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Abstract Breast cancer stem cells (BCSCs) contribute to intra-tumoral heterogeneity and
therapeutic resistance. However, the binary concept of universal BCSCs co-existing with bulk tumor
cells is over-simplified. Through single-cell RNA-sequencing, we found that Neu, PyMT and BRCA1-
null mammary tumors each corresponded to a spectrum of minimally overlapping cell
differentiation states without a universal BCSC population. Instead, our analyses revealed that
these tumors contained distinct lineage-specific tumor propagating cells (TPCs) and this is
reflective of the self-sustaining capabilities of lineage-specific stem/progenitor cells in the
mammary epithelial hierarchy. By understanding the respective tumor hierarchies, we were able to
identify CD14 as a TPC marker in the Neu tumor. Additionally, single-cell breast cancer subtype
stratification revealed the co-existence of multiple breast cancer subtypes within tumors.
Collectively, our findings emphasize the need to account for lineage-specific TPCs and the
hierarchical composition within breast tumors, as these heterogenous sub-populations can have
differential therapeutic susceptibilities.

Introduction

The mammary gland is a bi-layered epithelial organ which consists of basal as well as myoepithelial
cells in the outer layer. The inner epithelium comprises of luminal cells which can be broadly classi-
fied into the hormone-sensing lineage (estrogen receptor + or progesterone receptor +, ER*/PRY)
and the secretory alveolar lineage (Bach et al., 2017). As with most other organs, a hierarchical rela-
tionship can be established between the differentiation states of the distinct cell lineages within the
mammary gland (Visvader and Clevers, 2016). During embryonic developmental stages, bipotent
mammary stem cells (MaSCs) with hybrid basal-luminal gene expression patterns and the ability to
give rise to both layers of the developed mammary epithelium have been described (Pal et al.,
2017, Spike et al., 2012; Wuidart et al., 2018). Postnatally, the hybrid basal-luminal gene signa-
tures diminish and eventually leads to the bifurcation of unipotent basal and luminal lineage stem/
progenitor cells respectively by the onset of puberty in mice (Giraddi et al., 2018; Pal et al., 2017,
Van Keymeulen et al., 2011; Wuidart et al., 2018). Recent insights from lineage tracing in mouse
experiments have also revealed that the ER+ and ER- luminal lineages can respectively self-sustain,
through multiple cycles of pregnancy, lactation and involution (Van Keymeulen et al., 2017,
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Wang et al., 2017). Altogether, there is cumulative evidence to support the existence of primitive
bipotent fetal-MaSCs (fMaSCs) (Spike et al., 2012; Wuidart et al., 2018), quiescent adult-MaSCs
(aMaSCs) (Fu et al., 2017, Rios et al.,, 2014), basal-lineage SCs (Shackleton et al., 2006;
Van Keymeulen et al., 2011), ER" luminal SCs (Wang et al., 2017) and ER" luminal SCs
(Van Keymeulen et al., 2017, Wang et al., 2017) at varying timepoints of mammary gland develop-
ment in the mouse. As such, there is a milieu of long-lived SCs/progenitors within the mouse mam-
mary gland that could be candidates for transformation and potential tumor-initiating cells, but each
with properties that are unique to a particular lineage or developmental timepoint. Alternatively,
neoplastic transformation of cells can also lead to plasticity (Koren et al., 2015; Molyneux et al.,
2010) and the acquisition of any one of the aforementioned stem/progenitor-like states could have
a unique role in tumor progression.

In the context of cancer, it has been proposed that differentiation hierarchies also exist among
tumor cells, with cancer stem cells (CSCs) residing at the apex of the hierarchy within tumors
(Nguyen et al., 2012). Although much progress has been made since the initial prospective isolation
of CSCs in breast tumors (Al-Hajj et al., 2003), major gaps remain in the conceptual framework of
breast CSCs (BCSCs), particularly in light of recent insights from the normal mammary differentiation
hierarchy (Fu et al., 2017, Nguyen et al., 2018; Van Keymeulen et al., 2017, Van Keymeulen
et al., 2011; Wang et al., 2017; Wuidart et al., 2018). An additional confounding factor has been
the description of multiple distinct markers that can enrich for BCSC populations such as CD44*/
CD24" (Al-Haijj et al., 2003), ALDH"* (Ginestier et al., 2007), HER2" (Ithimakin et al., 2013), CD29"
(Kouros-Mehr et al., 2008) and side population cells (Britton et al., 2011). Recent studies have
shown that the CD447/CD24" and ALDH" markers identify minimally overlapping populations and
each of these sub-populations exhibit epithelial to mesenchymal (EMT)-like and mesenchymal to epi-
thelial (MET)-like characteristics, respectively (Liu et al., 2014). Distinct BCSC populations have also
been shown to have differential preferences for signaling and metabolic pathways (Luo et al., 2018;
Roarty et al., 2017; Yeo et al., 2016), suggesting the need to account for these BCSC populations
separately when it comes to therapeutic targeting. It is also important to note that not all previously
characterized BCSC markers have been investigated concurrently in an exhaustive manner (Hwang-
Verslues et al., 2009). Accordingly, the possibility that more non-overlapping markers that enrich
for other distinct BCSC populations remain to be determined. Since some of the previously
described BCSCs that have increased tumor propagating potential may exist in a progenitor or EMT
state that does not strictly correspond to mammary stem cells, we will utilize the term tumor propa-
gating cells (TPCs) when referring to cells with increased tumorigenic potential (Giraddi et al.,
2018).

