned media did not confer protection. However, given the 

induction of STAT3 signaling and activity of JAK inhibitors in vivo and in vitro, paracrine signals 

are likely to contribute to the protection as well. In contrast to the recent findings in stromal 

resistance against B-RAF targeting therapies in melanoma19, signaling through collagen-

integrin-FAK axis does not appear to be a major mediator of lapatinib resistance in our system, 

as collagenase treatment and inhibitors of FAK have only modest impact on protective effects of 

CAFs. Instead, targeting HA was able to completely overcome stromal protection. Nonetheless, 

the effect is likely to be indirect, as HA-containing CAFs conditioned media or addition of 

purified external HA failed to protect from lapatinib. Instead, HA removal dramatically increased 

sensitivity of fibroblast to lapatinib, thereby affecting all of the protective mechanisms.  

Enzymatic targeting of HA has been recently shown to enhance the effect of gemcitabine in 

pancreatic carcinomas22, and although the authors attributed the effect to the reduction of 

hydrostatic pressures, a substantial decrease in the numbers of CAFs was also observed, 

thereby suggesting sensitization of CAFs as contributing mechanism.  
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Our studies have validated multiple pathways whose inhibition elevates sensitivity of 

cancer cells to lapatinib. However, this sensitization is not specific toward cancer cells 

associated with CAFs. In most cases, CAFs were able to confer relative protection, probably 

attributable to reduced lapatinib uptake and an elevated apoptotic threshold. Thus, in the 

absence of the ability to specifically eliminate carcinoma cells within microenvironmental 

protective niches, targeting CAFs directly might be a more promising approach. Targeting CAFs 

may also be advantageous since, in contrast to neoplastic cells, CAFs maintain normal 

genotypes23, which should limit inter-tumor variability and restrict adaptive potential. In addition, 

targeting CAFs is less likely to select for resistance compared to targeting cell autonomous 

pathways within cancer cells24.  

Nevertheless, caveats such as potential toxicity toward the normal stroma and distinct 

stromal composition within different metastatic sites can present a considerable challenge and 

has to be considered. Moreover, the CAFs used in this study were expanded ex vivo. 

Considering heterogeneity of fibroblasts in tumors, this expansion could have introduced a 

selection bias that could have led to additional phenotypic alterations due to adaptation toward 

tissue culture. Therefore, in vivo validation of such protective mechanisms is paramount. 

Additionally, as many of alterations in gene expression induced by the interaction with 

fibroblasts effect immune responses, pre-clinical development of CAF targeted strategies would 

require the use of immunocompetent mouse models. Despite the drawbacks, our data still 

supports that targeting tumor stroma is an attractive therapeutic option, which can be developed 

in parallel to the mainstream effort of directly targeting tumor cells.  

 

METHODS 

Cell lines and tissue culture conditions 

Breast cancer cell lines were obtained from the following sources: MDA-MB-453, 

HCC1954, MCF7 and T47D cell lines were obtained from ATCC; MCF10DCIS.com from Dr. F. 
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Miller (Karmanos Cancer Institute, Detroit, MI), SUM149PT from Dr. S. Ethier, University of 

Michigan, Ann Arbor, MI). Identity of cell lines was confirmed by short tandem repeats (STR) 

analysis. Normal human astrocytes were purchased from Lonza (Bazel, Switzerland) and Cell 

Applications San Diego (CA). Cells were cultured in media recommended by the provider; 

regular tests for mycoplasma contamination were performed.  Breast cancer associated 

fibroblasts, normal breast fibroblasts and stroma from brain metastatic lesions of breast cancers 

were obtained from primary tissues as previously described 25 and expanded for 3-10 population 

doublings prior to the experiments. All human tissue was collected using protocols approved by 

the Institutional Review Boards. Fibroblasts were expanded in 50/50 mixture of DMEM-F12, 

10% FBS/MEGM with supplements. Epithelial cell contamination was tested by FACS for 

EpCam epithelial cell surface antigen.  Fluorescently labeled derivates of carcinoma cell lines 

and fibroblasts were obtained by lentiviral expression of mCherry/Luciferase (obtained from C. 

Mitsiades laboratory, DFCI), pLVX-AcGFP or pLVX-dsRED (Clontech). All of the in vitro 

experiments were performed in media representing 50/50 mixture of DMEM-F12, 10% 

FBS/MEGM with supplements, as this media fully supported growth and viability of both 

epithelial cells and fibroblasts. Matrigel 3d culture experiments  (morphogenesis, expression 

and metabolic profiling) were performed using on-top method as described in26.  

