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In breast cancer, the presence of cells expressing basal epithelial markers is associated 

with a high risk of tumor invasion, metastasis and therapy resistance. It has therefore 

been proposed that specifically killing basal breast cancer cells would be beneficial for 

patients. However, clinically feasible methods for specifically targeting this population of 

cells have not been reported. This, in part, can be attributed to the limited understanding 

of the proteins and signaling networks uniquely active in basal tumor cells. Basal cells 

are difficult to characterize due to their relative rarity in tumors and the transience of 

their existence. Rather than being a fixed cellular state, basal cells are typically formed 
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through cellular plasticity, in which non-basal cells convert into basal cells, which can 

then revert to their original state.  

 

In this work, we enriched for basal cells using organotypic culture and then 

transcriptionally profiled each subpopulation of cells using single cell RNA-sequencing. 

We identified a unique transcriptional signature of invasive basal cells and discovered 

that it had significant overlap with the transcriptional signature of basal epidermal 

keratinocytes. Given that several transcription factors and pathways are known to 

regulate keratinocyte identity and function, we hypothesized that the same pathways 

are functional in basal tumor cells. To test our hypothesis, we first focused on retinoic 

acid signaling, which can be easily altered using pharmaceutical agents such as 

retinoids. As anticipated, activation of retinoic acid receptors suppressed transcription of 

several basal epidermal marker genes, but surprisingly lead to increased invasive 

behavior in 3D culture. Conversely, retinoic acid receptor antagonism prevented 

invasion and induced tumor cell death in 3D models of mouse and human breast 

cancers in which basal cells are present.  

 

We additionally tested the role of KLF4, a transcription factor required for proper 

epidermal barrier formation, in basal breast cancer cell invasion and viability. In a similar 

manner to retinoic acid addition, knock-down of KLF4 lead to decreased transcription of 

epidermal markers and increased rates of invasion in 3D culture. Overexpression of 

KLF4 induced cell death. Confirming the translational relevance of our findings, 
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treatment with a retinoic acid receptor inhibitor in-vivo prevented tumor outgrowth and 

metastasis in-vivo.  

 

Vitamin supplements, including those with the retinoic acid precursor vitamin A, are 

used by up to 70 percent of cancer patients. Further, retinoic acid has shown some 

clinical promise as an approach for treating breast cancer patients, although basal-like 

breast cancers appear to be resistant. Given our results, we wanted to determine 

whether basal breast cancers are not only resistant to retinoic acid, but are in fact more 

metastatic in the presence of excess vitamin A. To do so, we performed post-hoc 

analysis of two nutritionally annotated clinical cohorts of women tracked for over a 

decade. In these studies, vitamin A supplementation was associated with poor clinical 

outcomes specifically in patients with estrogen receptor-negative tumors, including 

earlier recurrence and mortality.  

 

In total, we have reported a transcriptional program present in invasive basal cells and 

have identified factors that regulate this program. Further analysis of our transcriptional 

data may reveal novel markers and vulnerabilities of basal breast cancer cells. 

Additional work is warranted to clarify patient populations in which vitamin A intake may 

be hazardous rather than beneficial or harmless.  
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INTRODUCTION 
 

Approximately one in eight women will receive a breast cancer diagnosis at some point 

in their lifetime 1. Advances in proactive screening and targeted therapies have 

significantly improved outcomes, resulting in a current 5-year survival rate of 

approximately 90% 1. Despite these advancements, it is projected that 42,780 patients 

will die from breast cancer in the United States in 2024 1. The majority of these deaths 

can be attributed to metastatic disease. 

Treatment options for patients with widespread disease are limited compared to those 

with localized disease. This is particularly true for patients with metastatic breast cancer, 

especially those with metastatic triple-negative breast cancer 2.  Many triple-negative 

breast cancer tumors contain a unique population of tumor cells characterized by high 

expression of basal cytokeratins such as keratin 14 (K14) and keratin 5 (K5), in the 

absence of the myoepithelial marker smooth muscle actin (SMA) 3. The presence of 

these cells is associated with increased rates of metastasis, collective cellular behavior, 

and poor outcomes 4. Targeting these basal epithelial cells through inhibition of markers 

such as K14 and integrin beta-1 (ITGB1) has been shown to prevent metastasis in pre-

clinical cancer models. However, clinically feasible methods for eliminating basal 

epithelial cells remain unknown. Given this, we aimed to transcriptionally characterize 

basal epithelial breast cancer cells to identify unique vulnerabilities of this cell type. 
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BACKGROUND 
 

Breast cancer staging 

Breast cancers are categorized by stage and subtype based on a variety of 

characteristics, which clinicians use to predict tumor behavior and guide treatment 

plans. The stage of breast cancer is primarily determined by the size of the tumor and 

the location of tumor cells. A smaller, relatively contained tumor will likely be assigned a 

lower stage. Conversely, if cancer cells have spread beyond the breast to distant sites, 

the cancer is considered metastatic and classified as stage IV5. Each increase in stage 

correlates with a reduced probability of survival2. 

Under ideal conditions, a contained breast tumor can be surgically removed through 

targeted surgery or a mastectomy. Localized cancer can also be effectively treated with 

radiotherapy6. However, surgery and radiation become significantly less effective when 

cancer cells have disseminated throughout the body. Unlike some cancer sites, the 

breast is not a vital organ, so disease within the breast or the loss of the breasts is not 

typically life-threatening. However, cancer growth in distant sites such as the lungs, 

liver, and brain can ultimately lead to the patient's death. Consequently, metastasis is 

responsible for the majority of breast cancer-related deaths. 

Unfortunately, early detection of breast cancer does not always prevent metastasis. 

Even after achieving remission, patients remain at risk of disease recurrence, which 

often presents at distant sites. Nearly 20% of patients with early-stage breast cancer will 

be diagnosed with metastatic disease within the first five years following surgical tumor 
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removal 7. Passing this five-year mark is a significant milestone for cancer survivors; 

however, even then, 14% of patients who were originally diagnosed with stage I breast 

cancer will experience distant recurrence within 5-20 years after remission8. 

 

Breast cancer subtypes 

In addition to staging, breast cancer is often classified into subtypes based on the 

presence of three proteins: estrogen receptor (ER), progesterone receptor (PR), and 

human epidermal growth factor receptor 2 (HER2). Tumors that are ER-positive, PR-

positive, or positive for both ER and PR are considered hormone-receptor positive. Up 

to 70% of breast cancers fall into this category and can be treated with therapies such 

as aromatase inhibitors and selective estrogen receptor modulators  (SERMs). Tumors 

that are HER2-positive may respond to HER2 inhibitors such as trastuzumab and can 

also be targeted with HER2 antibody-drug conjugates (ADCs) 6. 

If a tumor does not express ER, PR, or HER2, it is classified as triple-negative breast 

cancer (TNBC). Historically, TNBC has been treated with cytotoxic chemotherapies, but 

recent advancements have led to the development of more targeted therapies. TNBC is 

increasingly being divided into subclasses, several of which respond to specific 

inhibitors of pathways such as receptor tyrosine kinase signaling and DNA repair9.  In 

some cases, the use of immunotherapies such as PD-1 and PD-L1 inhibitors has 

proven successful 6 . 

Despite these advances, the 5-year survival rate for stage IV TNBC remains at 12.8% 2. 

This low survival rate reflects the unique challenge of treating TNBC in conjunction with 
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metastatic disease. There is a pressing need for safer and more effective therapies for 

these patients. 

Studying metastasis 

 
The process of cancer metastasis is traditionally described in a series of sequential 

steps termed “the metastatic cascade”. These steps include: 1) the invasion of tumor 

cells into adjacent tissue; 2) the intravasation of tumor cells into the bloodstream or 

lymphatic system; 3) the circulation of tumor cells within the vasculature; 4) the 

extravasation of tumor cells from a blood or lymph vessel into a new site; and finally, 5) 

cellular proliferation at the distant site 10,11. As with any cancer-related biological 

process, cancer cells can undertake a variety of versions of the metastatic cascade. 

However, to successfully colonize distant sites, they generally must complete the 

majority of these steps (Figure 0.1).  
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Figure 0.1 The metastatic cascade 

 

 

 

Appropriately, an immense amount of effort has been spent to understand the biology of 

metastasis, with the hopes of finding methods for prevention and treatment of 

metastases. Various dogmas exist for investigating new therapeutic strategies aimed at 

targeting metastatic disease. One approach involves identifying treatments that inhibit 

or eliminate tumor cells universally, irrespective of their anatomical sites. Alternatively, a 

more targeted strategy focuses on selectively eradicating metastatic cells during and 

after completion of metastasis. Such a strategy is grounded in the observation that 

cancer cells either inherently possess or acquire specific traits that facilitate their 

dissemination and proliferation in remote anatomical locations 12. This hypothesis—that 
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metastatic cells exhibit distinct properties, thus presenting unique susceptibilities— 

serves as the guiding principle for the research delineated in this thesis. 

 

The role of tumor heterogeneity in metastasis 

Each cancer is unique. While cancers can be generally grouped by various criteria, as 

discussed in the previous section, the field is moving towards a personalized medicine 

approach. This involves individually assessing each cancer for sensitivity to different 

therapeutics. Beyond the heterogeneity between patients, there is also significant 

heterogeneity within individual cancers. 

Tumors are composed of vast numbers of cells, ranging from millions to trillions. This 

large population of rapidly growing and evolving cells is highly heterogeneous. Within 

the tumor microenvironment, various cell types are present, including immune cells and 

stromal cells 13. Additionally, the transformed cells themselves exhibit extensive 

heterogeneity at multiple levels, including genetic, epigenetic, and phenotypic variations 

14. In any diverse population, certain cells acquire traits that provide them with an 

evolutionary advantage, while others are at a disadvantage. Other cells may acquire 

specialized traits that enhance their survival under specific conditions. 

One specific condition in which certain cells may become more adept at survival is the 

metastatic cascade. These cells are often referred to as metastasis-initiating cells 

(MICs) 12. One of the earliest reports of this phenomenon comes from Fidler and Kripke 

in 1977. In their study, individual clones derived from the B16 melanoma line were 

injected into the circulatory system of mice, allowing for the seeding of pulmonary 
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metastases. Supporting their hypothesis that some cells are more likely to produce 

metastases, certain clones generated large numbers of metastases, while others 

produced few. When daughter cells from these clones were separated into new lines, 

the metastatic potential of the lines was maintained 15. 

This foundational work has been followed by a series of publications reporting that 

certain cellular clones or cell lines are highly metastatic compared to others 16-19. These 

findings have prompted numerous studies aimed at identifying differences between 

highly and poorly metastatic cells, with the goal of discovering a core set of metastasis-

driving characteristics 20. 

Instead of a single central mechanism for metastasis initiation, several distinct 

mechanisms have been identified. For instance, in a study of breast cancer patients, 

metastases were found to exhibit a higher overall genetic mutational burden, often 

including mutations in six cancer driver genes 21. This concept has been further 

developed using larger datasets of metastatic cancers across various types. A 2020 

study confirmed that metastases possess widespread genetic mutations without a 

specific pattern, leading the authors to conclude that metastasis may coincide with 

genetic instability 22. 

Tumor cells can also undergo epigenetic alterations that facilitate metastasis. For 

example, increased activation of the epigenetic modification protein EZH2 can 

downregulate tumor suppressor expression and promote the invasiveness and 

metastasis of melanoma cells 23 . Methylome signatures of cancer cells have been 

found to be predictive of metastasis in breast cancer cohorts 24. This concept is further 
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supported by studies of transcriptional signatures in cancer metastasis, which can even 

predict the location of metastasis 25,26. For instance, melanoma cells that express high 

levels of the lactate transporter MCT1 can uptake more lactate from their environment 

during circulation, which supports their metabolic activity and increases the likelihood of 

metastasis 27. 

Beyond changes in genetic landscapes and transcription, cells can exhibit signaling 

differences that enhance their resilience during metastasis. For example, cells with 

increased activity of HIF proteins, which protect the cell from death, are more likely to 

survive the hypoxic conditions encountered during circulation 28. Additionally, breast 

cancer cell lines with heightened ERK and PI3K signaling are more invasive and 

metastatic 29. 

While no specific cell state has been ubiquitous or specific enough to justify a pan-

cancer anti-metastasis therapy, it may be possible to identify the most likely metastatic 

cell populations on a per-patient basis and inhibit them. 

 

Plasticity promotes heterogeneity and metastasis 

Around the same time as studies highlighting metastasis-adept populations, Greenburg 

and Hay reported that under certain conditions, differentiated adult epithelial cells could 

convert into a mesenchymal cell state 30. This process, known as Epithelial to 

Mesenchymal Transition (EMT), is now understood to occur without genetic mutation, 

but rather through regulation of signaling cascades and epigenetics 31. During EMT, 
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epithelial cells lose their cell-cell and cell-matrix attachments and often become 

migratory. It did not take long for this concept to be linked to tumor invasion and 

metastasis 32. Follow-up work confirmed that EMT is indeed common in tumors of 

epithelial origin and plays a significant role in metastasis 33,34. 

Thus, a new paradigm for metastasis was established: one in which epithelial cells 

undergo EMT, detach from the tumor, and migrate to blood vessels through which they 

travel to distant sites. At these distant sites, the cells can revert to a proliferative 

epithelial state in a process termed Mesenchymal to Epithelial Transition (MET). This 

model has largely stood the test of time, albeit with some refinements and caveats 35. 

A particularly important implication of the EMT model is that every tumor cell, regardless 

of genetics, may have the potential to become highly metastatic. To effectively target 

this form of metastasis, it is not sufficient to find cells that have already undergone EMT; 

preventing the conversion of epithelial cells to mesenchymal cells is crucial. 

In a classic case of EMT, tumor cells completely detach from the tumor, move into the 

surrounding tissue, and transform into cells with a stretched out morphology and 

abundant membrane protrusions. These cells begin expressing mesenchymal markers 

such as Vimentin and N-cadherin while downregulating epithelial markers such as E-

cadherin and epithelial cytokeratins 35. As is the case with nearly any cancer-related 

biological phenomenon, there are exceptions to the theory of EMT-driven metastasis. In 

some cases, these cells are categorized as hybrid-EMT cells, which maintain both 

epithelial and mesenchymal properties, benefiting from the pro-metastatic and pro-
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survival advantages of each 33,36. Additionally, there are many tumors with little-to-no 

evidence of EMT that are still highly metastatic.  

Cases of metastasis occurring in the absence of EMT have prompted efforts to identify 

alternative forms of cellular plasticity that may drive metastasis 37,38. Such plasticity can 

take many forms. For example, colorectal cancer cells can become more or less stem-

like by altering the expression of Lgr5, enabling them to shift cell states and proliferate 

39. Melanoma cells can transition towards a fatty acid oxidation state through changes in 

Yap signaling, which facilitates colonization of lymph nodes 40. In some breast and 

melanoma cancers, tumor cells can adapt to become less dependent on anchorage by 

expressing genes typically found in hematopoietic cells 41. In pancreatic cancer, basal 

cells can upregulate podoplanin expression to support invasion and metastasis 42. 

Cellular plasticity is often the result of a cell responding to changes in its environment, 

and can be induced through a variety of stimuli. The tumor microenvironment, 

composed of a multitude of cell types and extracellular proteins, can be at times a 

master regulator of tumorigenesis and cancer behavior 43. This is particularly true in the 

case of cancer invasion, wherein the initiation, path, speed, and mode of migration are 

all altered in response to microenvironmental cues. Such cues include the matrix fibers 

and proteins, the stiffness of the matrix, signaling molecules secreted by nearby cells, 

systemic signaling molecules, and physical contact with neighboring cells 44,45. The 

ways in which the environment alters tumor cell state are being uncovered at an 

astounding rate, and will no doubt our understanding of these interactions will continue 

to evolve. For instance, recent work has discovered that neurons within the tumor 
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microenvironment can signal to epithelial tumor cells, opening up a new field of cancer 

biology 46. 

The pro-metastatic plastic cell state examined in this work is characterized by the 

maintenance of an epithelial phenotype and high expression of the basal epithelial 

keratin 14 (K14). These cells are referred to as basal epithelial tumor cells or K14+ 

cells. 

Basal epithelial cells in solid cancers 

Before describing our cells of interest, it is essential to define the identity of "basal 

cells." Normal breast ducts are composed of a bi-layered epithelium. The inner, or 

"luminal" layer of cells lines the inside of the ducts and contains cells responsible for the 

secretion of milk. The outer, or "basal" layer consists of myoepithelial cells, which form a 

barrier around the luminal cells and can contract to propel milk through the ducts. 