The mammary differentiation hierarchy has also been pivotal in guiding the stratification of breast
cancer subtypes (Visvader and Clevers, 2016). Immunohistochemical analysis of estrogen receptor
(ER), progesterone receptor (PR) and HER2 receptor enables a crude association with the hormone-
sensing lineage (ER*, PR*) and basal-like (ER,, PR, HER2) subtypes of breast cancer. Parallels
between the intrinsic molecular subtypes of breast cancer (Perou et al., 2000; Prat et al., 2010)
and mammary differentiation states can also be observed with basal-like breast cancers being associ-
ated with mouse fMaSCs (Pal et al., 2017, Spike et al., 2012), claudin-low breast cancers with
mouse aMaSCs (Fu et al., 2017) and luminal-A breast cancers with the hormone-sensing lineage. By
extension, TPCs which occupy a less-differentiated cell state could correspond to a different breast
cancer subtype relative to bulk tumor cells. This raises the question of whether multiple breast can-
cer subtypes co-exist within a tumor (Yeo and Guan, 2017). An increasing number of observations
support this notion (Chung et al., 2017; Roarty et al., 2017) but breast cancer subtype heterogene-
ity within mouse models of breast cancer has not been well characterized.

In this study, using molecular profiling and single-cell RNA sequencing (scRNA-seq) of multiple
mouse models of breast cancer, we demonstrated that various tumors driven by different oncogenic
events contained tumor cells spanning distinct spectra of cell states within the mammary epithelial
hierarchy. We further showed that each of these mammary tumors contained putative lineage-spe-
cific TPCs, rather than a universal BCSC population. Accordingly, we utilized CD14 to isolate alveolar
progenitor-like TPCs from Neu tumors based on the newly revealed hierarchy of cell states within
the tumors. Importantly, the hierarchical heterogeneity that was observed in these tumors was
accompanied by the co-existence of cells associated with multiple PAM50 breast cancer subtypes
within each of the tumors examined.
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Results

Tumor cells from different mouse models of breast cancer cluster
separately with distinct signatures of mammary lineage markers

To gain insights into the heterogeneity within mammary tumors, we performed single-cell transcrip-
tional profiling of tumor cells from multiple mouse models representing both luminal and basal-like
subtypes of breast cancer (Figure 1A). Both MMTV-Neu (Guy et al., 1992b) and MMTV-PyMT
(Guy et al., 1992a) driven tumors (designated as Neu and PyMT tumors, respectively) have been
well-characterized and used extensively to illuminate the roles of various oncogenic and tumor sup-
pressive pathways that are relevant in Her2* and other luminal breast cancers. Essentially, the
MMTV-Neu tumors examined were ER/PR/HER2" while the MMTV-PyMT tumors were ER/PR’/
HER2'° (Figure 1—figure supplement 1A). Complementarily, Brcal™" Trp537F Krt14-Cre mice
develop mammary tumors (Liu et al., 2007) (designated as BRCA1-null tumors) which mimic basal-
like breast cancers and were ER/PR/HER" (Figure 1—figure supplement 1A). In these experiments,
PyMT, Neu and BRCA1-null tumors were derived and extracted from congenic FvB background
mice when tumors were approximately 1000 mm?®. Tumors were dissociated into single-cell suspen-
sions before sorting for epithelial CD24™ Lin" (CD31" CD45™ Ter119") cells (Figure 1A, Figure 1—fig-
ure supplement 1B-C), to enrich for tumor cells and reduce stromal cell contamination.
Consequently, isolated tumor cells from the three different tumor types were subjected indepen-
dently to the Chromium 10x droplet-based single-cell RNA-sequencing (sc-RNAseq) platform,
before pooling together cDNA libraries from all tumors for sequencing. Biological replicates for
each tumor type were sequenced independently in a second batch. A total of 11842 cells were
sequenced from all three tumor types and after rigorous quality control filtering (Figure 1—figure
supplement 2A-D), 9983 cells (4154, 3545 and 2284 cells for Neu, PyMT and BRCA1-null tumors,
respectively) were retained for subsequent analyses. On average, between 2205 to 3363 unique
genes were detected for cells from each tumor sample (Figure 1—figure supplement 2E). Despite
sequencing the tumor replicates in a separate batch, initial analysis of cells through dimensionality
reduction algorithms (Bioconductor: scran) revealed that cells from both replicates were overlapping
to a large degree (Figure 1—figure supplement 3A). Moreover, replicates of respective tumor
types were clustering together (Figure 1T—figure supplement 3B) and had a high degree of concor-
dance (Pearson correlation coefficients > 0.97 between respective replicates for all tumor types, Fig-
ure 1—figure supplement 3C-E), indicating that batch effects were minimal. Among these cells,
the majority were more closely associated with a G1 cell cycle state and less than 2.5% of cells were
either in G2/M or S phases (Figure 1—figure supplement 4A-D). Additionally, normal mammary
epithelial cell (MEC) contamination was inferred to be minimal among the cells examined (Cells with-
out CNV in Neu: 0.4%, PyMT: 0%, BRCA1-null: 8.8%) (Figure 1—figure supplement 4E-F).