 

Xenograft experiments 

All animal procedures were approved by the DFCI IACUC (DFCI protocol#11-023) and 

followed NIH guidelines. Tumors were induced by bilateral orthotopic injection into 6-weeks old 

female NOG mice of 1 × 106 carcinoma cells with or without 0.5 × 106 CAFs re-suspended in 

50% Matrigel (BD Biosciences) per transplant. Tumor volumes were monitored by bi-weekly 

measurements of tumor diameters with electronic calipers. Lapatinib in 0.5% HPMC/0.1% 

Tween 80, and NVP-BK805 dissolved in 50 mM Sodium Citrate buffer pH 3.0 were administered 

via daily oral gavages. Hyaluronidase (Vitrase®, Bausch and Lomb, Tampa FL) was 
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administered via subcutaneous injection in the vicinity of tumors at 50 µl (10 U) per injection 

twice per week.  PEGPH20 (Halozyme Therapeutics, San Diego CA) was administered at 1 

mg/ml by weekly tail vein injections. Prior to treatment, distribution of tumor sizes was compared 

between control and experimental groups to ensure uniformity. No blinding was performed 

during the tumor measurements in live animals. One-two hours prior to euthanasia, animals 

were injected with 100 µl of 10 mg/ml BrdU solution to monitor proliferation rates.  

 

Gene expression profiling  

DsRED labeled carcinoma cell lines and GFP expressing primary CAFs were cultured 

either separately or in co-cultures for 17 hours. Colonies were released from Matrigel by 30 min 

incubation in PBS/EDTA, at which point separately cultured cells were combined to control for 

cross-contamination. Cell mixtures were washed with PBS, trypsinized for 7 min, quenched with 

serum containing media, washed and spun down. Epithelial cells were selected using Epithelial 

Enrich dynabeads (Life Technologies) following manufacturer’s protocol. Microscopic 

examination of captured cells revealed no detectable CAF contamination. 5E5 cells of each 

sample were used to prepare SAGE-Seq (serial analysis of gene expression combined with the 

Illumina/Solexa 1G platform) libraries according to a detailed protocol 

(http://polyaklab.dfci.harvard.edu/index.php/science/protocols). Following the sequencing tags 

were mapped and normalized as described previously 27. Tag counts used were the sums of all 

sense SAGE-Seq tags uniquely mapped to the same gene. Normalized tag counts were 

compared pairwise (CAFS co-culture versus separate culture) using the Chi-square method as 

described in 28. Correction for multiple comparison was done by calculating q-values for the 

obtained p-values. Genes with tags that satisfy the criteria of >2 fold change in either direction, 

p<0.01 and >30 tags in either separate or co-culture condition were deemed significantly 

changed. For clustering analysis, tag counts were log2 transformed (zero values were treated 

as 1), median centered and subjected to hierarchical clustering analysis using Cluster program, 
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with visualization performed using MapleTree software. Identification of molecular pathways 

within carcinoma cells altered by interaction with fibroblasts was performed using MetaCore 

platform (Thompson Reuters).  Principle component analysis was performed using the MATLAB 

software pca function implementing the singular value decomposition algorithm (The 

MathWorks, Inc, MA). The volcano plots were constructed using Prism software (GraphPad 

Software, Inc., CA) by plotting the log2 fold change (X-axis) in gene expression as a result of 

co-culture (treatment) compared to separate culture (control) for each cell line against the log10 

q-values (Y axis) of the changes.  

The RNA-Seq libraries from different primary stromal fibroblast cultures were sequenced 

(single-end) to a length of 75 bases using the Illumina NextSeq 500 Next Gen Sequencing.  All 

the datasets were aligned to the human reference GRCh37/hg19 genome using the STAR 

RNA-Seq aligner (version 2.3.1)29. The mapping was performed using the default parameters. 

The read counts for individual genes were generated using the htseq-count script of the HTSeq 

framework (version 0.6.1p1)30 using the default parameters and the hg19 refGene annotation 

file available at the UCSC Genome Browser. The gene expression correlation among all the 

samples was illustrated by performing the principal component analysis using the R package 

DESeq (version 1.20.0)31.  For this purpose the count datasets were normalized using the 

library size-dependent normalization method and the variance stabilizing transformation method 

provided by the package. 

 

Patient classification and survival analysis based on gene expression signatures. 