Myoepithelial cells are considered a form of basal epithelial cells since, similar to other 

epithelial tissues, these cells are in contact with the basement membrane and express 

canonical basal epithelial markers such as K14 and K5. Myoepithelial cells uniquely 

express smooth muscle actin (aSMA), a protein often associated with contractile 

smooth muscle cells, such as those in blood vessels 47.  

In the healthy mammary gland, myoepithelial cells are formed as cap cells - the leading 

cells during mammary gland branching - differentiate and lose motility. Upon injury, or 

conditions requiring mammary gland remodeling such as pregnancy, luminal cells are 

believed to be the primary source of new myoepithelial cells. However, some recent 
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work has shown that in some contexts, myoepithelial cells may de-differentiate and act 

as a source for luminal mammary gland cells 48,49.  

While investigating the identity of collectively invading cells, Cheung et al. discovered 

that invasive cells, particularly those at the leading edge of invasion, known as "leader 

cells," exhibit high production of K14. Unlike normal basal cells of the breast, these 

collectively invading cells do not express aSMA and occasionally co-express luminal 

cell markers 3  (Figure 0.2). 

 

Figure 0.2 Basal and Luminal cells in mammary glands and breast cancer 

 

Subsequent investigations revealed that K14-positive cells are not only present in 

invasive strands but also in circulating tumor cells and metastases, suggesting a 

potential role for K14 cells throughout the metastatic process. Indeed, when K14 levels 

were reduced in tumors using short hairpin RNA (shRNA)-mediated degradation, 

metastasis was significantly reduced in transplant models of breast cancer 4. This 
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finding indicates that K14 is not simply a marker of invasive basal cells, but that the 

intermediate filament plays a functional role in metastasis.  

In addition to breast cancer, K14-positive  (K14+) cells have been identified as a 

particularly aggressive cell population in various solid tumor types, including lung, 

bladder, and ovarian cancers. Moreover, K14+ cells have been associated with 

additional aggressive traits such as chemoresistance and recurrence (see Table 1). 

This is not a universal trait of solid tumors however, and there are cases in which 

luminal cells are the more aggressive cell type, particularly in prostate cancers 50-52. 
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Table 1  

Cancer type Experimental 
model 

Basal cells associated 
with: 

Basal cell 
markers 

Ref. 

Prostate benign prostate 
cells and 
expression data 

Proneural differentiation, 
therapy resistance, poor 
survival 

Trop2+ 
CD49f(Itga6)hi 

53 

Non-small cell 
lung  

tissue microarray Poor survival, metastasis K14 54 

Lung 
adenocarcinoma 

tissue microarray, 
in-vivo transplants 

Poor survival, metastasis K14 55 

Breast 3D culture and in-
vivo transplant 

Invasion, metastasis K14 56 

Breast 3d culture invasion K14 57 

Breast tissue IHC metastasis K14 58 

Ovarian 3D culture and 
tissue microarray 

Invasion, poor survival K14 59 

Ovarian tissue IHC poor survival, 
chemoresistance 

K5 60 

Ovarian 3D culture chemoresistance K14 61 

Bladder expression data, in-
vivo transplants,  

Poor survival  K14, CD90, CD44, 
CD49f 

62 

Bladder 3D culture, tissue 
IHC 

chemoresistance EPCAM, K14, K5, 
p40 

63 

Oral tissue IHC poor survival K14 64 

Renal cell tissue IHC poor survival, high grade, 
disease stage 

K14 65 

Salivary gland  3D culture, tissue 
IHC 

invasion, metastasis, 
recurrence 

K14 66 

 

While basal cells are observed as a stable population in certain instances, in many 

models the basal cell state is plastic and reversible. For example, in the PyMT model of 

breast cancer, tumor cells adopt a basal state specifically when in contact with a 

collagen I matrix. This basal state is subsequently lost when cells are suspended or 

transferred to a basement membrane extract such as Matrigel. In this case, cell state is 

controlled, at least in part, by transcriptional mechanisms. This is made obvious through 
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reporter systems using the Krt14 promoter to drive expression of GFP-bound actin, 

which is preferentially activated in basal cells in contact with Collagen I 3.  

 

Basal epithelial cells in collective metastasis 

Unlike cells that have undergone full EMT, which tend to metastasize individually, basal 

epithelial cells typically maintain adhesion to groups of cells 3,4. This observation 

suggests that basal epithelial tumor cells play a role in collective metastasis, where the 

metastatic process is facilitated by a cohesive group of cells rather than individual cells. 

Collective metastasis was recognized as early as the 1950s but has gained significant 

attention in recent years as a crucial cancer process. It is now understood that cells 

traveling in groups are more likely to survive circulation and rapidly develop into 

aggressive metastatic lesions compared to solitary cells. The efficiency of metastasis by 

tumor cell clusters can be attributed to several factors, elaborated upon in 

comprehensive reviews 67,68. These factors include the ability of clustered cells to 

provide mutual support through signaling, evade immune detection more effectively, 

and withstand mechanical stresses encountered during circulation. 

The clinical significance of collective tumor cell behavior is underscored by its impact on 

patient outcomes. Patients harboring circulating tumor cell clusters face a significantly 

higher risk of cancer-related mortality, reported to be 2 to 15 times greater than that of 

patients without such clusters 67,68. 
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Several insightful studies have demonstrated that circulating tumor cell clusters often 

originate from groups of cells simultaneously exiting the primary tumor 4,69. These 

investigations emphasize the critical importance of comprehending collective behavior 

within the primary tumor to disrupt the dissemination of tumor cell clusters. 

As previously mentioned, the potential involvement of K14+ cells in invasion and 

metastasis was elucidated through studies conducted by Cheung et al 3,4. These studies 

systematically explored the role of K14+ cells in various stages of the collective 

metastatic process, including invasion, circulation, and outgrowth. Basal epithelial cells 

were notably identified in collectively invading strands, particularly at the forefront of 

these strands. Moreover, K14+ cells were enriched within circulating tumor cell clusters 

and multiclonal metastases, subsequently diminishing in prevalence as more luminal-

like cells proliferated at the distant site. Knockdown experiments targeting K14 alone 

effectively reduced collective invasion in 3D culture models and prevented metastasis in 

preclinical mouse models, invoking a supportive role of K14+ cells in metastasis. 

Given the pivotal role of basal epithelial cells in collective metastasis, targeted inhibition 

of these cells holds promise for mitigating cancer spread through both cell-autonomous 

and non-cell-autonomous mechanisms. 

 

Identifying unique vulnerabilities of epithelial basal cancer cells 

To effectively inhibit K14+ cells, it is crucial to elucidate the cellular mechanisms 

underlying basal cell invasion, survival, and metastatic seeding. Keratin 14 expression 
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itself may play a pivotal role in conferring metastatic potential to basal epithelial cells. 

Keratins are integral to both cell-cell and cell-matrix adhesion processes 70. Notably, 

studies have demonstrated that expression of keratin 14 and keratin 5 alone can restore 

cell-cell adhesion in cultured keratinocytes lacking all type-I keratins, highlighting keratin 

14's potential as a central mediator of the collective behaviors observed in basal 

epithelial cells 71. However, the function of K14 likely involves complex interactions with 

various junctional and structural proteins, adapting dynamically to specific cellular 

contexts. 

Of significant consideration in therapeutic development, basal keratins are 

indispensable components of epithelial cells and systemic inhibition could lead to 

severe side effects 70. Addressing this challenge requires uncovering unique 

interactions involving keratin 14 in basal tumor cells or other proteins upregulated in 

unison with K14. Exploring the cellular mechanisms that promote the K14+ cell state 

may reveal novel traits exploitable in therapeutic strategies. If for instance, K14 is 

upregulated through pathways unique to cancers, then such pathways could be 

inhibited while sparing normal tissue.  

Beyond K14, basal invasive cells have other reported molecular dependencies such as 

the transcription factor p63 3. p63 plays a pivotal role in breast cancer, but similarly to 

K14 has proven to be a poor drug-target candidate. It is likely that there are additional 

proteins or protein functions specifically required by invasive basal cells that may be 

more specific to the context of cancer than known markers.  
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STUDY RATIONALE 
 

In this study, we aimed to understand the transcriptional program of basal leader cells 

and the signaling pathways that drive it. We reasoned that this knowledge would enable 

us to identify new therapeutic targets to either inhibit the function of invasive basal cells 

or to prevent them from forming all together. Since leader cells are a rare and plastic 

population, studying them can be difficult. Organoid culture of MMTV-PyMT tumor cells 

has proven to be a method for enhancing the ratio of basal leader cells to luminal cells 

while maintaining similar invasive behavior to a tumor in-vivo 3. Several approaches 

have been developed to isolate rare cells from organoid culture, but we felt each 

required extraneous biological perturbations to an already partial model of a tumor. 

These include use of tools such as photoconvertible tags that can be used to mark and 

isolate specific cell populations chosen by the investigator. Previously, K14+ cells were 

isolated for RNA sequencing using the Krt14promoter-GFP-actin reporter, which 

provided an incomplete view of basal markers without capturing heterogeneous 

populations 3,4. For these reasons, we chose to investigate the transcriptional program 

of basal leader cells using single cell RNA sequencing (scRNA-seq) across a time 

course of invasion. This approach allowed us to be unbiased in cell selection since all 

organoid cells were sequenced. Further, the addition of time points allowed us to 

investigate the continuum of cell states that exist as invasion progresses. The results of 

this sequencing data formed the basis for the studies described in this thesis.  
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SUMMARY PARAGRAPH 

Tumor cells are highly plastic and transition into cell states that endow increased 

metastatic potential and drug resistance. This phenotypic plasticity is often considered a 

therapeutic challenge but could in principle introduce new vulnerabilities. In breast 

cancer, tumor cells that adopt basal epithelial phenotype are associated with collective 

migration and aggressive metastatic behavior. Here we show that basal breast tumor 

cells acquire a skin epidermis-like gene program rendering them vulnerable to 

regulators of epidermal differentiation, the natural process that forms the layer of dead 

skin cells on the body surface. Suppression of epidermal terminal differentiation 

pharmacologically via the vitamin A metabolite, all-trans retinoic acid, or genetically by 

KLF4 loss-of-function, markedly enhanced directed cell migration and proliferative 

potential in breast tumor organoid models. Conversely, retinoic acid receptor 

antagonists or KLF4 overexpression, which classically induce terminal cornification in 

skin, robustly blunted invasion, caused apoptosis, and increased keratin production. A 

transcriptional epidermal cornification signature was highly predictive of retinoic acid 

pathway responsiveness in mouse and human breast tumor models. In-vivo, treatment 

with retinoic acid receptor antagonists potently suppressed primary tumor growth, lung 

metastatic seeding, and outgrowth of established metastases. In independent 

epidemiologic studies, intake of vitamin A supplements was associated with increased 

risk of breast cancer recurrence. Our results reveal that basal phenotype breast tumor 

cells harbor a latent skin-like epidermal program. These highly metastatic cells thrive on 

vitamin A retinoids, and forced epidermal differentiation is a therapeutic strategy for their 

eradication. 
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MAIN 

Highly plastic tumors harbor a continuum of cellular states, some of which confer 

selective advantages during critical phases of local invasion and metastatic spread 72-75. 

A key goal of cancer biology research is to uncover the molecular architecture of cell 

plasticity and in turn, devise ways to control or eradicate these cells, thereby limiting 

metastasis and mortality 38,76-79.  

Collective cell migration has emerged as a major mechanism for the local spread 

of cancer cells across solid tumor types and is associated with distant metastasis 3,80-84. 

During collective cell invasion, leading cancer cells display distinct molecular properties, 

such as states along epithelial-mesenchymal transition (EMT) axis, or expression of a 

basal epithelial lineage program 74,85,86. In addition to guiding collective cell migration, 

breast tumor cells with basal phenotype also support early metastatic seeding and 

colonization3,74,87-93. In treatment contexts, basal-like tumor cells become enriched upon 

chemotherapy and endocrine therapy94-96 and act as a reservoir for drug resistance and 

tumor regrowth97,98. And among breast cancer subtypes, basal-like tumor cells are 

particularly enriched in triple-negative breast cancers (TNBC) 99-101, which have poor 

clinical prognosis and propensity to metastasize. Together, these findings highlight the 

potential benefit of therapeutically targeting basal tumor cells to better eradicate breast 

tumors and prevent their successful metastasis. Yet compared with EMT states 102-109, 

the key molecular vulnerabilities of basal tumor cells are not understood.  

In the present study, we set out to investigate the dynamics of cell plasticity 

giving rise to basal leader cells in breast cancer. Through integrating mouse and human 

breast tumor organoid models, mouse models of metastasis, and clinical epidemiologic 
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evidence, we uncover a skin epidermal-like cell state, particularly enriched in triple-

negative breast tumors, rendering these tumor cells exquisitely sensitive to retinoic acid 

receptor signaling mediated differentiation and keratinization-associated cell death. 

 

RESULTS 

Basal breast tumor cells co-express epidermal genes in mouse and human breast 

cancers 

When breast tumor organoids are embedded in a 3D collagen I matrix, cells at the 

tumor matrix interface gain migratory features and invade collectively into the 

surrounding microenvironment 3,82,83,110,111. It has been shown previously that leader 

cells in both human and mouse breast cancers can arise from phenotypic plasticity in 

which cells acquire a basal epithelial molecular phenotype 3. 

Here we used single cell RNA sequencing (scRNA-seq) to interrogate the 

transcriptional dynamics of cell plasticity giving rise to basal leader cells in breast 

cancer. Mammary tumor organoids were isolated from the Mouse Mammary Tumor 

Virus Polyomavirus Middle-T (MMTV-PyMT) mouse model, which forms spontaneous 

aggressive mammary tumors and frequently metastasizes. Transcriptionally, MMTV-

PyMT tumors show similarity with human luminal B subtype breast cancers and breast 

tumors with low estrogen receptor expression 112-114. MMTV-PyMT tumor organoids 

embedded in 3D collagen rapidly formed cell protrusions that matured into multifocal 

invasive strands that were quantified by invasion index (Fig. 1a-b; Ext data 1a) 110.  

 These events coincided with leading cells acquiring progressive expression of 

basal epithelial markers including cytokeratin-K14 (K14), indicating tumor cell plasticity 
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(Fig. 1c). Three time points were selected for single cell RNA sequencing (0, 16 and 72 

hours). Tumor organoids were extracted from the matrix, dissociated into single cells, 

encapsulated and barcoded for downstream library preparation and RNA sequencing 

(10X Genomics), altogether yielding RNA profiles for 9,661 cells. Each biological 

replicate was analyzed separately and merged together, with similar results (Methods). 

Uniform manifold approximation and projection (UMAP) clustered tumor cells together 

by time point, while bifurcating into luminal and basal-like lineages. Further, Krt14+ cells 

became more abundant over time, indicating that the basal leader cell program is 

transcriptionally regulated (Fig. 1d-e; Ext data 1b). 

To better define the basal leader cell state, we next identified genes whose 

expression was most correlated with Krt14 transcript levels across all cells (Fig. 1f, 

Supplementary Table 1). To our surprise, gene set enrichment analysis of transcripts 

positively correlated with Krt14 revealed enrichment of genes related to cornified 

envelope formation, epidermal differentiation, and epidermal morphogenesis, while 

transcripts inversely correlated with Krt14 related to brown fat differentiation and cell 

motility (Fig. 1g-i; Ext data 1b-c). Likewise, unsupervised annotation using the Mouse 

Cell Atlas annotated Krt14-high cells as neonatal skin keratinocytes 115 (Ext data 1e), 

indicating that basal tumor cells transcriptionally resemble cells of the epidermis. In 

contrast, Krt14 transcript level were not correlated with either smooth muscle gene 

expression, a hallmark of mature myoepithelial cells, or mesenchymal gene expression, 

associated with EMT 31,116,117 (Fig 1j-k; Ext data 1d).  