Initial visualization of the data through t-distributed stochastic neighbor embedding (t-SNE) plots
showed that Neu, PyMT and BRCA1-null tumor cells formed three distinct groups (Figure 1B) with
minimal overlap between cells of distinct tumor types, which is consistent with each of these models
being driven by distinct oncogenic events. These three main groups could be further subdivided
into six clusters upon unsupervised clustering analysis by a shared nearest-neighbor clustering
approach (Figure 1C). To broadly characterize the different clusters, a gene expression heatmap
comprising the top-ranked differentially upregulated genes between each cluster was generated
(Figure 1D). The basal-like BRCA1-null cells had increased expression of basal-associated genes
such as Krt14, Vim and Sparc (Figure 1D-E). Intriguingly, the BRCA1-null tumor cells could be segre-
gated further into cells with basal (Cluster 4) and mesenchymal (Cluster 5) features, respectively
(Figure 1D). Cluster 4 cells expressed higher levels of epithelial genes (Cldn4, Cldn3, Epcam)
whereas Cluster 5 was defined by expression of mesenchymal genes (Vim, Sparc, Col3al, Bgn)
(Figure 1D). A very small proportion of PyMT cells can also be found within both of these clusters
and the presence of basal cells (KRT14" leader cells or CD29" cells) have been described in this
tumor model (Cheung et al., 2013; Yeo et al., 2016). In the case of PyMT tumor cells, higher levels
of Ltf, Spp1, Anxal and Cldn4 distinguish them from Neu and BRCA1-null tumor cells (Figure 1D
and F), and some of these genes have been associated with luminal progenitors (Nguyen et al.,
2018). In addition, levels of the luminal progenitor marker Aldh1a3 was exclusively detected in
PyMT tumor cells (Figure 1F), indicating that these tumors consist of cells associated with a primitive
luminal cell state (Eirew et al., 2012). Neu tumor cells can be divided into Cluster 1 and Cluster 2,
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Figure 1. Tumor cells from distinct mouse models of breast cancer cluster separately and can be differentiated by the expression of mammary lineage
markers. (A) Schematic of workflow for the isolation of mammary tumor cells from BRCA1-null, PyMT and Neu tumors for scRNA-seq. (B) t-SNE plots of
mammary tumor cells colored by tumor sample; Neu (blue), PyMT (green), BRCA1-null (red). (C) t-SNE plots of mammary tumor cells colored by clusters

Figure 1 continued on next page
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1-6. (D) Heatmap of top differentially upregulated genes between tumor clusters. (E-G) t-SNE plots of tumor clusters colored by the normalized log-

transformed expression of the indicated genes classified as (E) basal genes, (F) luminal progenitor associated genes and (G) alveolar lineage genes.

The online version of this article includes the following figure supplement(s) for figure 1:

Figure supplement 1. Receptor status and representative gating strategy for sorting of Lin” CD24" mammary tumor cells from the distinct tumors.

Figure supplement 2. Quality control filtering of scRNA-seq prior to processing.
Figure supplement 3. Replicates of tumor samples exhibit a high degree of concordance and reproducibility.
Figure supplement 4. Cell cycle and copy number variation (CNV) prediction for individual tumor cells.

both expressing higher levels of genes associated with secretory alveolar differentiation such as
Csn1s1, Lalba and Tspan8 (Figure 1D and G). Levels of some alveolar differentiation genes such as
Cited4 and Tspan8 were marginally higher in Cluster 1, indicating that Cluster 1 cells were more dif-
ferentiated along the alveolar lineage relative to Cluster 2 (Figure 1D). Altogether, these results
revealed that mammary tumors driven by different oncogenic events contained clusters of tumor
cells that were associated with distinct developmental cell states with minimal overlap between the
tumor types.

Mammary tumors exhibit distinct patterns of hierarchical heterogeneity
To gain a better understanding of the distinct cell states that were represented by the mammary
tumor models, we examined the single-cell transcriptomes of the tumor cells in comparison to that
of normal mouse mammary epithelial cells (MECs) across unique developmental stages (nulliparous,
mid-gestation, lactation and post-involution) (Bach et al., 2017). In the previous study, 20 cell states
were identified and their putative identities determined (C1-C15: epithelial cell clusters, C16-C20:
other cell types). The broad coverage of this normal MEC dataset across varying developmental
stages would allow for the prospective identification of developmental processes hijacked by tumor
cells in these mouse models (e.g. pregnancy mimicry, involution mimicry). The relative differences in
gene expression pattern between 12000 cells (11637 cells after quality control) randomly selected
from Bach et al.’s dataset (Bach et al., 2017) together with 9983 cells in our dataset were analyzed
using Seurat v3 (Figure 2A). The Seurat v3 R package allows for integration of separate experimen-
tal datasets across species and even varying experimental platforms (Stuart et al., 2019). We found
that Neu, PyMT and BRCA1-null tumor cell clusters overlapped with distinct normal MEC clusters
through this analysis (Figure 2B).

BRCA1-null tumor cells were distributed amongst distinct clusters associated with C13, basal cells
during gestation (C13:Bsl-G) and C12, basal cells (C12:Bsl) (Figure 2C), consistent with our initial
observations of these cells having increased expression of basal genes (Figure 1D-E). The expres-
sion of Col4al is relatively higher in C13:Bsl-G cells (Figure 2D), differentiating them from C12:Bs|
associated tumor cells. In addition, BRCA1-null cells also clustered amongst C10, alveolar progeni-
tors during gestation (C10:AvP-G), C15, PROCR+ cells that arise during lactation (C15: Prc) and
C18, fibroblasts with mesenchymal features (C18:Fibroblasts) (Figure 2C). The expression of Coll1a2
was evidently higher in C18:Fibroblasts (Figure 2E), which is typical of their extracellular matrix
deposition functions and fits with our earlier observation of cluster 5 (Figure 1D), which exhibit
increased mesenchymal gene expression. It is also worth noting that a spectrum of BRCA1-null
tumor cells can be found distributed between clusters C12:Bsl and C10:AvP-G (Figure 2C). These
cells could represent a population with hybrid basal-alveolar gene expression, which have also been
documented by Bach et al. and were designated as C20 (Bach et al., 2017). This highlights the
extensive degree of cell state heterogeneity within BRCA1-null tumors.