Gene expression signatures obtained from cell culture were applied to the METABRIC 

cohort of 1992 patients 32 to determine prognostic relevance. The T47D gene signature was 

tested in patients with ER+ Luminal B tumors as characterized by PAM50 scoring33. Similarly a 

76 gene basal signature comprising of the top 40 differentially expressed genes from the 

MCF10DCIS and SUM149 signatures respectively was tested in patients with basal breast 
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tumors. Patients were separated into good and poor prognosis groups using unsupervised 

hierarchical consensus clustering34 on median scaled gene expression data, using 1,000 

iterations and a subsampling ratio of 0.95 for patients, and subsampling ratio for genes 

weighted by median deviation in expression. To overcome batch effects, consensus clustering 

was performed independently on the two gene expression datasets within the METABRIC 

cohort, and combined for subsequent analysis.  Survival analysis was conducted using cox 

regression models accounting for age, stage and in the discovery set, grade. 10 year overall 

survival was used as the endpoint, after which survival was right censored. Survival curves were 

constructed using the Kaplan Meier method. To determine whether the patient groups had an 

association with immune or stromal content, the ESTIMATE algorithm35 was run on all patients 

in the METABRIC cohort to obtain an ‘immune’ and ‘stromal’ score. Within each set, these 

scores were normalized to take into account batch differences. ESTIMATE scores from both 

sets were combined and differences in distribution calculated using t-tests. 

 

Luciferase reporter assays for cell viability 

For cellular viability assays, carcinoma cells lentivirally expressing mCherry/Luciferase 

were plated with/without unlabeled or GFP expressing CAFs into non-adherent white 96-well 

plates from Nunc (cat#236105). 2-4 × 104 carcinoma cells with or without 0.5-1 × 104 fibroblast 

cells were plated per each well.  Following overnight incubation, at which point cells underwent 

either homotypic or heterotypic clustering, inhibitors were added to the media. Following 3-day 

culture in the presence of inhibitor or vehicle control viability of Luciferase expressing cells was 

assessed by adding Luciferin-D (125 ug/ml) and measuring luminescence using Biotek Synergy 

plate reader. For synthetic lethality screen, inhibitors of signaling pathways that were either 

previously implicated in resistance to targeted therapies, or that were identified as altered by 

interaction with fibroblasts in our analyses, were purchased from Selleck Chemicals (Houston 

TX), Fisher Scientific or obtained from manufacturers. Pilot experiments were performed using 
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to identify highest inhibitor doses that display <20 % inhibition of luminescence signal compared 

to vehicle treated control.  Then, sensitivity of separately or co-cultured cells to varying 

concentrations of lapatinib as a single agent or added with non-toxic or low toxicity doses of 

inhibitors was assessed as described above. In all cases, lapatinib was added 2-6 hours after 

the addition of the inhibitors. Fold difference between the expected surviving fraction, based on 

the additive effect of individual toxicities, and the observed toxicity in the experiment was 

determined. All of the experiments were performed at least with 3 biological replicates, each 

containing 3 technical replicates.  

 

Histological, immunohistochemical, and multicolor immunofluorescence analyses 

For histological analyses, 5µm sections of formalin fixed paraffin embedded (FFPE) 

xenografts were stained with hematoxylin and eosin using standard protocols. 

Immunohistochemical analyses of cleaved Caspase-3 (Cell Signaling, cat#9661, rabbit 

polyclonal IgG, 1:50), were performed using 5µm sections of FFPE xenografts. The tissues 

were deparaffinized in xylene and rehydrated. After heat-induced antigen retrieval in citrate 

buffer (pH 6 for Cl Caspase-3), the samples were blocked with 3% hydrogen peroxide in 

methanol followed by goat serum and stained with the primary for 1 hour at room temperature. 

The samples were then incubated with anti-rabbit IgG biotinylated antibody (1:100 dilution) for 

30 minutes at room temperature followed by the ABC peroxidase System (Vectastain®, ABC 

System Vector Laboratories). DAB (3,3´-diaminodbenzidine) was used as the colorimetric 

substrate. The samples were washed twice with PBS-Tween 0.05% between incubations. 

Finally the slides were counterstained with Harris hematoxylin (Electron Microscopy Sciences, 

cat#26754-01, Hatfield PA). Scoring for the expression of each marker was done as follows: the 

percentage apoptotic cells were estimated by counting an average of 1,000-1,500 cells/sample 
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using ImageJ 1.45s software from 3-4 randomly selected regions of the cleaved Caspase-3 

stained representative xenografts.  