Epidermal gene programs were top enriched gene sets in basal tumor cells in 

scRNA-seq datasets of invading organoids tumors from the highly invasive C3(1)Tag 
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mouse model of basal-like breast cancer 110 (Fig1l, Ext data 1f). Extending these results 

further, we found that Krt14 was correlated with epidermal differentiation programs in 

scRNA-seq of in-vivo tumors from three mouse models of breast cancer, MMTV-PyMT, 

C3(1)Tag, and Pten-Myc 110,118-120 (Fig. 1l; Ext data 2g, Supplementary Table 2). Finally, 

we determined epidermal gene set enrichment in 47 human breast patient tumors from 

two human breast tumor scRNA-seq atlases 121,122  (Fig 1l). In both human datasets, 

basal tumor cells frequently co-expressed epidermal genes, particularly in tumors with 

triple-negative receptor status and PAM50 basal molecular subtype. (Ext data1h-i). 
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Figure legend on following page. 
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Figure 1: Basal breast tumor cells co-express epidermal genes in mouse and human 
breast cancers 
a) Representative DIC microscopy time-lapse images of MMTV-PyMT mammary tumor 
organoids invading into 3D collagen I. b) Calculated invasion index of individually tracked 
organoids over time denoted in blue. N=37 organoids, 2 tumors. Median index denoted in red. 
c) Representative micrograph of Keratin 14 and DAPI immunofluorescence. d-e) scRNA-seq 
was performed on invading PyMT mammary tumor organoids at 0, 16 and 72 hours, n=2 
biological replicates. UMAP for replicate 1 of cell-cycle regressed scRNA-seq data, labeled by 
time (d) and Krt14 transcript expression (e). f) All detected genes sorted by correlation of 
expression with Krt14 expression on per single cell basis. The 1% of genes with the highest 
correlation are colored in red, while the 1% with lowest correlation are colored in blue. Genes of 
interest are highlighted.  g) Top 5 gene sets enriched for in the top 1% of genes correlating with 
Krt14, sorted by p-value. Calculated with Metascape. See supplementary table 1 for gene set 
enrichments. h-k) UMAPs representing gene module scores calculated in Seurat using selected 
gene sets. Pearson R values denote correlation between each gene module score and Krt14. l) 
Heatmap showing Krt14 and gene set co-expression in mouse and human tumors. scRNA-seq 
reported from two mouse organoid models, three mouse tumor models, and 47 human breast 
tumors. Krt14 expression is colored by normalized Krt14/KRT14 expression averaged across all 
tumor epithelial cells in the sample. Gene set values are colored by correlation of gene module 
score with Krt14 across all epithelial tumor cells. See supplementary table 2 for values. 
 
 
Classical inducers and suppressors of epidermal differentiation regulate invasion 

dynamics and cell viability.   

In skin, keratinocytes undergo a process of stratification and terminal differentiation, 

giving rise to a cornified rigid and crosslinked layer of dead cells at the outer surface of 

the epidermis 123,124. One major regulator of epidermal differentiation state is signaling 

by retinoic acid receptors (RARs), which are nuclear hormone receptors that bind 

vitamin A-derived metabolites to activate gene transcription  125-129. 

Natural and synthetic retinoic acid derivatives are used widely for a variety of 

dermatologic conditions to promote epidermal hyperproliferation and prevent terminal 

cornification130,131. Conversely, vitamin A deficiency causes epidermal keratinocytes to 

undergo excessive cornification, which is associated with glandular-to-squamous 

metaplasia 132,133. Thus, vitamin A, through its metabolite, all-trans retinoic acid (AtRA), 
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activates RAR signaling and opposes epidermal differentiation, while deficiency of 

vitamin A reduces RAR signaling to promote differentiation (Fig 2a). 

Given that basal breast tumor cells resemble an epidermal-like cell state, we next 

asked how basal breast tumor cells would respond to regulators of epidermal 

differentiation. We examined the effects of retinoic acid signaling on MMTV-PyMT tumor 

organoid dynamics using AtRA to induce retinoic acid receptor (RAR) activity, and the 

retinoic acid receptor inhibitor, pan-RAR reverse agonist BMS493 (RARi) to mimic 

retinoic acid deficiency (Fig 2b) 134, at typical dose ranges used to modulate keratin 

expression 135,136. Within 72 hours, both agents elicited striking responses. AtRA-treated 

organoids at doses ranging from 0.1 to 5 µM produced greater numbers of collective 

invasion strands, that were also longer and narrower, when compared to control (Fig 

2c-d; Video 1). In contrast, organoids treated with RARi had little to no collective 

strands at end point, and organoids dissociated into rounded-up single cells that were 

stationary (Fig 2c,e; Video 1).  

 To quantify individual cell dynamics, we next transduced tumor organoids with a 

nuclear H2B-GFP reporter, and tracked individual cells by confocal microscopy (Ext 

data 2a, Video 2). Surprisingly, single cell migration tracking revealed that AtRA did not 

increase net individual cell speed. Rather, AtRA increased cell persistence indicating 

improved net efficiency of directional collective migration (Ext data 2b-k). RARi 

treatment, however, led to decreased distance traveled and speed of individual cells, 

with evidence of nuclear blebbing and fragmentation (Ext data 2b-k, Video 2). 

 Since our observations in RARi treated organoids were consistent with cell 

death, we assessed viability and apoptosis of treated organoids using CellTiter-Glo and 
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Caspase3/7-Glo, respectively. Our results indicate that RARi treatment reduced viability 

and increased caspase activity in a dose dependent manner, with an IC50 of 6.0 µM 

(Fig. 2g,i). Interestingly, response curves for AtRA were biphasic, with increased 

viability and reduced caspase activity at lower doses, followed by reduced viability and 

increased caspase activity at high doses with IC50 of 9.0 µM (Fig 2f,h). These results 

indicate that AtRA treated organoids, specifically at low doses, are less prone to 

apoptosis and more highly proliferative or metabolically active. 

 To confirm that retinoic acid receptor activity regulates invasion, we expanded 

our drug panel to include two additional retinoic acid sources: 9-cis-retinoic acid (9-cis-

RA) and retinyl palmitate. We observed increased invasion upon treatment with 9-cis-

RA, which can bind and activate RARs directly, but as expected, no significant 

difference in invasion when organoids were exposed to retinyl palmitate, which is the 

storage form, normally enzymatic processed into retinoic acid by hepatic stellate cells 

(Ext data 3a-b). In our invasion scRNA-seq dataset, RAR transcript expression was 

broadly uniform throughout the uMAP (Ext data 3c-e). When treated with specific 

inhibitors for RARa, RARb and RARg isoforms using BMS614, LE135, and LY2955303, 

respectively 134,137-139, tumor organoids had reduced invasion, indicating that RAR 

nuclear receptor inactivation, via one or more isoforms, is necessary for repression of 

invasion and tumor cell survival (Ext data 3f-h).  
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Figure 2. Retinoic acid signaling supports invasion and viability in MMTV-PyMT 
organoids 
a) Schematic depicting the role of retinoic acid receptors in epidermal differentiation and 
cornification. Figure made with Biorender. b) Representative DIC microscopy time-lapse images 
of MMTV-PyMT mammary tumor organoids invading into 3D collagen I treated with either 1 µM 
AtRA or 5 µM RARi (BMS493). Due to the short half-life of retinoids, drugs were refreshed every 
48 hours. c) Invasion index of MMTV-PyMT organoids exposed to increasing concentrations of 
AtRA. n ³ 45 organoids per dose, 3 biological replicates. P-values calculated with Dunnett’s 
multiple comparison test after one way ANOVA. d) Invasion index of MMTV-PyMT organoids 
exposed to increasing concentrations of RARi. n ³ 40 organoids per dose, 3 biological 
replicates. P-values calculated with Dunnett’s multiple comparison test after one way ANOVA. e-
f) Relative viability determined by CellTiter-Glo luminescence of organoids exposed to various 
concentrations of AtRA (e) or RARi (f) for 72 hours. All three biological replicates plotted as 
points, while curve is drawn as a spline function.  g-h) Relative caspase activity determined by 
Caspase-Glo luminescence of organoids exposed to various concentrations of AtRA (g) or RARi 
(h) for 72 hours. All three biological replicates plotted as points, while curve is drawn as a spline 
function. 
For all figures with p-values indicated by asterisks, * P ≤ 0.05, ** P ≤ 0.01, *** P ≤ 0.001, **** P 
≤ 0.0001. ns indicates non-significant comparisons. Boxplot represents median, 25th percentile 
and 75th percentile, whiskers extend from min to max. 
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Cornification signature is predictive of AtRA induced invasion and proliferation, 

and RARi induced cell death in mouse and human breast tumor organoid models 

Given the robust effects of retinoic acid signaling perturbations in the MMTV-

PyMT organoid model, we next sought to determine the generality of this response. We 

chose two models for further study: C3(1)/tag, a mouse model of basal breast cancer, 

and MMTV-Neu a model of luminal breast cancer. By timelapse imaging, C3(1)/Tag 

organoids treated with AtRA displayed a pronounced increase in invasion, including in 

some cases shattering of organoids to individually highly migratory cells (Fig. 3a-b and 

Video 3). By CTG assay, C3(1)tag organoids had reduced cellular viability in response 

to RARi with an IC50 of 155 nM (Fig 3c). In contrast, MMTV-Neu, the luminal model, 

had minimal responses to either AtRA or RARi (Fig. 3a-c and Video 4). Given the 

marked differences between models, we next hypothesized these models might have 

differences in epidermal gene expression. To answer this question, common mouse 

models of breast cancer were ranked by the epidermal cornification signature identified 

from scRNA-seq (Fig 3d, Supplementary Table 2) 140. This demonstrated that 

C3(1)/Tag organoids were among top scoring model for epidermal signature, whereas 

MMTV-Neu scored the lowest. 

To extend these results further, we next asked whether epidermal cornification 

signature was predictive of AtRA and RARi response in human breast tumors. Human 

patient derived breast tumor organoids with RNA-seq data were ranked by cornification 

score 141 (Fig 3e). Two TNBC models were tested, TNBC216 and TNCB237, to 

represent high and moderate epidermal cornification scores, respectively.  We treated 

each with AtRA and RARi and determined invasion by collagen assay and CellTiter-Glo. 
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We found that invasion rates in both tumor organoid lines were responsive to AtRA and 

BMS493 (Fig 3f-g, Ext data 4a-b, Videos 5, 6). In a similar manner to the mouse 

model organoids, TNBC216 – which had the higher cornification score - was more 

sensitive to RARi than TNBC237 (Fig 3h). Taken together, these data indicate that 

cornification epidermal transcriptional signature is predictive of AtRA induced invasion 

and RAR inhibitor induced cell death in both mouse and human breast cancer organoid 

models.  
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Figure 3. Epidermal gene expression predicts response to retinoic acid receptor 
signaling perturbations in mouse and human breast tumor organoids. 
a) Representative endpoint DIC microscopy timelapse images of basal-like C3(1)/Tag or luminal 
MMTV-Neu mammary tumor organoids embedded in 3D collagen at treated with either 1 µM 
AtRA or 5 µM RARi (BMS493). b) Invasion indices of C3(1)/Tag and MMTV-Neu organoids 
treated with either 1 µM AtRA or 5 µM RARi. n ³ 90 organoids per condition. P-values calculated 
using Dunn’s multiple comparison test after Kruskal-Wallis test. Boxplot represents median, 25th 
percentile and 75th percentile, whiskers extend from min to max. 
c) Relative CellTiter-Glo luminescence of C3(1)/Tag and MMTV-Neu organoids treated with a 
dose range of RARi. Curve was drawn with a spline equation. n = 3 passages of organoids on 
different days. d) Cornification scores calculated for mouse models of breast cancer using bulk 
tumor RNAseq. Tukey boxplots used. e) Cornification scores calculated for several PDX models 
of breast cancer using bulk tumor RNAseq. Figure legend continues on following page. 
f) Representative endpoint DIC microscopy timelapse stills of TNBC216 and TNBC237 tumor 
organoids embedded in 3D collagen at treated with either 1 µM AtRA or 5 µM RARi. g) Invasion 
indices of TNBC216 and TNBC237 organoids treated with either 1 µM AtRA or 5 µM RARi. n ³ 
20 organoids per condition, 3 technical replicates. P-values calculated using Dunn’s multiple 
comparison test after Kruskal-Wallis test. Boxplot represents median, 25th percentile and 75th 
percentile, whiskers extend from min to max. h) Relative CellTiter-Glo luminescence of 
TNBC216 and TNBC237 organoids treated with a dose range of RARi. Curve was drawn with a 
nonlinear inhibition equation in prism. n = 3 passages of organoids on different days. 
note: For all figures with p-values indicated by asterisks, * P ≤ 0.05, ** P ≤ 0.01, *** P ≤ 0.001, 
**** P ≤ 0.0001. ns indicates non-significant comparisons. 
 

RAR activation in breast tumor organoids limits epidermal differentiation and 

keratinization 

Given the specificity of RAR signaling in epidermal-like breast cancer models, we next 

asked how RAR signaling modulates gene expression on a molecular level. To address 

this question, we performed RNA-seq on AtRA and RARi treated PyMT organoids. As 

expected, canonical retinoic acid response gene Cyp26a1 and RAR target genes were 

strongly induced by AtRA treatment and reduced by RARi treatment in a dose 

dependent manner (Ext Data 5a-b). By PCA plot, AtRA treatment induced large scale 

changes in gene expression, whereas RARi induced more modest changes, likely due 

to widespread cell death associated with RARi (Ext Data 5c). Top gene programs 

induced by AtRA included genes involved in O-linked glycosylation, ER protein 

processing, and fat-soluble vitamin/retinol metabolism (Fig 4a, Ext data 5f). Notably, 
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tumor cells retained epithelial gene expression and did not induce markers of canonical 

EMT or myoepithelial cells (Ext data 5d-e). Top gene programs suppressed by AtRA 

included genes involved in epidermis development, barrier establishment, and hair 

follicle development (Fig 4b). These gene sets localized to invasive cells in our single 

cell RNAseq data, whereas the AtRA upregulated gene set localized to early timepoint 

cells (Ext data 5g-j). Consistent with the effects of AtRA in cultured keratinocytes 142-144, 

genes associated with epidermal terminal differentiation were uniformly downregulated 

by AtRA (Fig 4c) which we further confirmed on an RNA level by qPCR for Krt14, Krt5, 

and Krt6a (Ext Data 5k, and by immunofluorescence for K14 and K17 (Ext data 6d-e). 

Conversely, RARi treated organoids displayed increased expression of basal keratins 

K14 and K17 (Ext data 6d-e), and to a lesser extent AE13, an antibody reactive with 

hair keratins  (Ext data 6f). Taken together, these observations reveal that retinoic acid 

signaling induces a non-EMT migratory program and limits epidermal differentiation and 

keratinization.   

 

Genetic effects of perturbing epidermal differentiation factor KLF4 in breast 

cancer organoids. 

To complement these pharmacologic perturbations, we next sought to test the effect of 

regulating epidermal differentiation state genetically. In MMTV-PyMT tumor organoids, 

top basal leader associated transcription factors included KLF4, which is required for 

formation of the cornified skin barrier (Fig 4d) 145-148. In MMTV-PyMT organoids, KLF4 

knockdown suppressed transcription of epidermal genes, including Krt6a, 14, and Tp63 

(Fig 4e-f) . K14 was also downregulated on a protein level (Ext data 7a). Functionally, 
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KLF4 knockdown markedly increased collective invasion (Fig 4 g-h, and Video 7). 

Conversely, despite many attempts, constitutive KLF4 overexpression under antibiotic 

selection was not tolerated in MMTV-PyMT tumor organoids. To rule out transduction 

inefficiency, we generated a doxycycline inducible KLF4 overexpression vector and 

stably integrated this vector in MMTV-PyMT organoids. Inducing KLF4 expression with 

doxycycline markedly reduced invasion, decreased viability (Fig 4 e, g-i and Video 8), 

and markedly increased epidermal gene expression (Fig 4f). It should be noted that 

MMTV-PyMT organoids lose invasive capacity if passaged or kept in culture for the 

amount of time necessary for transduction and selection, leading to a reduced level of 

invasion in controls. KLF4 knockdown did not lead to changes in Cyp26a1 expression, 

indicating that reductions in KLf4 do not likely impact RAR activity (Ext data 

7b).However, AtRA treatment did lead to reductions in Klf4 transcripts, indicating RAR is 

a regulator of Klf4 (Ext data 7c).  Together, these data reveal multiple routes for 

perturbing epidermal differentiation state that when applied to basal breast tumors 

potently regulate their collective invasion and tumor cell viability.  