As for PyMT tumor cells (Figure 2F), they primarily clustered between C6, luminal progenitors
from nulliparous glands (C6:LP-NP) and C7, luminal progenitors during involution (C7:LP-PI), consis-
tent with their association with a luminal progenitor gene expression signature seen in our initial
analysis (Figure 1F). A small proportion of PyMT cells were also converging with C10, alveolar pro-
genitors during gestation (C10:AvP-G), indicating the priming of these luminal progenitor-like cells
towards the alveolar lineage (Figure 2F). Interestingly, PyMT tumor cells that were proximal to the
C6:LP-NP cluster exhibited elevated Aldh1a3 expression (Figure 2G), whereas there was an
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Figure 2. Mouse mammary tumors display distinct patterns of hierarchical heterogeneity. (A) t-SNE plots of mammary tumor cells (light blue) along with
12000 randomly selected normal MECs (pink) from Bach et al.’s dataset (Bach et al., 2017). (B-l) Similar t-SNE plots colored by (B) tumor sample and
putative normal MEC identity (as described in Bach et al., 2017), (C) BRCA1-null tumor cells (red) with surrounding clusters, (D) normalized log-
transformed expression levels of Col4al, (E) normalized log-transformed expression levels of Col1a2, (F) PyMT tumor cells (green) with surrounding
tumor clusters, (G) normalized log-transformed expression levels of Aldh7a3, (H) normalized log-transformed expression levels of Mfge§, (I) Neu tumor
cells (blue) with surrounding clusters, (J) normalized log-transformed expression levels of Csn1s2a and (K) normalized log-transformed expression levels
of Col%al.

The online version of this article includes the following figure supplement(s) for figure 2:

Figure supplement 1. Independent iterations for Seurat v3 analysis and Monocle trajectory analysis of mammary tumor cells.
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enrichment of cells with high Mfge8 expression towards the C7:LP-PI cluster (Figure 2H), suggesting
that the post-involution state is associated with increased Mfge8 expression.

Comparison of Neu tumor cells with the various clusters in Bach et al.’s dataset showed that they
were mostly clustered between C9, alveolar differentiated cells during lactation (C9: AvD-L) and
C11, alveolar progenitor cells of lactating glands (C11:AvP-L)(Figure 2I). A portion of tumor cells
adjacent to C11 also extend into and overlap with C7, luminal progenitor cells from post-involution
(C7:LP-PI). We also noted Neu tumor cells scattered between C8, alveolar differentiated cells during
gestation (C8:AvD-G) and C10, alveolar progenitor cells during gestation (C10:AvP-G). These results
were consistent with the initial analyses for Neu tumor cells that exhibited a secretory alveolar gene
expression signature (Figure 1G), and also suggested these Neu tumors contained cells which corre-
sponded to a spectrum of differentiation states within the secretory alveolar lineage (i.e. C7:LP-Pl —
C11 and C10: AvP — C9 and C8: AvD). The increasing level of differentiation in this cascade among
the population of Neu tumor cells was also supported by the gradual change in expression of the
milk protein gene Csn1s2a in the main cluster of Neu tumor cells (Figure 2J). Additionally, the dis-
tinct pattern of Col9a1 expression among Neu tumor cells (Figure 2K) suggested the clustering of
alveolar cells from gestation and lactation timepoints respectively. Overall, this analysis utilizing
Seurat v3 (Figure 2) was robust and stable, as evidenced by the same pattern of overlap between
tumor and normal cells from two other independent iterations, utilizing independent sampling of
random cells from Bach et al.’s dataset (Figure 2—figure supplement 1A).

In order to provide a clearer definition of cells with similar gene expression patterns, standard
graph-based clustering approach was applied on the combined dataset of tumor and normal cells
and this integrated analysis resulted in 17 clusters (Cluster 0-16) (Figure 3A). Tumor cells were clus-
tered with certain normal cells through this analysis, indicating shared gene expression patterns
between tumor cells and certain cell states (Figure 3B). Based on the heatmap of genes defining
these clusters (Figure 3C), it was apparent that the clustering was influenced largely by genes that
define mammary cell lineages or states such as Spp1, Ltf, Acta2, Lalba, Wap, Prlr, Areg and Col1a2.
Accordingly, the number of tumor cells that were assigned into clusters with normal cells of a partic-
ular cell state could be determined in detail (Figure 3D). The majority of BRCA1-null cells were
assigned into clusters 5 and 8 (41.5% and 20.6% of total BRCA1-null cells respectively), which con-
tained C12:Bsl, C13:Bs|-G and C20 cells. The other cell states that were associated with more than
1% of BRCA1-null cells were LP, AvP, AvD, C14:Myoepithelial, C15:Prc and C18:Fibroblasts. In the
case of PyMT tumor cells, 93% of cells were assigned into cluster 0, which corresponded to the lumi-
nal progenitor populations Cé:LP and C7:LP-PI (Figure 3D). Most of the remaining PyMT tumor cells
were assigned into clusters 3 and 4, that were associated with C7:LP-PI, AvP and AvD cells. Neu cells
were also assigned into Clusters 3 and 4 (33% and 7.7% of total Neu cells respectively), further
affirming the alveolar lineage association of these tumor cells (Figure 3D). The bulk of Neu tumor
cells (58%) were assigned into cluster 2, corresponding to C8:AvD-G cells. Overall, the association
between tumor and normal cells through clustering (Figure 3) corroborated the observations from
t-SNE plots (Figure 2), alleviating complications that may arise when interpreting distances in low
dimensional space (Figure 2, t-SNE). Taken together, our comparative analyses of various tumor
cells superimposed with a recently described single-cell transcriptome dataset of normal MECs
revealed the unique segments of the mammary differentiation spectrum occupied by each tumor
type, with potentially distinct lineage-specific TPCs in each of the tumors examined.