Multicolor immunofluorescence for Bromodeoxyuridine (BrdU, Roche cat#11170376001, 

clone BMC9318, mouse monoclonal IgG1, 1:100) or Ki67 (Abcam, cat#ab16667, rabbit 

polyclonal IgG, 1:50) and α-Smooth Muscle Actin (α-SMA, Dako cat#MO851 clone 1A4) was 

performed similarly as above. After heat-induced antigen retrieval at pH 6, the samples were 

blocked with goat serum and stained with the primary overnight at 4°C followed by incubation 

with goat anti-mouse IgG1 Alexa 488-conjugated (Life Technologies, 1:100 dilution, for detection 

of BrdU), goat anti-rabbit Alexa 488-conjugated (Life Technologies, 1:100 dilution, for detection 

of Ki67) and goat anti-mouse IgG2a Alexa 555-conjugate (Life Technologies, 1:100 dilution, for 

detection of α-SMA) for 45 minutes at room temperature. The staining for phosphorylated-

STAT3 (p-STAT3, Cell Signaling, cat#9145, rabbit monoclonal IgG, 1:1000) was amplified with 

the TSA Biotin system (Perkin Elmer, cat#NEL700001KT, Waltham, MA) following 

manufacturer’s protocol and detected with anti-streptavidin Alexa 647-conjugated (Life 

Technologies, 1:100 dilution). The samples were protected for long-term storage with 

VECTASHIELD HardSet Mounting Medium with DAPI (Vector laboratories, Burlingame CA). 

Before image analysis, the samples were stored at -20°C for at least 48 hours. Different 

immunofluorescence images from multiple areas of each sample were acquired with a Nikon Ti 

microscope attached to a Yokogawa spinning-disk confocal unit using a 40x plain apo objective, 

and OrcaER camera controlled by Andor iQ software. Live colonies were imaged directly by vital 

microscopy using intrinsic fluorescence with a Nikon Eclipse TE3000 inverted microscope. 

 

Single-cell based distance from fibroblast calculation 

The analysis was performed using a custom built macro for ImageJ 1.42r program (code 

available upon request). The macro was constructed to allow calculation of the closest fibroblast 

from each cell with particular nuclear staining (BrdU). First, the nuclear stain image was used to 
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define nuclei as regions of interest and the coordinates of their centroids were saved, but only if 

they overlapped with regions containing BrdU staining (positive cells). Then, the fibroblast 

staining channel was reduced to its maxima points. Finally, for each saved centroid, a distance 

to every maxima point was measured and the shortest distance for each individual nuclei was 

saved. This resulted in a table containing the shortest distance between a given positive cell 

and a fibroblast. Distribution of the distances was plotted using R software. 

 

Immunoblot analyses 

Immunobloting analysis was performed using NuPage Bis-Tris 4-12% protein gels (Life 

Technologies) and Immobilone PVDF membrane (Millipore, MA). The following antibodies from 

Cell Signaling were used: pHER2 (#2243), HER2 (#4290), pEGFR (#3777), EGFR (#4405), 

pAKT (#4060), pSTAT3 (#9131), Caspase 3 (#9961). β-actin antibody was purchased from 

Sigma-Aldrich (#A2228). 

 

Intracellular BH3 profiling 

Following 24 hours suspension culture in the presence or absence of CAFs, carcinoma 

cells were recovered by incubation with 2 mg/ml collagenase for 30 min, followed by 10 minute 

trypsinization and washing with PBS.  BH3 profiling was performed essentially as described 36.  

Briefly, cells were stained with Zombie Aqua following manufacturer’s protocol (BioLegend 

423102).  Cells were washed with FACs buffer (PBS + 2% FBS and 1mM EDTA) and tumor 

cells were labeled with an EPCAM antibody (Biolegend 118217).  Cells were washed with PBS 

and a cell suspension of 15,000 cells/15 µl of BH3 profiling buffer “DTEB” (135 mM Trehalose, 

10 mM HEPES-KOH pH 7.5, 50 mM KCl, 0.02 mM EGTA, 0.02 mM EDTA, 0.1% BSA, and 5 

mM Succinate) was made.  Cells were plated at 15 µl/well of a 384 well plate.  BH3 peptides 

were diluted in a 0.005% digitonin in DTEB solution at twice their final concentration and 15 µl 

was added to each well.  Cells were incubated for 60 minutes at room temperature followed by 
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the addition of 10 µl of 4% formaldehyde in PBS.  Cells were fixed for 15 minutes at room 

temperature, quenched by the addition of 30 µl N2 buffer, and stained by adding 10 µl of 10x 

Saponin intracellular staining buffer containing cytochrome c antibody (Biolegend clone 6H2.B4) 

overnight at 4°C, in the dark.  Cells were analyzed on the BD LSRFortessa X-20 at the 

Hematologic Neoplasia Flow Cytometry Core of the Dana-Farber Cancer Institute.  Results from 

4 (HCC1954) or 5 (MDA-MB-453) independent experiments are shown as % cytochrome c 

release of control DMSO peptide. 
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Overview 

Intra-tumor heterogeneity was recognized as an inherent property of cancer as early as 

the 1970-80s1. Several early in vitro and in vivo studies of artificially introduced intra-tumor 

heterogeneity in murine models were able to illustrate variations in metastatic capacity or 

differences in drug sensitivity compared to tumors composed of homogeneous populations2-8. 