 46 

 

 

Figure legend on following page. 
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Figure 4. Regulation of collective invasion and viability by genetic and pharmacologic 
regulators of epidermal differentiation. 
a-b) Top gene programs upregulated (a) and downregulated (b) by 1 µM AtRA exposure for 72 
hours in MMTV-PyMT organoids embedded in 3D collagen. Bulk RNAseq data gene set 
enrichment analysis performed with Metascape. c) Specific epidermal marker transcripts from 
bulk RNAseq of vehicle and AtRA treated organoids. For each gene transcript, counts were 
additionally normalized to the mean of controls. n = 4 biological replicates. P-values calculated 
from differential expression analysis with DEseq R package.  d) uMAP showing transcription of 
Klf4 in scRNA-seq of invading MMTV-PyMT organoids, along with Klf4 stain in invading 
organoids. scale bar = 20 µm. e) qPCR validation of Klf4 knockdown and overexpression. Bars 
represent mean of all replicates (points) with SD. N = 3 biological replicates. P-values calculated 
using fishers test after one-way ANOVA. f) Relative expression of selected epidermal markers in 
the context of Klf4 knockdown and overexpression. N = 3 biological replicates. P-values 
calculated using Fisher’s test after one-way ANOVA.  Bars represent mean of all replicates 
(points) with SD. g) Representative DIC images of organoids at start and endpoint in collagen in 
the context of Klf4 knockdown and overexpression. Scale bar = 50 µm. h) Invasion indices for 
Klf4 knockdown and overexpression organoids. n ³ 60 organoids per condition, 3 biological 
replicates. P-values calculated with Kruskal-wallis test following one-way ANOVA. i) CellTiter-
Glo luminescence values of TRE-KLF4 organoids with and without doxycycline. n = 3 biological 
replicates, performed in triplicate. Controls for each technical replicate were compared to 
average of the two. P-values calculated with ratio paired T-test.  
note: For all figures with p-values indicated by asterisks, * P ≤ 0.05, ** P ≤ 0.01, *** P ≤ 0.001, 
**** P ≤ 0.0001. ns indicates non-significant comparisons. Boxplots represents median, 25th 
percentile and 75th percentile, whiskers extend from min to max. 
 

RAR signaling antagonism markedly inhibits tumor growth and metastatic 

progression in vivo 

We next tested the effect of suppressing retinoic acid signaling in vivo. To do so, we first 

transplanted MMTV-PyMT tumor organoids into immunocompromised NSG mice and 

then upon reaching 200 mm2 in size, began treatment with a 4-week course of vehicle 

or RARi (BMS493) 40mg/kg given intraperitoneally (i.p.) three times weekly. In vivo, 

shutting off RAR signaling markedly suppressed tumor outgrowth and prevented the 

formation of spontaneous metastasis (Fig. 5a-c, Ext data 8a). Importantly, RARi was 

well tolerated, with no differences in weight between treatment conditions and no 

marked differences in histology of contralateral normal mammary glands (Ext Data 8b-

c). By H&E, tumor histology was consistent with poorly differentiated carcinoma in both 
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control and RARi treated tumors. However, RARi treated tumors were much smaller and 

had markedly fewer areas of necrosis, a histologic feature associated with metastatic 

dissemination (Fig 5d-f) 149. Given the effect of RARi on basal keratin expression in 

organoids, we next performed immmunohistochemical staining of tumors for K14. This 

revealed a change in cellular organization and composition. In control tumors, K14+ 

cells were located at the basal edges of tumors, while in RARi tumors, K14+ cells were 

spread throughout the tumor (Ext data 8d). Numerically, total K14+ cells were less 

abundant but accounted for relatively higher percentage of cells (Ext data 8e), and 

mean K14 expression was decreased on individual cell basis with RARi treatment (Ext 

data 8f).  

Extending these results further, we next performed a preclinical study of RARi in 

immunocompetent MMTV-PyMT mice harboring spontaneous tumors. In the 

immunocompetent setting, RARi led to symptoms of xerophthalmia, a common side 

effect of vitamin A deficiency 150, precluding long-term treatment. Notably, short term 

RARi also suppressed tumor growth and necrosis in immunocompetent MMTV-PyMT 

mice (Ext data 8g-j). 

Given the strong impact of RARi on primary tumors, we next sought to define 

effects of RARi on metastatic colonization. We injected fluorescently tagged MMTV-

PyMT clusters into the tail veins of NSG mice, and after 3 days, initiated treatment with 

RARi for 2 weeks and thereafter, assessed for metastatic burden. RARi markedly 

reduced the number and size of metastases (Fig. 5g-h). Next, to model the impact on 

already established metastases, we injected MMTV-PyMT tumor cells into tail veins of 

NSG mice, and thereafter allowed the metastases to grow for two weeks before 
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initiating a 3-week course of RARi. Likewise in the already-established metastasis 

setting, RARi treatment markedly reduced metastatic tumor burden (Fig. 5g,i).  

Complementary orthotopic transplant and experimental metastasis studies were 

conducted treating mice with AtRA at a dose chosen in the range given to acute 

promyelocytic leukemia patients (12 mg/kg, 3x weekly). In these experiments, no effect 

of AtRA on tumor growth or metastasis was observed in these mice fed a vitamin A 

sufficient diet (Ext data 8k-m). In total, these data show that RAR signaling 

suppression, not activation, markedly inhibits tumor growth, metastatic seeding and 

metastatic progression in an aggressive mouse model of breast cancer.  
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Figure 5 Retinoic acid receptor inhibition suppresses tumor growth and metastasis in-
vivo  
a) Schematic depicting timeline for orthotopic transplant experiment. Made with Biorender. b) 
Fold change in tumor growth over time in mice treated with either vehicle or BMS493. n = 10 
mice per treatment. P-values calculated using Mann-Whitney Test. c) Total macro-metastatic 
area visible on the outside of the lungs of mice by fluorescent detection of tumor cells at 
endpoint. n = 10 mice per treatment. P-values calculated using Mann-Whitney Test. d-e) 
Representative whole and zoomed images of H&E stained sections of tumors from mice treated 
with either vehicle (d) or BMS493 (e). Sections marked with “N” depict large necrotic regions.  f) 
Percent of total tumor area that was necrotic in mice, quantified by nuclei density in qupath. n = 
10 mice per treatment. P-values calculated using Mann-Whitney Test. g) Schematic depicting 
experimental timelines for prevention and treatment tail-vein experimental arms. h) Total macro-
metastatic area visible on the outside of the lungs of mice by fluorescent detection of tumor cells 
at endpoint. n = 5 mice per treatment. P-values calculated using Mann-Whitney test. i) Total 
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macro-metastatic area visible on the outside of the lungs of mice by fluorescent detection of 
tumor cells at endpoint. n = 5 mice per treatment. P-values calculated using Mann-Whitney Test. 
note: For all figures with p-values indicated by asterisks, * P ≤ 0.05, ** P ≤ 0.01, *** P ≤ 0.001, 
**** P ≤ 0.0001. ns indicates non-significant comparisons. Boxplots represents median, 25th 
percentile and 75th percentile, whiskers extend from min to max. 
 

Vitamin A supplement intake is associated with recurrence and mortality in ER-

negative breast tumors  

Given the robust effects of vitamin A signaling on basal breast tumor cell invasion and 

proliferation in our experimental models, we next asked whether vitamin A supplement 

intake was associated with recurrence and mortality in patients with history of breast 

cancer. To answer this question, we evaluated the clinical impact of vitamin A 

supplement intake within two observational cohort studies. The first was the Quilt Study, 

an NCI-funded, population-based prognostic cohort of women with invasive breast 

cancer. These study participants were ascertained through the Seattle/Puget Sound 

SEER cancer registry from 1997-1999, were interviewed multiple times, had extensive 

medical record reviews, and were monitored for cancer mortality and recurrence for 

over two decades 151. Quilt Study participants diagnosed with breast cancer at ages 65-

79 years (n=975) also previously participated in a case-control study that included 

interviews with questions on longitudinal supplement use up to the time of breast cancer 

diagnosis152. In this study, among ER negative breast cancer cases, we observed that 

vitamin A intake was associated with a 4.2-fold increased risk of breast cancer 

recurrence (95% CI, 1.5-11.6), compared to women who used other supplements. The 

was no association of vitamin A supplement intake with breast cancer recurrence 

among women with ER positive tumors (HR=1.0, 95% CI, 0.4-2.4). In alignment with our 

mechanistic studies in vitro and in vivo, the interaction of ER status with vitamin A 
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associated breast cancer recurrence was statistically significant (P-value of 

interaction=0.04), indicating that the increased risk associated with vitamin A was 

confined to women with ER-negative tumors. We also observed a 2.3-fold increased 

risk of breast cancer-related mortality (95% CI, 0.7-7.4) (Fig. 6a-b, Supplementary 

table 3) associated with vitamin A intake among women with ER negative tumors, 

whereas no such association was observed for women with ER positive tumors. 

 Extending these results further, we next examined incidence of breast cancer in 

relation to vitamin A intake. Notably, when the 975 cases were compared to the 1,007 

age- and county-matched controls without breast cancer from the PACE Study 153,154, 

Vitamin A use before diagnosis was associated with a 3.0-fold increased risk of ER-

negative breast cancer (95% CI 1.6-5.8) but was not associated with risk of ER-positive 

breast cancer (odds ratio=0.9, 95% CI 0.6-1.3; p-value for difference in estimates < 

0.01). Taken together, these findings provide epidemiologic support for the association 

of vitamin A intake, tumor incidence and metastatic potential specifically in ER-negative 

breast tumors.  

The second observational cohort analyzed was the Pathways Study, an NCI-

funded, prospective cohort of 4,504 Kaiser Permanente Northern California (KPNC) 

members with a history of breast cancer 155. Women were diagnosed from 2005-2013, 

enrolled on average about two months of their diagnosis, and followed for breast cancer 

recurrence and mortality through 2021. At baseline at the time of enrollment and after 6 

and 24 months of follow-up, participants completed questionnaires on their use of 

vitamin A and beta-carotene supplements. Analyses examined whether timing or 

duration of vitamin A and/or beta-carotene supplements before and after a breast 
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cancer diagnosis were associated with different risks of recurrence or mortality (Figures 

6c-f, Ext data 9a-b). Among women who used any dietary supplements at baseline, 6 

or 24 months, we observed a 1.56 increased risk of breast cancer recurrence (95% 

CI=1.01-2.42) in women who took vitamin A and/or beta-carotene before and after 

diagnosis and a 1.61 increased risk of recurrence (95% CI=1.08-2.41) in women who 

took vitamin A and/or beta-carotene for 3 or more years prior to their diagnosis relative 

to women who did not use vitamin A and/or beta-carotene supplements 

(Supplementary Table 4). Similar associations were observed examining only breast 

cancer related mortality [use before and after diagnosis: HR=1.45 (95% CI=0.89-2.37); 

use for 3 or more years: HR=1.45 (95% CI=0.91-2.31)] but estimates were not 

statistically significant, likely due to fewer events for mortality than overall recurrence. 

These findings suggest that longer duration of exposure to vitamin A and/or beta-

carotene may increase risk of recurrence and death in women with history of breast 

cancer. In our examination by ER-status, we observed no differences in risk of 

recurrence between vitamin A and/or beta-carotene users among women with either 

ER-negative [HR=0.85 (95% CI=0.40-1.83)] or ER-positive [HR=1.26 (95% CI=0.93-

1.69] breast cancer (p-value for interaction=0.35). While these findings contrast with the 

Quilt study's findings, differences may be due to different ER-subtype ascertainment 

methods between cohorts and/or advances in breast cancer therapies from the time 

Quilt participants were treated to when Pathways participants were treated. 
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Figure 6. High dose vitamin A supplementation correlates with poor outcomes in ER- 
breast cancers 
a-b) Kaplan-Meier curves for time to recurrence (a) or cancer related mortality (b) after breast 
cancer diagnosis, stratified by ER status and Vitamin A supplement use among PACE/Quilt 
Study participants ages 65-79 at diagnosis. Vitamin A supplement use included supplements 
named vitamin A, beta-carotene, and/or cod liver oil. Figure legend continued on following page. 
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c-d) Unadjusted Kaplan-Meier curves for time to breast cancer recurrence (c) or breast cancer 
mortality (d) stratified by years of vitamin A and/or beta-carotene supplement use prior to breast 
cancer diagnosis among Pathways Study participants.  
e-f) Unadjusted Kaplan-Meier curves for time to breast cancer recurrence (e) or breast cancer 
mortality (f) stratified by starting, stopping, and continuing vitamin A and/or beta-carotene 
supplement use at time of breast cancer diagnosis among Pathways Study participants. 
 

DISCUSSION 

Tumor cell plasticity is linked to metastatic aggression and therapy resistance, but could 

also introduce latent vulnerabilities amenable to therapeutic attack. In this study, we 

employed single cell transcriptomics in invasive breast tumor organoids to reveal the 

molecular cartography of basal epithelial plasticity. This revealed that basal breast tumor 

cells harbor a transcriptional program resembling skin epidermis. In turn, this molecular 

map yielded a prediction for directing tumor cellular state transitions. By perturbing 

epidermal differentiation programs pharmacologically or genetically, we induced potent 

changes in basal tumor invasion, proliferation, and cell survival. We conclude that in 

basal breast tumors, RAR signaling is a molecular rheostat that promotes a hyper-

migratory and proliferative phenotype, and when suppressed, induces terminal 

epidermal differentiation, hyperkeratinization, and acute cell death. 

 In addition, this study advances recent conceptual understanding of cell plasticity 

states and their relation to collective migration 38,110,156-160. AtRA induces increased 

directed cell migration and a hypermigratory phenotype, yet this molecular transition 

appears distinct from classical EMT 35,91,161. The importance of intermediate states 

along the EMT spectrum is relevant for understanding dynamics along the continuum of 

metastatic stages 33,34,85,158,162. Here, our data suggest the existence of cellular states 

along an epidermal differentiation spectrum that variably contribute to collective 

invasion, and that potentially links tumor cell migration to programs of epidermal wound 
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repair 143,163. In addition, recent studies indicate the benefit of pushing mesenchymal 

cells past the point of no return- such as via PPARg agonists to drive metastatic cells 

toward adipocyte differentiation 103,109. Our data show that antagonizing the RAR 

signaling pathway induces a similarly favorable effect by irreversibly directing basal 

breast tumor cells toward an epidermal differentiated fate, thereby limiting their invasive 

and metastatic potential. We suggest that patients with basal breast tumors, a molecular 

phenotype particularly enriched among poor-prognosis triple-negative breast cancers 

101,164,165, are candidates for RAR antagonists and other therapies under the umbrella of 

cornification inducing therapies. In other tumor types such as acute promyelocytic 

leukemia and pediatric neuroblastoma, retinoic acid is a potent differentiation-inducing 

agent 76. We suggest different therapeutic paradigms ought to be applied when 

considering distinct tumor context, cell-of-origin, and developmental potential. 

 A question of particular importance is how environmental and dietary exposures 

might modulate differentiation state in breast tumors with basal phenotype. Over 70% of 

patients with history of breast cancer are reported to take dietary supplements, many of 

which include vitamin A and many at average doses exceeding Institute of Medicine 

guidelines 166,167. Importantly, the health impact of retinoids and other vitamin A 

derivatives, which are plentiful in the developed world, has remained controversial. Our 

experimental and epidemiologic data provide a framework for thinking about vitamin A 

exposures, in which tumor molecular phenotype modifies this exposure risk. In tumor 

models with basal epidermal phenotype, AtRA had large tumor invasive and promoting 

effects; in tumors with luminal characteristics, the effect was negligible. Vitamin A may 

produce exposure dependent transcriptional signatures that when paired with other 
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genetic profiles 168-171 better predict recurrence risk and therapy response. This study 

sets the stage now for future work to understand how these risks might be tailored on 

an individual level, requiring an understanding of how retinoid intake (both natural 

metabolites and synthetic derivatives) modify risk, at what levels, and in which 

molecular cancer contexts. 
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METHODS 

Animal models 

All mice were maintained under specific pathogen-free conditions, and experiments 

conformed to the guidelines as approved by the Institutional Animal Care and Use 

Committee of Fred Hutchinson Cancer Center (FHCC). FVB and MMTV-PyMT (FVB/N-

Tg(MMTV-PyVT)634Mul/J) were obtained from Jackson Labs. NSG (NOD skid gamma) 

mice were bred by Fred Hutchinson Cancer Center shared resources.  