As an orthogonal approach, we utilized Monocle pseudotime analysis, which allows the visualiza-
tion of gradual but stochastic transitions between cells (Trapnell et al., 2014) to examine the relative
relationship between tumor cells from different models across a continuum of differentiation states.
The computed cell state trajectory for these tumor cells can be represented by ascending diffusion
pseudo-times (DPT) that span from O to 43 DPT (Figure 2—figure supplement 1B). Evidently, a
main root and two branches can be observed, but only a small proportion of tumor cells from dis-
tinct tumor types overlapped at the intersection of these branches (Figure 2—figure supplement
1B-C). Accordingly, BRCA1-null tumor cells exhibited the lowest DPT, PyMT tumor cells had moder-
ate DPT, whereas Neu tumor cells were associated with the highest DPT (Figure 2—figure supple-
ment 1D-E). Together, these results further substantiated the fact that these different tumor models
comprised of cells which corresponded mostly to distinct spectrums of cell states.
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Figure 3. Clustering of tumor and normal datasets reveal distinct spectrums of cell states within each tumor. (A) t-SNE plots of tumor and normal
datasets colored by clusters 0-16. (B) t-SNE plots showing the composition of normal and tumor cells respectively in clusters 0-16. (C) Heatmap of top
upregulated genes defining cluster 0-16. (D) Table showing the number of tumor and/or normal cells within clusters 0-16. Tumor cell numbers which

were more than 1% of the total cells for each respective tumor type are colored; BRCA1-null (red), PyMT (green) and Neu (blue).
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Analysis of unique patterns of intra-tumoral heterogeneity in different
mouse models of breast cancer

Intra-tumoral heterogeneity is increasingly recognized as a critical factor for cancer metastasis,
relapse and drug resistance (Tabassum and Polyak, 2015). Therefore, we focused on dissecting the
single cell transcriptomes of tumor cells within individual models of mammary tumors. Both repli-
cates were included for each tumor model and the distribution of cells was even amongst the clus-
ters for all tumor types (Figure 4—figure supplement 1A-C). The BRCAT-null tumors can be
clustered into five main clusters, designated as BRCA1-1 to BRCA1-5 (Figure 4A-B). The BRCA1-1
cluster consisted of proliferating cells with increased expression of cell cycle related genes such as
Birc5, Tyms and Mki67. BRCA1-5 was a cluster with strongest expression of prototypical basal genes
such as Krt14 and Igfbp5. Interestingly, BRCA1-2 cells exhibited a partial EMT gene expression pat-
tern with moderate levels of collagens and the highest levels of EMT transcription factors such as
Yap1, Twist1 and Zeb1 (Figure 4B). On the other hand, BRCA1-3 cells expressed the highest levels
of genes associated with fibroblasts (Figure 4B) and this would fit with our previous observations of
a sub-population of BRCA1 null cells with mesenchymal characteristics (Figures 1-3). Within this pre-
dominantly basal tumor type, cells with features of AvPs (BRCA1-4) were also present with elevated
levels of Cldn3, Malat1, Krt18, Wfdc18 and Mfge8. Once again, the extensive heterogeneity within
these BRCA1-null tumors were apparent along with the genes and pathways for each of these clus-
ters (Figure 4—source datas 1-2).

For PyMT cells, we identified three clusters, PyMT-1 to PyMT-3, which corresponded to LP-Involu-
tion (LP-PI) cells, Av-primed LPs and LPs respectively (Figure 4C-D). The involution genes elevated
in PyMT-1 included Mfge8, Csf3, Spp1 and Ltf (Figure 4D, Figure 4—source data 3) which corre-
sponded well to enrichment of gene ontologies (GO) such as ‘lipopolysaccharide-mediated signal-
ing’ and ‘positive regulation of phagocytosis’ (Figure 4—source data 4). Apart from expressing
higher levels of alveolar differentiation genes (Lalba, Wap, Csn1s1), PyMT-2 cells were also found to
express higher levels of genes categorized under the GO, ‘oxidative phosphorylation’ (Figure 4—
source data 4). Contrastingly, upregulated genes for PyMT-3 cells were enriched for those catego-
rized under ‘glycolytic process’ (Figure 4—source data 4), highlighting the possibility of metabolic
heterogeneity between these PyMT tumor populations.

Additionally, we also performed scRNA-seq analysis on a 4T1 transplant tumor but this sample
was not included in prior analysis (Figures 1-3), to avoid confounding factors such as genetic back-
ground. Nonetheless, intra-tumoral analysis revealed the presence of three clusters designated as
4T1-1 to 4T1-3 (Figure 4—figure supplement 2A). Cluster 4T1-1 showed increased co-expression
of IFN signaling genes (Irf1, Irf8, Cxcl9, Cxcl10) and the proliferation marker gene Mkié7 (Figure 4—
figure supplement 2B). Immunohistochemical staining for IRF1 and Kié7 in serial sections of 4T1
tumors validated the presence of IRF1* and Ki67™" cells within the same region of these tumors (Fig-
ure 4—figure supplement 2C), suggesting that activation of interferon signaling could be a driver
for tumor growth in this model. Another noteworthy feature of cells within this model was the
increased expression of MHC-II molecules such as H2-Ab1 and H2-Aa in cluster 4T1-3 (Figure 4—fig-
ure supplement 2B, Figure 4—source data 5). Although the expression of MHC-II have been gen-
erally attributed to be a feature of immune cells, tumor cell expression have been documented
(Forero et al., 2016) and the significance of its increased expression in this sub-population of cells
would be an interesting avenue for future studies.

Together, these studies illuminated the complex patterns of intra-tumoral heterogeneity for each
model. They also provided interesting information for each cluster of cells within individual tumors,
although the TPCs and putative markers to be used for isolation could not be deduced easily based
on the current analysis so far, except for that in Neu cells discussed below.