Unfortunately, as cancer research veered towards the study of cell-autonomous oncogenes, 

tumor suppressors and clonal origins of cancer, the initial findings of clonal interactions arising 

due to intra-tumor heterogeneity remained vastly unexplored for many years9. However, as 

researchers began to learn more about tumor biology, and in particular, as the recent explosion 

of data from tumor genome sequencing studies and single-cell based analyses began to 

emerge, the presence of substantial genetic heterogeneity within tumors could no longer be 

neglected 10-14,19. Hence, tumor heterogeneity, once again, has begun to be accepted as a part 

of tumor evolution5, and investigations of sub-clonal interactions have contributed substantial 

evidence to the growing body of knowledge regarding inter-clonal heterogeneity in cancer8.  

Despite the substantial advancements in scientific methodologies since the initial 

observations of tumor diversity1, our understanding of intra-tumor heterogeneity and clonal 

interactions continue to be limited to this day, particularly due to the lack of proper model 

systems. Especially, in the case of metastatic heterogeneity, our knowledge is even more 

fragmented. In recent years, studies using single cell sequencing methods and barcoding of 

patient derived samples has gained rapid momentum, and has shed some light into the 

dynamics of clonal evolution in tumors10-14. However, systems like these are not very malleable 

and since the extent of variability among populations can be widespread, they do not 

necessarily provide a clean picture of clonal geography and interactions within the tumor. To 

circumvent this problem, we have designed an artificially manipulable system of intra-tumor 

heterogeneity using a breast cancer cell line, which has enabled us to interrogate various 

aspects of clonal interactions, including metastatic cooperation. 
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Studies of tumor diversity is further complicated by the presence of various populations 

of non-neoplastic cells that make up the tumor microenvironment15, which can interact with and 

influence the behavior of cancer cells. Hence, in addition to elucidating interactions among 

cancer cells, we must closely examine heterotypic interactions between cancer cells and the 

components of the microenvironment. Our focus, in particular, is on the interactions between 

tumor cells and CAFs, the most abundant cell fraction in the tumor microenvironment16 and how 

the latter contributes to protection against anti-cancer agents.  CAFs have been implicated in 

tumor initiation, progression, metastatic dissemination, and response to anti-cancer 

therapies17,18. Unfortunately, akin to the problems associated with the study of intra-tumor 

heterogeneity, heterotypic interactions are also difficult to study in patient samples. Once again, 

we used a model system to overcome this shortcoming. Using a 3D co-culture model, we 

investigated sub-type-specific changes in the gene expression, metabolic, and therapeutic 

sensitivity profiles of breast cancer cells when they were in contact with cancer-associated 

fibroblasts (CAFs). Moreover, we confirmed our observations using in vivo xenograft models 

and clinical samples. Although seemingly reductionistic, our approach enabled us to identify 

interactions between cancer cells and CAFs, which can have profound clinical implications in 

improving treatment strategies for breast cancer patients.  

To summarize, in this dissertation we highlighted some of our findings regarding intra-

tumor heterogeneity, clonal interaction, and metastatic cooperation among breast cancer cells 

as well as heterotypic cross talk between breast cancer cells and CAFs.  
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Major Findings and Implications 

In Chapter 2, we used a heterogeneous model of breast cancer to unravel some of the 

evolutionary dynamics that arise during sub-clonal interactions in breast cancer19. The major 

findings are: 

• Tumor growth can be driven by a minor cell sub-population in a non-cell autonomous 

fashion. 

• The non-cell autonomous driving is achieved by the driver clone by overcoming 

environmental constraints to promote proliferation of all the cells within the tumor. 

• The driver sub-clone can be out-competed by a faster clone, however this can result in 

tumor collapse.  

• The driver sub-clone stabilizes sub-clonal heterogeneity by clonal interference, thereby 

enabling inter-clonal interactions that can lead to new phenotypic traits that can be 

beneficial for the tumor as a whole. 