 

Mouse organoid preparation and culture 

Organoids were isolated from MMTV-PyMT, C3(1)TAg, or MMTV-Neu mouse mammary 

tumors as previously described (Nguyen-Ngoc et al., 2015, Wrenn et al., 2020). Mice 

were harvested as the largest tumor neared 1-2 cm in diameter. Mammary tumors were 

dissected, minced with a scalpel, and then digested in a collagenase-trypsin solution for 

30–60 minutes shaking at an angle at 100–150 rpm at 37°C. The digestion solution 

contained 2 mg/mL collagenase (Sigma C2139), 2mg/mL trypsin (GIBCO 27250–018), 

5% fetal bovine serum, 5 µg/mL human insulin (Sigma-Aldrich I9278), 50 µg/mL 

gentamicin (GIBCO 15750–060) in 20 mL of DMEM/F12. After digestion, larger tumor 

fragments were removed by allowing them to settle in the tube, while the remaining 

solution was moved to a new tube. Single cells and debris were removed from the 

smaller fragment solution by centrifuging for 4 seconds at 450 g to isolate multicellular 

organoids, then resuspended in 10 mL DMEM/F12. This was repeated for a total of 4 

washes. For suspension culture, clusters were cultured in non-adherent dishes in 

organoid media: DMEM/F12 (Thermo Fisher 10569044), 1% Penicillin-Streptomycin 
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(Sigma-Aldrich P4333), 1 % ITS-X( Thermo Fisher 51500056), 220 ng/mL hFGF-Basic 

(Peprotech 100-18C), and 2% (v/v) reduced growth factor Matrigel (#). Tips and tubes 

used to handle organoids were first coated in 2.5% BSA in DPBS to prevent loss of 

material.  

 

Human organoid preparation 

TNBC216 (J000106527/ BCM-3469) and TNBC237 (J000106528/ BCM-2147) patient 

derived xenografts (PDXs) were obtained from Jackson labs and maintained in mice by 

the preclinical modeling core lab at Fred Hutch Cancer Center. After tumor collection, 

tumors were processed into organoids using the same methodology as used for mouse 

tumor organoids, above.  

 

All PDX organoids were cultured in suspension in media previously published (cite) 

containing Advanced DMEM/F12, 5% FBS, 1X HEPES, 1X Glutamax, 1 ug/mL 

hydrocortisone, 0.1 µg/mL gentamicin, 10 ng/mL human EGF, 10 µM Y-27632, 100 

ng/mL FGF2, 1 mM NAC and 5% (v/v) reduced growth factor matrigel.  

 

Preparation of rat-tail collagen 

Our collagen preparation protocol was developed with guidance from Dr.  Kayla Bayless 

(Bayless et al 2009), and adapted from Bornstein et al 1958 and Rajan et al 2006.  

Freeze dried rat tails were purchased from Pel-freez and stored at -80°C. For collagen 

preps, two tails were thawed at room temperature in 70% ethanol. Sections of tail were 

progressively removed, pulling the collagen fibers from the tail. The collagen fibers were 
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cleaned in water, then cut into small pieces and dissolved in 0.1% acetic acid (Millipore 

Sigma A6283, dissolved in sterile ultra-pure water) for 8 days at 4°C, occasionally 

centrifuging the collagen and collecting the supernatant. All collected supernatant was 

split into 50 mL conical tubes and frozen in dry ice. The collagen was then lyophilized 

with the assistance of the Proteomics and Metabolomics Core at the Fred Hutchinson 

Cancer Center. The dried collagen was then weighed and reconstituted at a 

concentration of 4.5 mg/mL in 0.1% acetic acid.  

 

3D collagen culture of organoids or spheroids for invasion 

Organoids were embedded in 1.5 mg/mL collagen gels, which were prepared from the 

4.5 mg/mL rat-tail collagen described above using protocols previously published 

(Cheung et al 2013). 4.5 mg/mL collagen was diluted to 1.8 mg/mL in 0.1% acetic acid. 

This was then mixed with 10X DMEM, 1 N NaOH, and ultrapure water at the following 

ratio: 1 mL collagen (1.8 mg/ml): 100 µL 10X DMEM: 32 µL NaOH: 66.66 µL H2O. This 

mixture was allowed to polymerize at 4°C and was then mixed with organoids at a 

concentration of ~180 organoids/100 µL. Glass-bottom 24 well plates were prepared by 

plating 40 µL of collagen (without organoids) in the center of each well to be used. The 

plate was placed at 37°C for 5-10 minutes to allow the collagen disks to polymerize, 

after which 100 µL of the collagen/organoid mixture was plated on top as a dome. This 

was allowed to polymerize for an additional 45-60 minutes at 37°C. After complete 

polymerization, 1 mL of organoid media (described in organoid culture section, without 

Matrigel) was added to each well.  
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In-culture drug studies 

BMS493 (Medchemexpress, HY-108529) and all-trans retinoic acid (AtRA, Stem cell 

technologies 72262) were reconstituted in DMSO. For treatment, drugs were further 

diluted in DMSO to achieve a 1000x concentration of each desired dose, which was 

then diluted (1:1000) in the appropriate media for the cells being treated. This was then 

added to the media of 3D collagen cell cultures. Since retinoids are light-sensitive and 

unstable, treated cells were kept from bright light exposure and the drug containing 

media was changed every 48 hours.  

 

3D culture DIC time-lapse imaging  

Differential interference contrast (DIC) time-lapse images were captured hourly using a 

Leica SPE at 10X magnification, while temperature was maintained at 37°C and CO2 at 

5%. 

 

Invasion index  

After 3 days of invasion in collagen, organoids were fixed in 4% PFA in PBS for 12-15 

minutes at room temperature and stored at 4°C. 10X magnification DIC images of fixed 

organoids were acquired on a Leica SPE microscope. Using Fiji, the area of the total 

organoid and the center of the organoid were outlined and measured. The center area 

was subtracted from the total area, leaving the invasive area of the organoid. This was 

divided by the total area to calculate the fraction of the organoid that was invasive, or 

the invasion index.  
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Time-lapse fluorescent single cell tracking  

For single cell tracking, membrane tomato (mTmG) MMTV-PyMT organoids were 

sparsely transduced with a H2B-GFP lentiviral vector generously provided by the 

Paddison Lab at FHCC. Fluorescent time lapse images were acquired every 20 minutes 

using an Andor CSU-W confocal spinning disk on a Leica DMi8 inverted microscope at 

20X magnification. Temperature was maintained at 37°C and CO2 at 5%. Z-stacks were 

max-projected and stabilized in Image-J. CellProfiler 172 was used to track nuclei.  

 

Viability and caspase assays 

50 µL of collagen containing 30 organoids were plated into each well of opaque white 

96-well plates following the 3d collagen protocol detailed above. After plating, cells were 

incubated with 95 µL of Matrigel-free organoid media. In a separate round bottom 96-

well plate, compounds were serially diluted 3-fold from max concentration in media to 

achieve a 20X drug concentration. 5 µL of 20X drug was then added to each well. 

Maximum concentration of BMS493 was 20 µM while maximum concentration of AtRA 

was 30 µM. A no-cell control, vehicle control, and puromycin control were included. All 

conditions were plated in triplicate. After 72 hours, CellTiter-Glo 3D (Promega)  and 

Caspase3/7-Glo 3D (Promega) kits were used according to instructions and 

luminescence was read on a BioTek Synergy H1 Hybrid Multi-Mode Reader. After 

reading, the no-cell control background was subtracted from all wells. Each well reading 

was normalized to the average luminescent signal of the vehicle control and then were 

averaged, representing one replicate. Vehicle control and puromycin control were used 

as upper and lower constraints, respectively, for IC50 calculation.  
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3D culture immunofluorescence 

At the appropriate end point for 3D collagen cell culture experiments, media was 

removed and PBS was added for 5-10 minutes. Afterwards, 1 ml 4% paraformaldehyde 

was added to each well of the 24-well plate that contained cells for 12 minutes at room 

temperature. Afterwards, collagen gels were washed twice with PBS and stored at 4°C 

until staining. To permeabilize the cells, 0.5% triton-x (diluted in DPBS) was added to 

each well for 1 hour. The gels were then blocked with 0.1% triton-x, 10% fetal bovine 

serum (FBS), and 1% bovine serum albumin (BSA) for 3 hours at room temperature or 

overnight at 4°C. Primary antibodies were then diluted as instructed in the same 

blocking solution and added to the gels for 3 hours at room temperature or overnight at 

4°C. The gels were then washed with DPBS 3 times for 10 minutes each. Secondary 

antibodies were diluted in 5% host serum (in DPBS) and added to the collagen gels for 

1 hour. The gels were then washed 3 times with DPBS again. Confocal mages were 

acquired using an Andor CSU-W confocal spinning disk on a Leica DMi8 inverted 

microscope. 

 

Single cell RNA sequencing 

Organoids were produced as described above and cultured for 48 hours in 2% Matrigel 

organoid media. For the 0h timpoint, a subset of organoids were collected and 

dissociated to single cells by submersing in accumax (Stem Cell Technologies # 0792)  

for 10-15 minutes with occasional mixing by pipette. For the other two timepoints, 

organoids were plated in 3.75 mg/ml collagen I using the protocol above. At the 
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appropriate time, organoids were removed from collagen gels using collagenase(1 

mg/ml, MilliporeSigma C2139) in DMEM/F12 for 5-10 minutes. Afterwards, organoids 

were dissociated to single cells in accumax. Dissociated cells were spun down, 

resuspended in PBS, and filtered through a 40 µm size filter. Cells were then counted 

using a countess, and resuspended in freezing media (Organoid media with 20% FBS 

and 10% DMSO) at a concentration of 1 million cells per 500 uL. Cells were shipped to 

Genewiz (Azenta Life Sciences) and sequenced on the 10X 3’ platform. Alignment and 

pre-processing were performed by Genewiz using 10X protocols.   

 

Single cell RNA sequencing data analysis 

Seurat V4 173 was used for processing and analysis of count matrices generated by 

10X. Cells containing fewer than 500 detected genes or more than 10% mitochondrial 

genes were filtered out to discard low quality and dead cells respectively. Data was then 

log-normalized using Seurat normalization with a scale factor of 2000. 2000 variable 

features were determined using Seurat vst method. Stromal cells were defined and 

filtered out using the markers Col1a1, Fabp4, and Epcam and removed from data to 

allow for analysis of epithelial tumor cells. After each replicate and time point were 

processed as stated above, timepoints from individual replicates were merged. For each 

timepoint-merged biological replicate, cell cycle regression was performed using Seurat, 

after which data was scaled using standard Seurat protocol. UMAP figures were made 

by performing Seurat principal component  analysis with 20 principal components, 

followed by UMAP projection with uwot method. To find genes correlating with Krt14, 

biological replicates were merged, and then correlation was performed on a matrix of 
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gene expression in each cell. The highest and lowest 1% of genes correlating with Krt14 

were used as input for gene set enrichment analysis with metascape. Gene module 

scores were made with gene set lists reported in metascape after analyzing genes 

highly correlated with Krt14 (Supplementary table #1). Mouse cell type annotation was 

performed using scMCA 115.   

 

Public dataset analysis 

Each additional dataset used for figure 1 and extended figures 1 and 2  was processed 

in the same manner as our original data unless pre-processing had already occurred. 

For heatmap production, each dataset sample was summarized by average Krt14 

expression and the correlation of Krt14 with each gene set module score. Values were 

plotted using ComplexHeatmap 174.  

 

qPCR 

Organoids were removed from collagen gels using collagenase (1 mg/ml, 

MilliporeSigma C2139) in DMEM/F12  at 37°C for 5-10 minutes. The organoids were 

then washed with PBS, and spun down at 300 xg for 5 minutes. RNA was then 

extracted from the organoid pellet using the RNAeasy kit (Qiagen) according to 

manufacturer instructions. All RNA was quantified using a Nanodrop and stored at -

80°C. cDNA was produced using the SuperScript IV VILO kit according to instructions. 

All qPCR primers were ordered from Millipore-Sigma (KiCqStart predesigned primers). 

qPCR was run with PowerUp Sybr Green master mix following instructions using a 

primer concentration of 200 nM.  
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RNA-seq 

Organoids were embedded in 3D collagen and treated with either BMS493 at a 

concentration of 5 µM or AtRA at a concentration of 1 µM for 72 hours. Doses were 

chosen to capture maximal phenotypic changes while cell viability was maintained. RNA 

was extracted from organoids as described above for qPCR. RNA was sent to Genewiz 

(Azenta) for sequencing and processed as follows: 

 

Total RNA samples were quantified using Qubit 2.0 Fluorometer (Life Technologies, 

Carlsbad, CA, USA) and RNA integrity was checked with 4200 TapeStation (Agilent 

Technologies, Palo Alto, CA, USA). Samples were initially treated with TURBO DNase 

(Thermo Fisher Scientific, Waltham, MA, USA) to remove DNA contaminants. The next 

steps included performing rRNA depletion using QIAseq® FastSelect™−rRNA HMR kit 

(Qiagen, Germantown, MD, USA ), which was conducted following the manufacturer’s 

protocol.  

 

RNA sequencing libraries were constructed with the NEBNext Ultra II RNA Library 

Preparation Kit for Illumina by following the manufacturer’s recommendations. Briefly, 

enriched RNAs are fragmented for 15 minutes at 94°C. First strand and second strand 

cDNA are subsequently synthesized. cDNA fragments are end repaired and adenylated 

at 3’ends, and universal adapters are ligated to cDNA fragments, followed by index 

addition and library enrichment with limited cycle PCR. Sequencing libraries were 

validated using the Agilent Tapestation 4200 (Agilent Technologies, Palo Alto, CA, USA), 
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and quantified  using Qubit 2.0 Fluorometer (ThermoFisher Scientific, Waltham, MA, 

USA) as well as by quantitative PCR (KAPA Biosystems, Wilmington, MA, USA). The 

sequencing libraries were multiplexed and clustered on one lane of a flowcell. After 

clustering, the flowcell was loaded on the Illumina HiSeq 4000 instrument according to 

manufacturer’s instructions. The samples were sequenced using a 2x150 Pair-End (PE) 

configuration.  

 

Image analysis and base calling were conducted by the HiSeq Control Software (HCS). 

Raw sequence data (.bcl files) generated from Illumina HiSeq was converted into 

FASTQ files and de-multiplexed using Illumina's bcl2fastq 2.17 software. One mismatch 

was allowed for index sequence identification. 

 

RNA-seq analysis.  

Prior to alignment, RNA-seq reads were trimmed using Trim Galore to remove adapter 

sequences and low-quality bases, and read quality was confirmed using fastQC. 

Trimmed reads were aligned to the Mus musculus genome using STAR 175. Paired 

reads with both mates aligning to the genome were counted at the gene level using 

feature Counts for downstream differential expression analysis.  

 

Differential expression analysis was performed following the limma-voom procedure 

176,177. Prior to differential expression analysis, very low abundance genes were filtered 

using the filterByExpr function in edgeR with default parameters. Effective library sizes 

were calculated using the trimmed mean of M-values (TMM) normalization method and 
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reads were processed in voom to generate log2-transformed values and precision 

weights for limma. Using the limma, normalized expression values were fit to a random 

effects linear model of the form Expr ~ Treatment + Mouse, where Treatment denotes 

the retinoic acid treatment received, and Mouse denotes the identity of the mouse from 

which the organoids were derived. The differential expression between treatment 

groups were then obtained as contrasts using the contrasts.fit function in limma. 

Empirical Bayes smoothing was applied on both the linear model and fitted contrast 

coefficients using edgeR. False-discovery rates for differential expression at the gene-

level were calculated with the Benjamini-Hochberg correction procedure using the 

toptable function in limma. Normalized transcript abundances are reported as the TMM-

normalized counts-per-million obtained from the voom function in limma. 

 

In-vivo drug studies 

BMS493 treatment was based upon the work described in Viragova et al 2023 178. A 

stock concentration of 50 mg/mL BMS493 (Medchemexpress, HY-108529) was 

prepared in DMSO and kept at -20°C in aliquots. On the day of treatment, the BMS493 

was diluted to a final concentration of 2 mg/mL in 0.15M hydroxypropyl-b-cyclodextrin 

(Cayman Chemicals, 16169). This was then given to mice via intraperitoneal injection 

(I.P.) at a final dose of 40 mg/kg (1 mg/25 g, adjusted for weight of each mouse). AtRA 

treatment followed the same general protocol. Stock concentration of AtRA was 15 

mg/mL in DMSO which was diluted to 0.6 mg/ml in 0.15M hydroxypropyl-b-cyclodextrin. 