Identification of CD14" cells with increased tumorigenic potential in
MMTV-Neu tumors

Examination of Neu tumor cells revealed four clusters (Neu-1 to Neu-4) with well-defined characteris-
tics to allow illustration of their hierarchical relationships (Figure 4E and F). Neu-3 cells had
increased expression of milk production related genes such as Lalba and can be defined by higher
expression of Cited4, Cd36 and Aqp5 which corresponded to the AvD cell state Figure 4F, Fig-
ure 4—source datas 6-7). Although cells within the Neu-2 cluster also exhibited increased milk
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Figure 4. |dentification of tumor sub-populations from distinct mouse models of breast cancer. (A,C,E) t-SNE plots for individual tumor samples (A)
BRCA1-null tumor, (C) PyMT tumor and (E) Neu tumor, respectively. (B,D,F) Tables summarizing the sub-clusters, putative identities and key cluster
defining genes; (B) BRCA1-null tumor, (D) PyMT tumor and (F) Neu tumor, respectively.

The online version of this article includes the following source data and figure supplement(s) for figure 4:

Source data 1. Differentially upregulated genes between sub-clusters in BRCAT-null tumors.

Source data 2. Differentially upregulated pathways (GO analysis) between sub-clusters in BRCAT-null tumors.
Source data 3. Differentially upregulated genes between sub-clusters in PyMT tumors.

Source data 4. Differentially upregulated pathways (GO analysis) between sub-clusters in PyMT tumors.
Source data 5. Differentially upregulated genes between sub-clusters in a 4T1 tumor.

Source data 6. Differentially upregulated genes between sub-clusters in Neu tumors.

Source data 7. Differentially upregulated pathways (GO analysis) between sub-clusters in Neu tumors.
Figure supplement 1. Even distribution of cells between respective tumor replicates in intra-tumoral analysis.
Figure supplement 2. Intra-tumoral heterogeneity within a 4T1 tumor.

Figure supplement 3. Cluster BRCA1-3 cells with mesenchymal characteristics were classified as tumor cells due to inferred presence of copy number
variations (CNVs).

Figure supplement 4. Relapse free survival plots for breast cancer patients with gene expression signatures associated with BRCA1 clusters.
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production related genes, this population had elevated expression of Cd14, Tnfrsf12a, Nfkbia, Bcl3
and Osmr. The increased expression of Cd14 in this Neu-2 cluster led us to the inference that these
were AvP cells, since Cd14 has been described as a marker for progenitor cells (Bach et al., 2017).
Neu-1 cells did express Cd14 along with increased LP-associated genes such as Cldn10, Malat1, and
Krt18. Moreover, this cluster had lower expression of milk production genes, which indicated that
these cells were most closely associated with C7:LP-PI cells. Neu-4 was a smaller cluster of proliferat-
ing cells characterized by elevated Birc5, Tyms and Pcna. The presence of Neu-4 cells in opposing
ends of t-SNE dimension one suggested that there were distinct cell states with proliferative poten-
tial in this tumor model (Figure 4E).

Although multiple bioinformatics analyses of sc-RNAseq datasets from three tumor models did
not reveal a universal BCSC population from the tumors examined, all these studies suggested the
possibility that the less differentiated progenitor-like cells could act as lineage-specific TPCs in each
particular tumor. We therefore took an experimental approach to test this idea using the Neu tumor
due to its best-defined hierarchical structure from LPs (Neu-1) to AvPs (Neu-2) to AvDs (Neu-3). Both
Neu-1 and Neu-2 clusters expressed higher levels of the luminal progenitor marker, Cd14 (Asselin-
Labat et al., 2011), along with other STAT3 target genes (Bcl3, Osmr [Clarkson et al., 2004]) and
Nfkbia (Figure 5A). It is worth noting that the STAT3 pathway has been associated with acquisition
of BCSC properties (Wei et al., 2014). We can also detect the presence of CD14" cells in a sub-pop-
ulation of Neu tumor cells by immuno-histochemistry, validating the scRNA-seq observations
(Figure 5B). In order to evaluate the potential of CD14 as a cell surface marker for the isolation of
putative TPCs in the Neu model, we generated a cell line (designated as N148 cells) from one of the
Neu tumors that were analyzed in Figures 1-4. Through fluorescence assisted cell sorting (FACS),
we isolated CD14" and CD14'" populations from N148 cells (Figure 5C) and characterized these
populations. Consistently, levels of Cd14, Bcl3, Osmr and Nfkbia were significantly increased in the
CD14"" populations (Figure 5D). The increased expression of STAT3 target genes in the CD14"" pop-
ulation was also accompanied by elevated phospho-Stat3 levels (Figure 5E). When transplanted into
syngeneic FvB mice at limiting dilutions, the CD14" population also exhibited increased tumorigenic
potential with an estimated TPC frequency of 1/278 compared to 1/2295 for CD14" cells (Chi-
squared test, p=0.00134) (Figure 5F). These results illustrated the TPC properties of luminal progen-
itor-like CD14" cells within Neu tumors.