Previous studies in D. melanogaster and mouse models demonstrated that tumor growth 

can be supported by a small population of cells via direct non-cell autonomous stimulation20-22. 

Our results illustrate similar tumor driving in a non-cell-autonomous fashion which does not 

necessarily translate into increased tumor growth rates. We show that, under the scenario of 

stochastic activation of expression, benefits of secretion of non-cell autonomously acting factors 

might be skewed to the producer clone due to spatial considerations, which further emphasizes 

the importance of investigating topology in future studies.  

 

In Chapter 3, we used our previously established heterogeneous model of breast 

cancer to demonstrate metastatic cooperation between IL11 and FIGF sub-clones. The major 

findings are as follows: 
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• In MDA-MB-468 tumors, IL11 and FIGF sub-clones can cooperate to increase the 

macrometastatic potential to the lungs in NOG mice compared to parental tumors. 

• The increased metastatic behavior of polyclonal tumors is not only driven by 

lymohangiogenesis as in the case of FIGF-only tumors. 

• Growth of the lung macrometastases is not always driven by IL11 sub-clones.   

• Clustering based on expression patterns of epithelial fractions from primary and 

metastatic lesions shows segregation of neutral populations from effector populations.  

• Epithelial cells derived from lung metastases of different groups do not cluster into a tight 

group but rather show significant diversity in gene expression patterns. 

• The most significant differential pathways of epithelial cells derived from primary and 

metastases include those belonging innate-immune regulatory and ECM remodeling, 

which have been previously implicated to be important in metastasis23. 

The cross talk between sub-populations of tumor cells has been previously implied in 

metastasis24 but not clearly demonstrated in breast cancers as of yet. Using our experimental 

system, we identified a case clonal cooperation that can increase the metastatic potential of the 

whole tumor. In addition, we identified pathways that could provide insights into mechanisms 

that govern metastatic dissemination of breast cancers. Further analysis of our data may reveal 

important mechanistic understandings that could enable us to design better therapeutic 

strategies to combat this late stage of the disease.  

 

In Chapter 4, we used a 3D co-culture model to identify sub-type-specific changes in 

the gene expression, metabolic, and therapeutic sensitivity profiles of breast cancer cells in 

close proximity with cancer-associated fibroblasts (CAFs) in order to identify mechanisms by 

which CAFs can confer protection to carcinoma cells against therapeutic interventions. The 

major findings are highlighted below: 
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• Co-culture with CAFs induce morphological, transcriptional and metabolomic changes in 

various breast cancer cell lines belonging to different sub-types. 

• CAFs strongly protect carcinoma cells from lapatinib, a dual EGFR/HER2 inhibitor used 

to treat HER2+ breast cancers, attributable to its reduced accumulation in carcinoma 

cells and an elevated apoptotic threshold. 

• CAF-induced gene expression signatures predict clinical outcome and immune-related 

differences in the microenvironment. 

• Protection against lapatinib of cancer cells by CAFs is ECM-mediated. It relies on close 

contact between the carcinoma cells and fibroblasts and could be ablated by treatment 

with hyaluronic acid to disrupt the ECM. 

• Neoadjuvant lapatinib therapy in HER2+ breast tumors lead to a significant increase of 

phospho-STAT3+ cancer cells and CAFs mediated protection against lapatinib can be 

removed by inhibiting JAK2/STAT3 pathway.  

• Both xenograft studies and analysis of clinical samples show that there is relation 

between the spatial proximity of proliferating cells to CAFs, which could explain the 

observed therapeutic responses.  

In breast cancer, gene signatures derived from the stroma have been shown to be strong 

predictors of clinical outcome25. However, mechanistic details of this protection, as well as 

therapeutic options to limit it, remain poorly explored. In addition, ideas and approaches for 

overcoming this resistance remain quite scattered26-30. Our findings illuminated some of the key 

pathways in which CAFs could be mediating resistance to anti-cancer therapies in patients and 

enabled us to design novel approaches for combination therapies with promising potential to 

overcoming microenvironment-mediated therapeutic resistance.  
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Conclusions and Future Directions 

Although communication among cells is an essential part of embryonic development and 

tissue homeostasis, this phenomenon was vastly underappreciated in the realm of cancer 

biology until very recently. Interactions between heterogeneous cell populations were noticed by 

cancer biologists very early on, but the lack of general interest as well as proper tools prevented 

their thorough mechanistic investigations for many years.  