This was then given to mice via intraperitoneal injection (I.P.) at a final dose of 12 

mg/kg. Vehicle control was made by dissolving an equal volume of DMSO in 0.15M 
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hydroxypropyl-b-cyclodextrin. Mice were treated with BMS493, AtRA, or control 3 times 

a week (Monday, Wednesday, Friday) and monitored for negative effects. Side effects 

consistent with vitamin A deficiency were observed starting after one week of treatment 

including eye swelling and secretions.  

 

In-vivo orthotopic tumor growth experiments 

Tumor organoids were collected from MTMG MMTV-PyMT mice as described above. 

The day before transplant, tumor organoids were dissociated to single cells by 

suspending in accumax  for 10 minutes. Cells were counted and allowed to re-

aggregate into clusters for 24 hours in organoid media with 2% matrigel. The next day, 

spheroids were resuspended in a 1:1 matrigel:DMEM/F12 at a concentration of 3 million 

cells/100 µL. 20 µL of this mixture (containing 600,000 cells) was surgically transplanted 

into the right T4 mammary fat pad of 8 week old female NSG mice. After 3 weeks, 

tumors were palpable and treatment began as described above. Tumors were 

measured 2x/week and estimated tumor volume was calculated with the formula V = 

(L*W2)/2. 

 

In-vivo de-novo tumor growth experiments 

Female MMTV-PyMT mice were monitored for palpable tumors, which typically appear 

at ages 8-10 weeks. At the beginning of the experiment, age-matched mice were split 

into two treatment groups. Mice were treated as described above three times a week. 

On each day of treatment, up to 4 tumors were measured per mouse (upper and lower, 

left and right). At the end of treatment the mice were euthanized. One tumor was flash 
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frozen in liquid nitrogen for RNA collection. The remaining tumors were collected and 

fixed in either 4% paraformaldehyde (PFA) or 10% neutral buffered formalin (NBF) for 

72 hours. PFA fixed tumors were embedded in OCT and kept at -80 C until sectioning. 

NBF fixed tumors were processed, paraffin embedded, and sectioned by the 

Experimental Histopathology core at the Fred Hutchinson Cancer Center.  

 

In-vivo tail-vein metastasis experiments  

For tail-vein metastasis experiments, mTomato-MMTV-PyMT organoids were 

dissociated to single cells at day 0 using Accumax (20 minutes at 37°C). To generate 

clusters, single cells were plated in non-adherent dishes at 150,000 cells/mL in media 

+2% basement membrane-rich gel (v/v). After 24 hours, the clusters were resuspended 

in PBS at a concentration of 1 million cells/mL using cell counts from the day before. 

200,000 cells in 200 uL of PBS were injected into Nod scid gamma (NSG) 

immunocompromised mice. For the de-novo study, mice were treated following the 

treatment protocol described above for 2 weeks, after which mice were euthanized and 

lungs imaged under a dissecting microscope for quantification of fluorescent 

(metastatic) area. Lungs were then fixed in 4% paraformaldehyde for 48 hours, then 

then transferred to 25% sucrose in DPBS overnight at 4°C before embedding in OCT 

and storing at −80°C. 

 

2D histology  
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H&E and immunohistochemistry (IHC) stains were performed by the experimental 

histology core at Fred Hutchinson Cancer Center. Slides were scanned on a Ventana 

DP 200 slide scanner. Images were analyzed in qupath.  

 

Lentiviral preparation 

HEK293FT cells were purchased from ThermoFisher (R70007) and cultured in DMEM 

with 10% FBS, 1% penicillin/streptomycin, and 500 µg/mL G418. Transfection was 

performed once cells reached 60-80% confluency. 1 hour before transfection, media 

was removed and changed to fresh G418-free media. Transfection was performed using 

Lipofectamine 3000 according to manufacturer protocol, using 3 µg MD2.G, 8 µg 

PsPax, and 12 µg of the shRNA containing plasmid. Media was again changed 16 hours 

after transfection. 48 hours after transfection, media was collected and filtered through 

0.45 micron steri-flip filters, then aliquoted and stored at -80°C. Titers were calculated 

using lentivirus that had been through a single freeze-thaw cycle with Takara GoStix 

Plus according to protocol. 

 

Lentiviral transduction for knockdown and expression 

Organoids growing in suspension with 2% Matrigel were spun down and resuspended 

in organoid media supplemented with 8 ug/mL protamine sulfate. Lentivirus was added 

to culture to achieve an MOI of 5-10 IFU/cell. 48 hours after transduction media was 

changed to fresh media containing selection agent if needed. Puromycin was used for 

selection at 1 µg/mL,  blasticidin was used at 2 µg/mL, and gentimicin (G418) was used 
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at 400 µg/mL. Cells were grown in selection for at least 7 days before proceeding to 

experiments.  

 

Epidemiological methods for Quilt Study 

Quilt Study women who had participated in the PACE study were asked about 

supplement use at their in-person interview shortly after their breast cancer diagnosis 

(median time to interview 1.0 year). Questions (name/type, pills per week, duration) 

were asked relative to their diagnosis date, and separate sections gathered information 

about current use as of that time, and past use. Women reporting current use were 

asked to provide their bottles if available for verification of contents, while past use 

relied on recall. All supplements reported were reviewed by study team, and only those 

which definitely contained Vitamin A (including beta carotene, cod liver oil) were 

considered for the exposure variable. Women were categorized into three groups – 

those who took Vitamin A before their diagnosis, those who only took other 

supplements, and those who took no supplements; analysis was restricted to those who 

reported taking supplements. Due to the small sample size, we were unable to explore 

other aspects of use, such as duration.  Women with distant-stage disease were 

excluded from analyses of recurrence, but not of mortality. Recurrence information was 

obtained from medical record reviews and from interviews of living women conducted as 

part of the Quilt study, and breast cancer mortality information was obtained via the 

cancer surveillance system (CSS) registry and medical record reviews. Women with no 

data available for relevant variables were excluded. Data analysis performed with Stata 

179. 
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Epidemiological methods for Pathways Study 

Vitamin A and/or beta-carotene supplement use was self-reported by Pathways Study 

participants at study enrollment (baseline, on average about two months after 

diagnosis) and after 6- and 24-months of follow-up. At baseline, questions with 

categorical response options asked about a participant’s use of the supplement before 

and since diagnosis, number of days per week taken, dose taken, and number of years 

taken. At follow-up, questions asked about number of days per week and dose taken in 

the previous six months (in 6-month follow-up questionnaire) or 12 months (in 24-month 

follow-up questionnaire). Women with AJCC stage IV breast cancer and/or with missing 

questionnaire data were excluded from the analyses. Analyses were also restricted to 

study participants who were dietary supplement users, as supplement users may differ 

in important ways from those who do not use supplements. Thus, women who reported 

they did not use any dietary supplements on the baseline, 6-, and 24-month 

questionnaires were excluded.  

Use at diagnosis was grouped into four categories based on data reported from 

baseline and follow-up questionnaires: did not take vitamin A and/or beta-carotene, took 

before and after diagnosis, took before but stopped after diagnosis, took only after 

diagnosis. Among dietary supplement users, duration of use was grouped into three 

categories based on responses to number of years taken asked at baseline: did not 

take vitamin A and/or beta-carotene, took for >0-3 years, and took for >3 years. 

Recurrence and mortality data were ascertained via the KPNC Virtual Data Warehouse 

and electronic health record 180. Recurrence was defined as a subsequent diagnosis of 
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breast cancer or death from breast cancer and breast cancer-specific mortality was 

defined as a death from breast cancer.  

 Distributions and means with standard deviations for the demographic and 

clinical characteristics of the Pathways Study cohort were calculated for exposure 

groups based on vitamin A and/or beta-carotene timing of use and duration of use 

(Supplemental Table 4). Kaplan Meier curves estimating the probability of recurrence 

or mortality were generated for the timing and duration of use exposure groups. 

Unadjusted and adjusted Cox proportional hazards models were used to estimate time 

to recurrence and breast cancer-specific mortality. Adjusted models included AJCC 

stage, age at diagnosis, receipt of chemotherapy (yes/no), receipt of radiation therapy 

(yes/no), and receipt of endocrine therapy (yes/no) as covariates. Statistical significance 

was based on an a=0.05. Analyses were conducted using SAS v9.4 (SAS Institute, 

Cary, NC). 

Similar statistical analyses were performed for the Quilt Study cohort with the 

following differences: Quilt cohort data included only ever/never use before diagnosis, 

SEER Summary Stage instead of AJCC was used; diagnosis year was included in 

models; and analyses were performed in Stata/SE v18. Unadjusted and adjusted 

hazard ratios (HR) and 95% confidence intervals (CI) were calculated using Cox 

proportional hazards methods, to estimate time to recurrence and breast cancer-specific 

mortality. 

 

Table of primers, antibodies, plasmids, etc.  
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Resource Source Identifier 

Antibodies 

Keratin 14 Biolegend 906004 

Keratin 17 Cell Signaling 4543S 

Hair Keratin (AE13) Santa Cruz sc-57012 

Loricrin Abcam ab85679 

pHistone H3 Millipore 06-570 

Cleaved caspase 3 Cell Signaling 9579 

Phalloidin 568 Thermo Fisher A12380 

Recombinant DNA 

MD2.G Gift from Didier Trono Addgene #12259 

PsPax2 Gift from Didier Trono Addgene #12260 

shKlf4 puro Transomic Available upon request 

Tet-on Klf4 ORF Vectorbuilder Available upon request 

EF1a Tet On (ETO) Gift from Emily Hatch Addgene #84776 

 

 

Code and Data availability statement: 

Raw data and code will be made publicly available upon publication. To recreate 

analyses, see github for R, cellprofiler, and qupath scripts. The following data will be 

deposited in the NCBI Gene Expression Ombnibus (GEO): Fastq and processed Seurat 

object for scRNA-seq of invading MMTV-PyMT organoids, Fastq and processed counts 
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for RNAseq of MMTV-PyMT organoids. All other data is provided as supplementary files 

with this publication.  

 

Additional scRNA-seq datasets used are available at the Gene Expression Omnibus 

accession numbers listed below: 

- FVB mammary gland 181 : GSE103275 

- C3(1)tag organoids 110: GSE149299 

- MMTV-PyMT tumor 114: GSE214815 

- C3(1)tag tumor 119: GSE182389 

- Pten-Myc tumor 118: GSE215070 

- Human BRCA dataset #1 121: GSE161529  

- Human BRCA dataset #2 122: GSE176078 

 

QUILT study data has been provided as supplementary tables, but additional 

information is available upon request. For the Pathways Study, procedures for obtaining 

data, including the analytic dataset and associated SAS programs, are available upon 

request. 

 

 Ethics Declaration 

A.D., S.S., and K.C. are inventors on a pending patent application related to this work. 

 

Local researchers at our primary institution Fred Hutch and collaborators at Kaiser 

Permanente have been fully involved in this project. The clinical datasets in this study 
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apply to women in the Pacific Northwest and Northern California at our respective 

institutions, making them highly locally relevant. 
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EXTENDED DATA 
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Extended data 1: Epidermal identity of basal breast cancer cells 
a) Schematic depicting how invasion index is calculated from each DIC image. The invasion 
area is the total area minus the maximum convex area filling the inside of the organoid. The 
invasion index is the invasion area divided by the total area. 
b) UMAP of scRNA-seq data obtained from organoids from replicate 2, colored by time, Krt14 
expression, and gene module scores calculated in Seurat using gene sets from supplementary 
table 2. 
c) Top 5 gene sets enriched for in the bottom 1% of genes correlating with Krt14, sorted by p-
value. Calculated with Metascape. 
d) Example correlation plots of two gene module scores with Krt14 expression in MMTV-PyMT 
organoid cells from both tumors: formation of the cornified envelope (CE) , and EMT. 
e) Cell type assignment of individual cells from invading MMTV-PyMT organoids using 
unsupervised annotation and the Mouse Cell Atlas 115.  
f)  UMAPs and GSEA of top 1% of genes correlating with Krt14 in mouse C3(1)tag organoids 
embedded in 3D collagen I 110 . Cornified envelope and smooth muscle scores calculated using 
gene sets in supplementary table 1. 
g) UMAPs and GSEA using scRNA-seq data obtained from MMTV-PyMT de-novo tumors 114.  
h) Pearson R of correlation between cornified envelope score and Krt14 stratified by breast 
cancer receptor subtype. P-value calculated by one sample t-test. **** indicates p £ 0.0001. 
i) Pearson R of correlation between cornified envelope score and Krt14 stratified by breast 
cancer PAM50 subtype. P-value calculated by one sample t-test. * indicates p £ 0.05. 
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Extended data 2: Migration dynamics 
a) Representative confocal microscopy time-lapse images of mTmG MMTV-PyMT organoids 
invading in 3D collagen. Organoids were first sparsely transduced with lentivirus to express 
H2B-GFP (yellow) while mTomato membranes are shown in magenta.  
b-d) Migration tracks of individual cells tracked in confocal time-lapses represented in a.  P-
values calculated with Wilcoxon test.   
e) Cumulative distance from start point of cells tracked in confocal time-laspe. TP-values 
calculated with Wilcoxon test.   
f) Speed of cells over time during migration, measured in microns/min. P-values calculated with 
Wilcoxon test.   
g) Directionality of cells over time during migration, representing the propensity of cells to 
continue in the same direction as the frame before (Ext data 3a). P-values calculated with 
Wilcoxon test.   
h) Schematic depicting cell migration tracks with high directionality and low directionality.  
i) Average directionality of all cells across all timepoints. P-values calculated with Wilcoxon test.   
j) Total distance traveled, in microns, of each cell at endpoint. P-values calculated with Wilcoxon 
test.   
k) Average speed (microns/minute) of cells across all timepoints. P-values calculated with 
Wilcoxon test.   
note: For all figures with p-values indicated by asterisks, * P ≤ 0.05, ** P ≤ 0.01, *** P ≤ 0.001, 
**** P ≤ 0.0001. ns indicates non-significant comparisons. For all figures n = 23 organoids, 352 
cells. Boxplots are plotted in the style of Tukey. 
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Extended data 3: Retinoic acid signaling pathway 
a) Schematic of retinoic acid signaling pathway. Retinyl palimitate is often converted to retinol in 
the liver, then is further processed within cells of various tissues. Made with Biorender. 
b) Invasion indices for MMTV-PyMT organoids treated with 9-cis retinoic acid (9-cis-RA) or 
retinyl palmitate (RP) both used at a concentration of 1 µM. n = 3 biological replicates, ³ 90 
organoids per dose. P-values calculated using Dunn’s multiple comparison test after Kruskal-
Wallis test. 
c-e) Umaps showing transcription of Rara (c), Rarb (d), and Rarg (e) in scRNA-seq of invading 
MMTV-PyMT organoids. 
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f-h) Invasion indices for MMTV-PyMT organoids treated with RARa (f), RARb (g), and RARg (h) 
inhibitors across a dose range. n = 3 biological replicates, ³ 90 organoids per dose. P-values 
calculated using Dunn’s multiple comparison test after Kruskal-Wallis test. 
note: For all figures with p-values indicated by asterisks, * P ≤ 0.05, ** P ≤ 0.01, *** P ≤ 0.001, 
**** P ≤ 0.0001. ns indicates non-significant comparisons. Boxplots represents median, 25th 
percentile and 75th percentile, whiskers extend from min to max. 
 