Single-cell intrinsic molecular subtype assignment reveals breast cancer
subtype heterogeneity within tumors

Although intrinsic molecular subtyping of breast tumors as a whole can be insightful in predicting
prognosis and stratifying patients for therapy (Serlie et al., 2001), these classification strategies do
not account for the extensive heterogeneity at single-cell level. Since tumor cells corresponding to
distinct cell states were observed within the respective tumors examined (Figures 2-3), we postu-
lated that distinct intrinsic breast cancer subtypes would co-exist within such tumors (Yeo and Guan,
2017). To investigate this possibility, we utilized PAM50 and claudin-low signatures (Prat et al.,
2010), which are routinely used for intrinsic molecular subtyping of breast tumors, to classify single
mammary tumor cells using the Bioconductor package, genefu (Gendoo et al., 2016). Single cells
were assigned intrinsic subtypes according to their respective correlations with claudin-low and
PAMS50 centroids (nearest centroid classifier). This approach has been utilized for single-cell analysis
of human breast tumors (Kim et al., 2018). Interestingly, the Neu, PyMT and BRCA1-null tumors
each comprised of cells which corresponded to several intrinsic breast cancer subtypes (Figure 6A).
The BRCA1-null tumors had larger proportions of claudin-low and basal-like tumor cells (Figure 6A),
whereas Neu and PyMT tumors contained more luminal A and normal-like subtype cells (Figure 6A).
In general, this reflects the characteristics of the bulk tumors that were more basal-like (BRCA1-null)
and luminal (Neu and PyMT) respectively. The presence of mesenchymal populations in BRCA1-null
tumors (Figures 3D and 4A) was also concordant with the assignment of claudin-low subtypes in
this tumor type (Figure 6A). Altogether, the observation of multiple breast cancer subtypes within a
tumor warrants further investigation into its potential clinical significance.
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Figure 5. Isolation of CD14" cells with increased tumorigenic potential in the Neu tumor. (A) t-SNE plots showing the expression levels of Cd14, Bel3,
Osmr and Nfkbia in the Neu tumor sub-clusters. (B) Representative immuno-histochemical staining of Neu and CD14 in a Neu tumor. (C) Dot plot
showing the gating for isolation of CD14" and CD14'*” Neu tumor cell sub-populations. (D) Relative mRNA expression levels of Cd14, Bcl3, Osmr and
Nfkbia between the sorted Neu tumor sub-populations. Bar charts show mean expression values and error bars represent standard error (n = 9,
Figure 5 continued on next page
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Figure 5 continued

triplicates from three independent experiments, ** denotes p<0.01, *** denotes p<0.001). (E) Immuno-blots showing the levels of phospho-STAT3,
STAT3 and ACTIN between the sorted Neu tumor sub-populations. (F) Limiting dilution transplant analysis of sorted Neu tumor sub-populations in
syngeneic FvB mice. The appearance of tumors were recorded 4 weeks post-transplant and CSC frequencies were estimated using ELDA limiting
dilution analysis (Hu and Smyth, 2009).

The online version of this article includes the following figure supplement(s) for figure 5:

Figure supplement 1. CD14 protein expression levels in mouse models and human breast tumors.
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Discussion

In this study, we analyzed the single-cell transcriptomes of 11639 mammary tumor cells from three
prominent mouse models of breast cancer (BRCA1-null, PyMT, Neu). Interestingly, we found that
tumor cells from these distinct models corresponded to minimally overlapping spectra across the
mammary differentiation hierarchy (Figure 6B). In exact, BRCA1-null tumor cells corresponded to
mesenchymal, basal and AvP lineages. On the other hand, PyMT tumor cells were associated with
LPs of nulliparous and involution timepoints, whereas Neu tumor cells spanned the spectrum from
LPs to AvPs to AvD cells. In a scenario with universal BCSCs, the universal BCSCs from different
tumor models should cluster together in t-SNE analyses but this was not apparent from our analyses.
However, the results presented here do not exclude the possibility of the existence of universal
BCSCs, because they may exist at frequencies that were not detectable based on the cell numbers
examined (<0.5%). The sorting of CD24" cells may also exclude cells that have undergone EMT but
we utilized a less stringent CD24" gating strategy (Figure 1—figure supplement 1) that still enabled
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Figure 6. Single-cell intrinsic molecular subtype assignment of mammary tumor cells and model for the distribution of cell states within each mammary

tumor. (A) Bar charts showing the % of cells representing claudin-low (navy blue), basal-like (orange), Her2 (blue), luminal A (yellow), luminal B (purple)
and normal-like (green) breast cancer subtypes within BRCA1-null, PyMT and Neu tumors. (B) Schematic model summarizing the distribution of cell
states for each of the tumors examined. Lines represent differentiation trajectories of MECs, while circles indicate cells.
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the identification of mesenchymal populations, especially in the BRCA1-null tumors. Despite these
potential limitations, our observations indicated that each of the tumors investigated were likely to
contain lineage specific TPCs respectively. To illustrate this in the Neu tumor, we isolated LP-like
and AvP-like cells through enrichment of CD14"" cells and showed that these cells exhibited
increased tumorigenic potential in limiting dilution experiments, which fits the operational definition
of TPCs (Figure 5). These CD14" cells in the Neu tumors could be highly enriched for parity
induced-MECs, that have been previously described to be BCSCs in this model (Asselin-Labat et al.,
2011; Henry et al., 2004). In light of recent lineage-tracing studies showing that the basal, luminal
ER" and luminal ER" MEC populations can respectively self-sustain (Van Keymeulen et al., 2017,
Van Keymeulen et al., 2011, Wang et al., 2017), it is not too surprising if distinct TPCs contribute
to the propagation of particular tumor subtypes/lineages.