It is clear that intra-tumor heterogeneity and clonal cooperation can have a profound 

impact on therapeutic outcomes in cancer and it can also make the design of targeted therapies 

very challenging. As exemplified in microbial systems, cooperation may lead to interdependence 

and comes at both a metabolic and evolutionary cost31, and yet the benefits of maintaining intra-

tumor heterogeneity must outweigh the expenses32. Thus, our focus must be directed towards a 

more ecological therapy of cancers whereby mechanisms of clonal cooperation are identified 

and their modes of interaction are targeted rather than aiming for the elimination of all individual 

sub-clones33. Some also believe in shifting the balance of the cost-benefit ratio of intra-tumor 

heterogeneity and preventing recurrence by using treatment strategies to stimulate benign (or 

less altruistic) sub-clones to outgrow the potentially resistant sub-clones before adding 

therapeutic attack on the whole tumor34. These approaches will enable the elimination of not 

only the primary tumor but metastatic lesions as well. In addition, these could be extended to 

eliminate or inhibit the non-neoplastic populations within the tumor, such as CAFs, which 

otherwise can support the tumor growth or protect it from therapeutic onslaught.  

Another way to approach along these lines would be to identify the “common gooders” 

and eliminate them in a targeted fashion, eradicate the paracrine effectors, or remove the 

“public goods” that all the populations rely upon35-38. If the general tumor populations are not 

dependent on the targetable population, eliminating the latter has no effect on the overall tumor 

growth (Fig. 5.1A). However, if the neutral clones do depend on the targetable population, which 

can either be tumor cells or supportive stromal cells, perhaps due to some paracrine effect of 
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diffusible products or through the ECM, eradicating that population or blocking the factor itself 

could lead to tumor reduction39 (Fig. 5.1B). Recent advancements in technologies are enabling 

long-term and periodic monitoring of some cancer types via non-invasive liquid biopsies that 

analyze biomarkers, CTCs, or circulating tumor DNA (ctDNA) in the blood40-42. As the 

techniques of sample collection and analyses continue to improve, such data will be able to give 

insights into the heterogeneity of the primary tumor and its metastases and how these may 

change over time during treatment. It will be very beneficial if we can exploit such 

methodologies to decipher additional information about sub-clonal interactions, as well as 

interactions with the microenvironmental components, in order to get a more comprehensive 

understanding of a tumor. Whilst more knowledge about tumor ecosystems is accumulating, it is 

becoming increasingly clear that we will only be able to effectively eliminate the ever-evolving 

cancer populations and achieve lasting cures in patients if our therapeutic strategies incorporate 

intra-tumor heterogeneity and both homotypic and heterotypic interactions into their design.   
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Figure 5.1: Improving therapeutic design for heterogeneous tumors. A, Targeted therapies 

can fail to prevent tumor growth if the targeted sub-clone is “selfish” (dark blue) or has no 

influence on the behavior of other populations within the tumor. Even if there is an initial 

reduction in tumor size, the other “neutral” populations (light blue) that are non-responsive to 

therapy can keep growing and maintain the tumor leading to relapse. B, Better understanding of 

cooperative interactions may help us identify the non-cell autonomous drivers or “common 

gooder” sub-clones or a supportive stromal population(s) (red) that are promoting tumor growth 

by influencing nearby populations. If therapeutic interventions can eliminate these populations 

or mute their paracrine stimuli, the overall growth of the tumor could be stopped. At the very 

least, even if resistant populations eventually emerge, tumor relapse would be delayed under 

these circumstances. [Adapted from (Tabassum and Polyak, 2015)] 
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Supplementary Table A1: RX Summary Table.  

Inhibitor name Target Rx concentration Cell lines tested 
JAK Inh 1 Jak1,2,3, Tyk1 10 µM MDA453 
Ruxolitinib 
(INC424) JAK 1,2 5, 20, 40 µM  MDA453, SUM149 

NVP-BSK805 JAK 1,2 5, 10 µM MDA453, T47D, SUM149 
SAR302503 JAK2 1 µM MDA453 

    MK-2206 AKT 25, 200 µM MDA453 
NVP-BKM120 PI3K 2.5 µM MDA453 

BEZ235 PI3K, mTOR 20 nM MDA453 
Everolimus mTOR 5 µM MDA453 

NVP-BYL719 PI3K 10 µM MDA454 
Ly-294 PI3K 20 µM MDA455 

Wortmannin PI3K 5 µM MDA456 

    BMS-754807 IGFR 5 µM MDA453 
BGJ398 FGFR 2, 10 µM MDA453 
SGX523 c-Met 1 µM MDA453 

R428 Axl 10 nM, 50 nM MDA453 
Dasatinib Abl, Src, c-Kit 2 µM MDA453 

PP2 Src 5 µM MDA453 
ROCK inh ROCK 20 µM MDA453 
CXCR2 inh CXCR2 1, 200 nM MDA453 
Ly2157299 TGFBR2 10 µM MDA453 