 
 

 
 
Extended data 4: Viability curves with AtRA in mouse and human organoids.  
a) Relative CellTiter-Glo luminescence of C3(1)/Tag and MMTV-Neu organoids treated with a 
dose range of AtRA. Curve was drawn with a spline equation. n = 3 technical replicates. 
b) Relative CellTiter-Glo luminescence of TNBC216 and TNBC237 organoids treated with a 
dose range of AtRA. Curve was drawn with a nonlinear inhibition equation in prism. n = 3 
technical replicates. 
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Extended data 5: Transcriptional changes induced by AtRA and RARi 
a) Relative abundance of Cyp26a1 transcripts in MMTV-PyMT organoids treated with a dose 
range of AtRA or RARi (BMS493) measured with qPCR. P-values calculated with Dunnett’s 
multiple comparison test after one-way ANOVA. n = 3 biological replicates. 
b) Relative abundance of retinoic response gene transcripts in MMTV-PyMT organoids treated 
with 1 µM AtRA or 5 µM RARi  measured with bulk RNAseq. P-values calculated with Dunnett’s 
multiple comparison test after two-way ANOVA. n = 4 biological replicates.  
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c) PCA plot of RNAseq samples, indicating that AtRA has a larger transcriptional effect than 
RARi. Mouse number is followed by either “A1” or “B5” to represent AtRA 1 µM and BMS493 
(RARi) 5 µM, respectively. 
d) Relative abundance of EMT marker gene transcripts in MMTV-PyMT organoids treated with 1 
µM AtRA or 5 µM RARi measured with bulk RNAseq. P-values calculated with Dunnett’s 
multiple comparison test after two-way ANOVA. n = 4 biological replicates. 
e) Relative abundance of myoepithelial marker gene transcripts in MMTV-PyMT organoids 
treated with 1 µM AtRA or 5 µM RARi measured with bulk RNAseq. P-values calculated with 
Dunnett’s multiple comparison test after two-way ANOVA. n = 4 biological replicates.  
f) Selected genes with the highest transcriptional induction following AtRA treatment in PyMT 
organoids. Measured with bulk RNAseq. P-values calculated with Dunnett’s multiple comparison 
test after two-way ANOVA. n = 4 biological replicates. 
g-h) Gene sets were created using the top 1% of up- and down-regulated transcripts in MMTV-
PyMT organoids treated with AtRA. These gene sets were then used to calculate gene module 
scores for single cells in scRNA-seq of invading organoids. Gene module scores are depicted in 
UMAPs.  
i-j) Gene sets were created using the top 1% of up- and down-regulated transcripts in MMTV-
PyMT organoids treated with RARi. These gene sets were then used to calculate gene module 
scores for single cells in scRNA-seq of invading organoids. Gene module scores are depicted in 
UMAPs.  
k) qPCR confirmation of changes in keratins after treatment with 1 µM AtRA or 5 µM RARi. P-
values calculated with Dunnett’s multiple comparison test after two-way ANOVA. n = 3 biological 
replicates per condition. 
m) Relative abundance of Krt14, Krt17, and Cyp26a1 transcripts over time in MMTV-PyMT 
organoids embedded in 3D collagen, measured with qPCR. P-values calculated with Dunnett’s 
T3 multiple comparison test after Welch’s ANOVA. n = 3 biological replicates per condition with 
two technical replicates. 
note: For all figures with p-values indicated by asterisks, * P ≤ 0.05, ** P ≤ 0.01, *** P ≤ 0.001, 
**** P ≤ 0.0001. ns indicates non-significant comparisons. Bars represent mean of replicates 
(points) with SD.  
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Extended data 6 – Epidermal gene expression changes induced by AtRA and RARi. 
a-b) Top gene programs upregulated (a) and downregulated (b) by 5 µM RARi exposure for 72 
hours in MMTV-PyMT organoids embedded in 3D collagen. Bulk RNAseq data gene set 
enrichment analysis performed with metascape against human gene programs. 
c) Enrichment scores of specific gene sets in MMTV-PyMT organoids treated with either AtRA or 
RARi for 72 hours in 3D collagen. Normalized enrichment scores determined by ranking 
transcripts by t-value and using pre-ranked gene set enrichment analysis.  
d-f) Representative confocal images of immunofluorescent detection of Keratin 14 (d), Keratin 
17 (e), AE13 hair keratin with quantification (f). All scale bars represent 100 microns. Plots 
indicate percent of positive cells on a per organoid basis from IF stains. n = 3 biological 
replicates, ³ 30 organoids per condition, ³ 60,000 total cells. P-values calculated using Dunn’s 
multiple comparison test after Kruskal-Wallis test.  
 

 
 
Extended data 7: Klf4 signaling 
a) Representative images of K14 expression in PyMT organoids via immunofluorescence 
(green). Scale = 100 microns. 
b) Relative expression of the RAR response transcript Cy26a1 in Klf4 knockdown organoids. 
Detected with qPCR. n = 3 biological replicates. P-values calculated using Dunn’s multiple 
comparison test after Kruskal-Wallis test. 
c) Relative expression of Klf4 in PyMT organoids treated with AtRA and RARi. Detected with 
qPCR. n = 3 biological replicates. P-values calculated using Dunn’s multiple comparison test 
after Kruskal-Wallis test. 
note: For all figures with p-values indicated by asterisks, * P ≤ 0.05, ** P ≤ 0.01, *** P ≤ 0.001, 
**** P ≤ 0.0001. ns indicates non-significant comparisons. For all figures n = 23 organoids, 352 
cells. Boxplots are plotted in the style of Tukey. 
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Extended data 8: RARi and AtRA in-vivo 
a) Number of macro-metastases in each mouse. n = 10 mice per treatment. P-values calculated 
with Mann-Whitney test. 
b) Mouse start and end weight in orthotopic tumor study, n = 10 mice per treatment. P-values 
calculated with Mann-Whitney test. 
c) Representative H&E images of mammary glands of mice treated with either vehicle or 
BMS493. No differences were apparent.  
d) Representative images of keratin 14 in tumors, stained with IHC. Scale bar represents 50 
microns.  
e) Quantification of percent of cells scored as K14-positive (K14+) in tumor sections as 
calculated with QuPath. P-values calculated with Mann-Whitney test. n = 10 mice per condition, 
each with one tumor section stained. 
f) Violin plot of cellular K14 DAB intensity in tumors treated with either control of RARi. P-values 
calculated using Wilcoxon test. Medians values are displayed. n = 10 mice per condition, each 
with one tumor section stained. 
g) Schematic depicting timeline for treatment of de-novo MMTV-PyMT tumors in 
immunocompetent mice. Made with Biorender. 
h) Tumor measurements over time in MMTV-PyMT mice treated with either vehicle or BMS493. 
n = 3 mice per treatment, at least 5 tumors per treatment.  
i) Growth rate coefficient of de-novo MMTV-PyMT tumors treated with either vehicle or BMS493. 
Coefficients derived from fitted model of logarithmic tumor growth. P-values calculated with 
Mann-Whitney test. n ³ 9 tumors per treatment, ³ 3 mice per treatment. 
j) Percent of total tumor area determined to be necrotic in de-novo MMTV-PyMT tumors after 
treatment with vehicle or BMS493. P-values calculated with Mann-Whitney test. n = 3 mice per 
treatment, one section each.  
k) Fold change in tumor growth over time in mice treated with either vehicle or AtRA. n = 10 
mice per treatment. P-values calculated using Mann-Whitney Test. Duration of treatment was 3 
weeks. 
l) Total macro-metastatic area visible on the outside of the lungs of mice by fluorescent 
detection of tumor cells at orthotopic experiment endpoint. n = 10 mice per treatment. P-values 
calculated using Mann-Whitney Test. 
m) Total macro-metastatic area visible on the outside of the lungs of mice by fluorescent 
detection of tumor cells at end of prevention tail-vein experiment. n = 5 mice per treatment. P-
values calculated using Mann-Whitney Test. 
note: For all figures with p-values indicated by asterisks, * P ≤ 0.05, ** P ≤ 0.01, *** P ≤ 0.001, 
**** P ≤ 0.0001. ns indicates non-significant comparisons. Boxplots represents median, 25th 
percentile and 75th percentile, whiskers extend from min to max. 
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Extended data 9: Consumption of vitamin A supplements and risk in breast cancer 
patients. 
a) Unadjusted Kaplan-Meier curves for time to breast cancer recurrence stratified years of 
vitamin A and/or beta-carotene supplement use across 5 categories in the Pathways Study. 
b) Unadjusted Kaplan-Meier curves for time to breast cancer recurrence stratified by St. Gallen 
subtypes and duration (0-3 years, 3 or more years) of vitamin A and/or beta-carotene 
supplement use prior to breast cancer diagnosis among Pathways Study participants. 
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SUPPLEMENTARY TABLES 

Supplementary Table 1 : Gene correlation with Krt14 in scSeq 

Gene Correlation 
with Krt14 Gene Correlation 

with Krt14 Gene Correlation 
with Krt14 Gene Correlation 

with Krt14 

Krt14 1.0000 Ctsf 0.3415 Macf1 0.2880 Junb 0.2549 

Sfn 0.5518 Moxd1 0.3397 Id4 0.2878 Ptms 0.2548 

Serpinb5 0.5255 Fermt1 0.3395 S100a11 0.2867 D16Ertd472e 0.2545 

Perp 0.5212 Cdh3 0.3390 Cadm1 0.2866 Rbm3 0.2523 

Dsp 0.5004 Gas1 0.3378 Apoe 0.2863 Myl9 0.2519 

Rflnb 0.4723 Rgs12 0.3376 Fat2 0.2861 Serpine2 0.2517 

Krt17 0.4664 Marcks 0.3360 Apbb2 0.2855 Gpc6 0.2512 

Trim29 0.4589 Hspa4l 0.3343 Fryl 0.2855 Aplp2 0.2512 

Ctsc 0.4576 Ccn2 0.3338 Robo2 0.2849 Nebl 0.2504 

Lmo1 0.4494 Slc27a3 0.3310 Slc25a5 0.2834 Ceacam1 -0.2511 

Lama3 0.4404 Atp1b3 0.3296 Nfkbia 0.2825 Fdx1 -0.2553 

Sdc1 0.4367 Samd5 0.3291 Phlda3 0.2810 Txnip -0.2556 

Palld 0.4334 Jag2 0.3277 Reep3 0.2801 Cox17 -0.2577 

Hras 0.4299 Lima1 0.3273 Mt2 0.2795 Bik -0.2587 

Cbr2 0.4297 Postn 0.3270 Sfr1 0.2776 Egln3 -0.2589 

Lgals7 0.4286 Adgrl3 0.3269 Plch2 0.2772 Rpl38 -0.2603 

Col17a1 0.4252 Pkp1 0.3268 Svil 0.2769 Thsd4 -0.2607 

Emb 0.4243 Cpne8 0.3262 Ucp2 0.2766 Smagp -0.2612 

Trp63 0.4242 Dsg3 0.3255 Vav3 0.2759 Ndrg1 -0.2612 

Ak1 0.4205 Pkp3 0.3239 Cblb 0.2749 Aqp5 -0.2621 

Krt5 0.4193 Cav1 0.3234 Gjb3 0.2743 Snhg20 -0.2675 

Sparc 0.4155 Bmp1 0.3233 Tpm2 0.2742 Sorbs2 -0.2676 

Cst3 0.4145 Ifitm2 0.3227 Col18a1 0.2722 Itpk1 -0.2691 

Jag1 0.4116 Ly6d 0.3226 Hs6st1 0.2715 Pnpla2 -0.2694 

Pltp 0.4076 Bok 0.3208 Degs1 0.2710 Spint2 -0.2718 

Sorcs2 0.4053 Ppp1r14c 0.3190 Adam12 0.2707 Elf5 -0.2723 

Krt6a 0.4044 Jun 0.3177 Sostdc1 0.2702 Scd1 -0.2754 

Pard6g 0.3905 Ephb6 0.3174 Cers6 0.2690 Fbxo36 -0.2771 

Col7a1 0.3898 Tgfbi 0.3162 Plek2 0.2687 Nucb2 -0.2810 

Htra1 0.3895 Steap4 0.3159 Rbp1 0.2680 Chchd10 -0.2828 

Fst 0.3865 Tenm2 0.3157 Rbbp8 0.2671 Eif4ebp1 -0.2854 

Anxa8 0.3865 Runx1 0.3122 S100a14 0.2661 Bin1 -0.2904 

Aopep 0.3825 Tsc22d1 0.3117 Kif26b 0.2659 Cd68 -0.2910 
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Txndc17 0.3816 Wnt10a 0.3109 Mgst2 0.2658 Abhd5 -0.2916 

Nxn 0.3800 Bcam 0.3104 Abracl 0.2648 Lgals3 -0.2923 

Pmepa1 0.3785 Angptl4 0.3074 Sgk1 0.2636 Bsg -0.2951 

Car12 0.3768 Wnt4 0.3072 Gprin3 0.2625 Gde1 -0.2985 

Rbms3 0.3716 H3f3a 0.3071 Ctsd 0.2612 Aldoa -0.2992 

Pla2g7 0.3662 Kctd1 0.3065 Aqp3 0.2611 Proser2 -0.3006 

Klf4 0.3654 Ntng1 0.3064 Bnc1 0.2610 Ntn1 -0.3012 

Krt16 0.3625 Fxyd3 0.3027 Jup 0.2609 Litaf -0.3079 

Arl15 0.3622 Fos 0.3022 Marcksl1 0.2609 Syngr1 -0.3080 

Man1a 0.3618 Cntfr 0.3022 Hes1 0.2604 Hebp1 -0.3090 

Slc6a6 0.3589 Pkp4 0.3005 Gsn 0.2601 Errfi1 -0.3151 

Ext1 0.3581 Ifitm3 0.3004 Igfbp4 0.2599 Ero1l -0.3187 

Bcl11b 0.3552 Col12a1 0.2982 Gjb4 0.2592 Wfdc18 -0.3214 

Lmna 0.3536 Tiparp 0.2974 Schip1 0.2588 Plet1 -0.3253 

Cald1 0.3529 Vsnl1 0.2950 Dynll1 0.2573 Cldn7 -0.3305 

Prss12 0.3523 Arl4c 0.2934 Rnase4 0.2572 Csn3 -0.3553 

Icam1 0.3477 Krt79 0.2924 Cpe 0.2572 Lcn2 -0.3582 

2610035D17Rik 0.3472 Acpp 0.2910 Vwa1 0.2571 Krt18 -0.3909 

Mir205hg 0.3469 Pxdc1 0.2910 Igfbp7 0.2570 Cystm1 -0.4615 

Arhgap24 0.3451 Prss23 0.2908 Plec 0.2562 Cldn3 -0.5164 

Cav2 0.3449 Vcan 0.2907 Clic4 0.2561     

Snai2 0.3422 Tmsb4x 0.2906 Arhgap42 0.2551     

    Limk2 0.2900 Plxdc2 0.2549     
 

 

Supplementary table 2: gene lists used for gene module scores 
 

formation_of_cornif
ied_envelope epidermis_markers smooth_muscle_co

ntraction EMT 

R-MMU-
6809371_Metascape 

Pagenbase_mouse_epi
dermis_markers 

R-MMU-
445355_smooth_mus
cle_contraction 

EMT_GO_term_summary_
20230910_125021 
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Supplementary table 3: Characteristics by Vitamin A use among dietary 
supplement users only (n=705)  

Vitamin A Use 
 

Demographics No Use Used before Dx 
 

N (%) 650 (92.2) 55 (7.8) 
 

Age at diagnosis, years, Mean (SD) 71.9 (4.0) 72.5 (4.0) p=0.25 
Race and Ethnicity, n (%) 

  
p=0.38 

Non-Hispanic White 623 (95.8) 50 (90.9) 
 

Non-Hispanic Black 8 (1.2) 2 (3.6) 
 

Asian American  11 (1.7) 2 (3.6) 
 

Hispanic 3 (0.5) 1 (1.8) 
 

Pacific Islander 0 0 
 

American Indian / Alaska Native 3 (0.5) 0 
 

Unknown 2 (0.3) 0 
 

Education level, n (%) 
  

p=0.34 
    High school or less 328 (50.5) 23 (41.8) 

 

    Some college 200 (30.8) 22 (40.0) 
 

    College graduate or higher 122 (18.8) 10 (18.2) 
 

Clinical 
   

Stage at diagnosis, n (%) 
  

p=0.40 
    Local 515 (79.2) 42 (76.4) 

 

    Regional 121 (18.6) 13 (23.6) 
 

    Distant 13 (2.0) 0 
 

    Unknown 1 (0.2) 0 
 

ER status, n (%) 
  

p < 0.01 
ER+ 583 (89.7) 41 (74.5) 

 

ER- 57 (8.8) 14 (25.5) 
 

    Unknown 10 (1.5) 0 
 

Had chemotherapy, n (%) 113 (17.4) 15 (27.3) p=0.07 
Had radiation therapy, n (%) 424 (65.2) 37 (67.3) p=0.77 
Had endocrine therpay, n (%) 451 (69.4) 33 (60.0) p=0.14 
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Supplementary table 4.1: Characteristics by Start-Stop behavior of Vitamin A use 
among dietary supplement users only (n=4020)      

 
Vitamin A Use at Diagnosis 

Demographics No Use Before but 
stopped 

after 
diagnosis 

Before 
and after 
diagnosis  

After 
diagnosis 

only 

N (%) 3698 (92.1) 115 (2.9) 64 (1.6) 140 (3.5) 
Age at diagnosis, years, Mean (SD) 59.8 (12.0) 62.8 (10.8) 62.6 (10.9) 62.8 (12.0) 
Race and Ethnicity, n (%) 

    

Non-Hispanic White 2466 (66.7) 82 (71.3) 47 (73.4) 103 (73.6) 
Non-Hispanic Black 284 (7.7) 4 (3.5) 6 (9.4) 3 (2.1) 
Asian American  475 (12.8) 10 (8.7) 5 (7.8) 18 (12.9) 
Hispanic 391 (10.6) 17 (14.8) 5 (7.8) 9 (6.4) 
Pacific Islander 9 (0.2) 0 0 0 
American Indian / Alaska Native 73 (2.0) 2 (1.7) 1 (1.6) 7 (5.0) 

Education level, n (%) 
    

    High school or less 560 (15.2) 12 (10.4) 5 (7.8) 23 (16.4) 
    Some college 1285 (34.8) 45 (39.1) 24 (37.5) 45 (32.1) 
    College graduate or higher 1852 (50.1) 58 (50.4) 35 (54.7) 72 (51.4) 
Clinical 

    

Stage at diagnosis, n (%) 
    

    I 2037 (55.1) 70 (60.9) 34 (53.1) 83 (59.3) 
    II 1292 (34.9) 37 (32.2) 22 (34.4) 44 (31.4) 
    III 369 (10.0) 8 (7.0) 8 (12.5) 13 (9.3) 
ER status, n (%) 

    

ER+ 3097 (83.8) 95 (82.6) 55 (85.9) 122 (87.1) 
ER- 599 (16.2) 20 (17.4) 9 (14.1) 18 (12.9) 

Subtype IHC, n (%) 
    

Luminal A 2659 (75.0) 82 (73.9) 51 (83.6) 102 (75.0) 
Luminal B 311 (8.8) 10 (9.0) 2 (3.3) 16 (11.8) 
NNN 413 (11.6) 16 (14.4) 5 (8.2) 13 (9.6) 
HER-2 OVER 164 (4.6) 3 (2.7) 3 (4.9) 5 (3.7) 

Subtype Gallen, n (%) 
    

Luminal A 1845 (51.7) 61 (54.5) 29 (47.5) 60 (43.8) 
Luminal B 1144 (32.1) 32 (28.6) 24 (39.3) 59 (43.1) 
HER-2E 164 (4.6) 3 (2.7) 3 (4.9) 5 (3.7) 
NNN 413 (11.6) 16 (14.3) 5 (8.2) 13 (95) 

Had chemotherapy, n (%) 1334 (36.2) 34 (30.1) 15 (23.4) 49 (35.3) 
Had radiation therapy, n (%) 1636 (44.2) 64 (55.7) 27 (42.2) 62 (44.3) 
Had endocrine therpay, n (%) 2146 (58.4) 52 (45.2) 24 (38.1) 76 (54.7) 
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Supplementary table 4.2: Characteristics by duration of Vitamin A use at baseline 
among dietary supplement users only (n=3745) 
  

Duration of Vitamin A and/or Beta-Carotene Use 
at Baseline 

Demographics No Use >0-3 years >3 years 
N (%) 3557 (95.3) 95 (2.6) 80 (2.1) 
Age at diagnosis, years, Mean (SD) 60.2 (12.0) 60.7 (10.6) 63.7 (11.0) 
Race and Ethnicity, n (%) 

   

Non-Hispanic White 3414 (67.9) 60 (63.2) 63 (78.8) 
Non-Hispanic Black 257 (7.2) 8 (8.4) 2 (2.5) 
Asian American  446 (12.5) 12 (12.6) 5 (6.3) 
Hispanic 363 (10.2) 12 (12.6) 9 (11.3) 
Pacific Islander 7 (0.2) 0 0 
American Indian / Alaska Native 70 (2.0) 3 (3.2) 1 (1.3) 

Education level, n (%) 
   

    High school or less 530 (14.9) 8 (8.4) 10 (12.5) 
    Some college 1243 (35.0) 44 (46.3) 23 (28.8) 
    College graduate or higher 1783 (50.1) 43 (45.3) 47 (58.8) 
Clinical 

   

Stage at diagnosis, n (%) 
   

    I 1984 (55.8) 60 (63.2) 42 (52.5) 
    II 1221 (34.3) 27 (28.4) 29 (36.3) 
    III 352 (9.9) 8 (8.4) 9 (11.3) 
ER status, n (%) 

   

ER+ 2981 (83.9) 79 (83.2) 69 (86.3) 
ER- 574 (16.2) 16 (16.8) 11 (13.8) 

Subtype IHC, n (%) 
   

Luminal A 2555 (74.9) 73 (79.4) 60 (77.9) 
Luminal B 305 (8.9) 5 (5.4) 6 (7.8) 
NNN 395 (11.6) 12 (13.0) 7 (9.1) 
HER-2 OVER 158 (4.6) 2 (2.2) 4 (5.2) 

Subtype Gallen, n (%) 
   

Luminal A 1767 (51.5) 48 (52.2) 41 (52.6) 
Luminal B 1111 (32.4) 30 (32.6) 26 (33.3) 
HER-2E 158 (4.6) 2 (2.2) 4 (5.1) 
NNN 395 (11.5) 12 (13.0) 7 (9.0) 

Had chemotherapy, n (%) 1252 (35.3) 29 (30.9) 17 (21.5) 
Had radiation therapy, n (%) 1578 (44.4) 54 (56.8) 35 (43.8) 
Had endocrine therapy, n (%) 2044 (57.9) 43 (45.3) 30 (38.0) 
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DISCUSSION AND FUTURE DIRECTIONS 
 

The transcriptional program of leader cells 

In this work, we initially set out to define the transcriptional program present in leader 

cells. Using single cell RNA sequencing, we were able to identify transcriptional 

programs that co-occur with upregulation of Krt14 in leader cells. We found this program 

is remarkably similar to that of basal epidermal cells, which lead us to investigate the 

role of skin-related therapeutics in basal breast cancers. However, this dataset contains 

a wealth of information that we have only begun to utilize. In our data, there are 

numerous markers upregulated in invasive basal cells that are associated with 

migration, cell-cell adhesion, cell-matrix adhesion, and extracellular matrix remodeling. 

There are additional genes that encode for proteins that are still only partly 

characterized. Any, or many, of these genes may encode for proteins essential for 

collective invasion and metastasis. We are eager to understand these further and 

prioritize future targets.  

 

The transcriptional program that is present in leader cells may also enable reverse-

engineering of the signaling pathways that induce invasion. Presumably, cell-cell and 

matrix-cell signaling pathways converge to activate particular transcription factors which 

then go on to activate and repress transcription leading to the program we have 

observed. More and more, datasets are becoming available that characterize the 

transcriptional output of various transcription factors, signaling pathways, and 

extracellular perturbations 182. These can be used to elucidate the events that precede 

leader cell invasion. For instance, integrins and discoidin domain receptors can be 
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activated by extracellular collagen I, growth factor and Notch signaling can be activated 

by cell-cell signaling, and force activated pathways such as YAP signaling can be 

activated by stiff extracellular matrices and cellular forces 111,183,184. It is likely that breast 

cancer cells integrate signaling from these pathways and more as cellular fate decisions 

are made. Further investigation into the upstream pathways that dictate leader cell 

formation may reveal key steps that can be therapeutically regulated.  

 

Our dataset also includes information on the transcriptional program of luminal tumor 

cells. We believe this data could additionally guide work to understand the “choice” a 

cell makes when becoming luminal or basal. It is possible that there are potential 

pathways to prevent growth of luminal cancer cells or encourage cells to become 

luminal rather than basal by investigating the transcriptional regulation of these two 

identities. 

 

Epidermal-like transcription program in breast cancer 

Our work has indicated that breast cancer cells are able to undergo a novel type of 

plasticity, one in which the cell’s transcriptional state shifts towards that of an epidermal 

keratinocyte. While we have not yet fully characterized this new cell state and its true 

similarity to the epidermis, it is possible that we are observing a form of developmental 

plasticity. Developmental plasticity is a common theme in cancer biology, in which 

cancer cells lose differentiation and regress towards a more embryonic or stem-like 

state 185 . During development, the mammary gland is formed from the ectoderm as an 

epidermal appendage, meaning that the epidermis and the mammary gland share a 
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developmental past 47,186. Further work is warranted to determine whether basal breast 

cancer cells are truly regressing, or whether they are entering a novel state. If 

developmental plasticity is occurring, its study could provide novel insights into how the 

healthy mammary gland forms and how cell state is programed in breast cancer.  

 

We have also made note of the apparent dual role of epidermal markers in breast 

cancer metastasis. While in this study blocking epidermal differentiation pathways in 

breast cancer organoids drives invasion, it has also previously been reported that 

Keratin 14 and p63, two protein markers of basal epidermal keratinocytes, are required 

for collective tumor organoid invasion 3. It is possible that there are two alternative 

migratory programs relying on different epidermal marker genes. It is additionally 

possible that breast cancer cells are most migratory when in a hybrid epidermal-like 

state or a unique epidermal-like state such as that found in wound healing, in which 

epidermal cells behave differently from homeostasis. The dual role of keratins in 

migration of cells has been demonstrated in other keratins, such as keratin 8187. Further, 

keratin 6 is a classic marker of wound healing, a highly migratory keratinocyte program, 

yet loss of keratin 6 leads to enhanced rates of migration188.  There is still much to be 

understood regarding keratin dynamics, signaling, and structural properties, all of which 

may play a role in the phenotypes we have described189.  
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Retinoic acid in breast cancer 

Because of the plasticity and developmental regression often observed in cancers, 

differentiation therapy has long been proposed as an anti-cancer approach 76. If, for 

instance, breast cancer cells could be re-differentiated into healthy breast cells in 

homeostasis, the cells would no longer pose as much of a health risk. The prospect of 

differentiation therapy in cancer became tangible when retinoic acid was used to 

successfully differentiate acute promyelocytic leukemia (APL) 190 . Retinoic acid has 

since been proposed as a pro-differentiation agent in a variety of cancers, and has 

found additional clinical success in neuroblastoma 76,191.  

 

Since then, additional differentiation therapies have been tested, mostly in pre-clinical 

models. These approaches do not necessarily need to convert tumor cells into healthy 

tumor cells of the same tissue. For instance, in one approach relevant to breast cancer, 

PPARg agonists can be used to differentiate breast cancer cells into adipocytes to 

prevent metastasis 103,109.  

 

Our work proposes that basal breast cancers can be sensitive to the same pathways 

that drive skin differentiation. In normal keratinocytes, lack of retinoic acid or excess 

expression of Klf4 reduces proliferative potential and leads to excess keratinization. 

Conversely, excess retinoic acid or downregulation of Klf4 leads to reduced expression 

of differentiation markers and increased proliferation rates 132,144,148. While it is unlikely 

that breast cancer cells are undergoing cornification, a carefully orchestrated form of 
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keratinocyte terminal differentiation 123, they do appear to respond to perturbations in a 

similar manner to keratinocytes.  

 

The findings presented in this thesis implicate RAR inhibitors as a potential novel 

therapy in breast cancers with epidermal marker gene expression. While pan-RAR 

antagonists would likely have toxic side effects, more specific inhibitors have already 

made it to clinical trials. Retinoic acid pathway proteins have been proposed as targets 

for male contraceptives and have had success in preclinical models. WIN18446, an 

inhibitor of Aldehyde dehydrogenase 1a2 (Aldh1a2) which enzymatically converts retinal 

to retinoic acid, was tested in patients with relative success, until it was abandoned for 

negative interactions with alcohol 192-194 (Figure 7). A compound that specifically inhibits 

RARa, YCT-529, has just begun use in a Phase I trial as a male contraceptive 

(NCT06094283). 

 

Future work will focus on carefully delineating which RAR is most important for basal 

breast cancer cell identity, and to screen specific inhibitors of key retinoic acid pathway 

proteins. It is our hope that one of these potential molecules will be safe for human use, 

while preventing cancer spread just as BMS493 has in mouse models.  
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Figure 7: Retinoic acid signaling 

 

 

 

Of note, there are numerous reports of retinoic acid acting as an anti-cancer agent in 

breast cancer. Many of these studies have found that luminal, particularly estrogen 

receptor positive, breast cancers may have reduced viability when exposed to excess 

retinoic acid. However, basal and ER-negative models have been resistant to retinoic 

acid therapy 195-197. Such findings align with the knowledge that retinoic acid acts in a 

context and tissue-dependent manner. For instance, retinoic acid prevents cornification 

and terminal differentiation of keratinocytes, but is required for proper spermatogenesis 

and neutrophil differentiation 144,198,199. It is therefore reasonable that retinoic acid 

functions differently in breast cancer in given contexts, particularly in cases in which 
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breast cancer cells transcriptionally resemble another tissue. We believe our work may 

enhance our understanding of how retinoic acid signaling acts in breast cancers, and in 

which cancers retinoic acid may have therapeutic potential.   

 

Beyond understanding how RAR inhibition may be a possible route to breast cancer 

treatment, we are interested in understanding the effect of excess retinoic acid in breast 

cancer. In this work, we have shown that retinoic acid can promote breast cancer 

proliferation and invasion in cell culture. This invasion appears to occur in the absence 

of classical EMT. We believe it is important to fully characterize this form of invasion, 

and clarify whether or not it occurs in patients. If cells are utilizing aspects of the retinoic 

acid invasion program during metastasis, a novel mechanism of cancer migration may 

be uncovered. Understanding how such a pathway works could allow for a more 

targeted approach to prevent this behavior. In our work, treatment of mice with retinoic 

acid had no effect on tumor and metastatic burden. However, an important difference 

between our cell culture and in-vivo models is the absence of retinoic acid in our culture 

media, but the inclusion of Vitamin A in mouse diets. It is possible that in the context of a 

complete diet, there is sufficient retinoic acid present in-vivo to drive invasion and 

proliferation of tumor cells and that excess retinoic acid is redundant.  

 

Additionally, we are interested in identifying the primary source of retinoic acid in tumor 

cells. Vitamin A is processed by the intestines and the liver into retinol, which circulates 

in the blood. Once transported into a cell, various enzymes process the retinol until it 

becomes a form of retinoic acid which can bind RARs 200 (Figure 7). Retinoic acid can 
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then easily cross the cell membrane and can be passed between cells. We are 

interested in understanding whether retinoic acid in the tumor is derived from circulation, 

or whether tumors can act as a sink for retinoids to promote proliferative potential.   

 

Vitamin A and cancer outcomes 

Finally, our work has added to the growing evidence that diet and cancer outcomes are 

closely linked. Just as is the case for smoking, physical activity, and UV exposure, 

dietary habits have a clear role in rates of cancer occurrence and survival 201. For 

instance, high alcohol consumption is correlated with diagnosis rates in several types of 

cancers, and has been compared to tobacco use 202. Obesity and excess fatty acid 

have been estimated to be contributing factors in up to 20% of cancers 203. Due to the 

metabolic dependence on glucose, Keto diet has been proposed as a supplemental 

treatment for cancer patients 204. The role of vitamin supplements in cancer outcomes 

has been less clear. This may be for several reasons. Chief among them is the fact that 

supplements are largely unregulated by the FDA, and are sold as different chemical 

structures and in different concentrations. However, an estimated 70% or more of 

cancer patients take supplemental vitamins, often with the belief that vitamins will 

provide protection against cancer 166,167.  

 

This belief may be attributed to the widely publicized anti-cancer effects of antioxidants 

such as vitamins A, C, and E, although studies investigating these claims have come to 

mixed conclusions. Reactive oxygen species are well known to induce DNA damage 
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and induce carcinogenesis, yet at the same time are often a cause of tumor cell death 

205.  

 

We were fortunate to collaborate with scientists at Fred Hutchinson Cancer Center who 

conducted the QUILT study and scientists at Kaiser Permanente conducting the 

Pathways study 153,154,166. Our post-hoc analysis indicates that vitamin A intake may be 

associated with increased occurrence and poor outcomes, particularly in patients with 

hormone negative breast cancers. These findings underscore the need for fine-tuned 

analysis of vitamin supplement intake and cancer outcomes, with particular attention on 

specific populations. It is imperative that clinicians and patients are armed with 

knowledge of how supplements work before use to avoid any unwanted negative 

effects.  
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