Cyclosporin A Calcineurin 1 µM MDA453 

    Olaparib PARP 5 µM MDA453, SUM149 
Veliparib PARP 2.5, 5 µM MDA453, SUM149 

    CX-4945 CK2, CDK1 2 µM MDA453 
Palbociclib CDK4,6 5 µM MDA453 

    IOX2 PHD 50 µM MDA453 
KC7F2 HIF1a 20 µM MDA453 

Chetomin HIF1a 200 nM MDA453 
FG-4497 PDH 15, 30, 60 µM MDA453 
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Supplementary Table A1 (Continued) 

Inhibitor name Target 
Rx 

concentration Cell lines tested 
Salinomycin cancer stem cells 2.5, 5 µM MDA453, SUM149 

    trichostatin A (TSA) HDAC 250 nM MDA453 
Vorinostat (SAHA) HDAC 1 µM MDA453 
3-Deazaadenosine 

(3-DZA) SAH hydrolase 100 µM MDA453 
JQ1 BET 1 µM MDA453 

    AUY922 HSP90 1 µM MDA453 
NVP-HSP990 HSP90 250 nM MDA453 

    Verapamil L-type Ca channel 25, 50, 100 µM MDA453, SKBR3, UACC812 
Valspodar PGP 50 µM MDA453, Fb 
Elacridar PGP 50 µM MDA453, SKBR3, Fb 

    Cloroquine autophagy 10 µM MDA453 
BAPTA Ca2+ chelator 2 µM MDA453 

    
Nicotinamide 

 
5, 10, 20 mM 

MDA453, T47D, SUM149, 
MCF10DCIS, MCF7 

Nicotinic acid 
 

10 mM MDA453, SUM149 
Lactate 

 
50 mM MDA453 

Pyruvate 
 

40 mM MDA453 

Aminooxyacetate 
malate-aspartate 

shuttle 0.2, 1 mM MDA453 
FK866 NMPTRase  10, 100 nM MDA453 

    
Metformin 

Respiratory 
complex I 5 mM MDA453, SUM149 

Rotenone 
Respiratory 
complex I 100 nM MDA453, SUM149 

2-Deoxy-D-glucose 
(2-DG) Hexokinase 2.5 mM MDA453, SKBR3, SUM149 
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Supplementary Table A1 (Continued) 

Inhibitor name Target 
Rx 

concentration Cell lines tested 
3-

bromopyruvate 
(3-BP) Hexokinase 20 µM, 50 µM MDA453 

    
Ferrostatin 

Inhibitor of 
ferroptosis 2 µM MDA453, HCC1954 

NAC ROS inhibitor 15 mM MDA453 
BSO ROS inducer 100, 250 µM MDA453 

Erastin VDAC inhibitor 5, 10, 20 µM 
MDA453, HCC1954, SUM149, 

MCF10DCIS, MCF7 

    JZL184 MAGL 10 µM MDA453 

Pirfenidone 
Fibrosis, 

inflammation 1 mM MDA453 
Celecoxib Cox-2 5 µM MDA453 

Lovastatin 
HMG-CoA 
reductase 200nM, 1µM MDA453, HCC1954 

    ABT263 BCL2 5 µM MDA453, SUM149, MCF7, T47D 

ABT737 BCL2 5 µM 
MDA453, SKBR3, SUM149, SUM159, 

MCFDCIS, T47D, MCF7 

    FAK inh 14 FAK 25 µM MDA453 
PF-573228  FAK 2 µM MDA453, HCC1954 
PF-562271 FAK 5 µM MDA453, HCC1954 

3-
bromopyruvate 

(3-BP) Hexokinase 20 µM, 50 µM MDA453 

    
Ferrostatin 

Inhibitor of 
ferroptosis 2 µM MDA453, HCC1954 

NAC ROS inhibitor 15 mM MDA453 
BSO ROS inducer 100, 250 µM MDA453 

Erastin VDAC inhibitor 5, 10, 20 µM 
MDA453, HCC1954, SUM149, 

MCF10DCIS, MCF7 

    JZL184 MAGL 10 µM MDA453 

Pirfenidone 
Fibrosis, 

inflammation 1 mM MDA453 
 