We anticipate that tumors spanning a similar differentiation spectra (tumors with LP, AvP and
AvD cells) will contain identical TPCs that can be isolated by the surrogate marker CD14. However,
the illumination of distinct hierarchical patterns in the varying tumor types indicates that this marker
will not be universally applicable to all tumor types. As an example, all the tumor cells within the
PyMT model correspond to the LP cell state and in such a scenario CD14 is not differentially
expressed between the tumor cell clusters (Figure 4—figure supplement 1E). Accordingly, from
our previous studies (Yeo et al., 2016), TPCs in PyMT-driven tumors can be demarcated by higher
expression of the more specific, primitive LP marker, Aldh1a3 (Eirew et al., 2012). As for the
BRCA1-null model (Figure 4—figure supplement 1D), it is likely that CD14 will demarcate LP cells
that are of the pre-malignant stages before these cells trans-differentiate toward a more basal/mes-
enchymal cell state (Wang et al., 2019) and this will be an interesting prospect to be addressed in
our future work. It is possible that Cluster BRCA1-3 cells (Figure 4B) were also trans-differentiated
mesenchymal tumor cells because they were mutually exclusive from cells that had normal copy
number variation (CNV) predictions (Figure 4—figure supplement 3A). Cells from cluster BRCA1-3
were classified as tumor because they were predicted to harbor chromosomal amplification or dele-
tion events (Figure 4—figure supplement 3B). In order to examine whether there were any poten-
tial associations between the genes expressed by BRCA1 clusters with breast cancer patient survival,
we used the aggregated mean expression of the top 50 differentially expressed genes for each
BRCAT1 cluster to analyze potential associations between survival of patients with high or low gene
signatures for each cluster, respectively, utilizing KM-plotter (Gyérffy et al., 2010). Interestingly, this
analysis revealed that patients expressing higher levels of the genes differentially expressed by clus-
ters BRCA1-1 (Proliferating) and BRCA1-4 (Alveolar Progenitor-like) respectively (Figure 4B), were
associated with poorer relapse-free survival (Figure 4—figure supplement 4). While the association
between proliferation (cluster BRCA1-1) and poor prognosis may not be too surprising (van Diest
et al., 2004), the observation that alveolar progenitor-like (cluster BRCA1-4) gene expression was
associated with poorer survival is interesting and worthy of further examination in future work. Since
CD14 protein expression can be detected in a subset of BRCA1-null mouse tumor cells (Figure 5—
figure supplement 1A), as well as human breast cancers (Figure 5—figure supplement 1B), further
work will be necessary to validate its potential significance in human breast cancer. In general, our
finding of distinct patterns of cell state heterogeneity accentuates the need to specifically select and
utilize markers to isolate relevant populations based on the respective tumor hierarchies, instead of
universally employing surrogate TPC markers across all tumor types.

Importantly, our proposed model incorporates the elaborate intricacy of the mammary differenti-
ation hierarchy, which is a conceptual leap from the focus on just universal BCSCs that reside at the
apex of the tumor hierarchy. As in the case of the Neu tumor (Figure 5), progenitor-like cells and
other intermediary states within the tumor hierarchy could also be relevant. Even the more differenti-
ated cell states may have a role in supporting tumor growth through a paracrine manner and similar
mechanisms of cooperativity between tumor sub-populations have been documented (Cleary et al.,
2014; Marusyk et al., 2014). The clinical implications of our proposed model are that we cannot
assume the presence of universal BCSCs in every tumor and prescribe universal BCSC targeting
drugs without considering the specific stem/progenitor TPCs that may be driving them. The compo-
sition (hierarchical heterogeneity) of breast tumors may need to be accounted for to determine the
combination of therapeutic agents that can effectively eliminate all the tumor sub-populations with
discrete susceptibilities (Yeo and Guan, 2017).
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With regard to that, intrinsic molecular subtyping of breast cancers can be associated with partic-
ular tumor differentiation cell states (Visvader and Clevers, 2016) and single-cell intrinsic molecular
subtyping (Chung et al., 2017; Yeo and Guan, 2017) could potentially play a role in illuminating the
spectrum of hierarchical heterogeneity within tumors. As we and others have shown (Figure 6A),
multiple breast cancer subtypes can co-exist within a tumor (Kim et al., 2018) and there also
appears to be some concordance between the tumor cell states and intrinsic molecular subtypes
that were present. Even then, stratification strategies for single-cell classification will require further
refinement because of the influence from cell-cycle-related genes. It would also be interesting to
determine if tumor subtype composition at the single-cell level have prognostic value in breast can-
cer patients. Altogether, diagnosing the intra-tumoral breast cancer subtype heterogeneity may pro-
vide an indication of the hierarchical heterogeneity within tumors and guide the selection of
combinatorial therapeutic regimens.

In summary, the data that was generated in this study provides insights into the degree of intra-
tumoral heterogeneity within several mouse models of breast cancer. Although we have only ana-
lyzed these tumors under ‘steady state’ conditions, the single-cell data can serve as an important ref-
erence point for future studies which perturb the dynamics of the sub-populations. It would be
interesting to investigate the changes in sub-populations after treatment, genetic manipulation, in
secondary tumor sites and the degree of plasticity between these populations. In light of a hierarchi-
cal model for metastasis (Lawson et al., 2015), it is possible that certain sub-populations from these
tumor models would be enriched in circulation, along the metastatic cascade. Although we did
observe a more mesenchymal sub-population in BRCA1-null tumors and the process of EMT has
been shown to confer stem-like properties (Chaffer et al., 2013), it would be interesting to identify
other potential factors that may regulate tumor cell plasticity in some of the other tumor sub-popula-
tions (Dravis et al., 2018). Crucially, our results unraveled the distinct spectrum of differentiation
states within mammary tumors and indicate that these tumors contain lineage-specific stem/progeni-
tor-like TPCs. This emphasizes the need to account for the distinct spectrum of differentiation states
within breast tumors to prevent therapeutic resistance.

Materials and methods

(species) or resource Designation Source or reference Identifiers Additional information

Genetic reagent FVB/NJ Jackson 001800 RRID:IMSR_JAX:001800

(Mus musculus) Laboratory

Genetic reagent BALB/cJ Jackson 000651 RRID:IMSR_JAX:000651

(Mus musculus) Laboratory

Genetic reagent FVB/N-Tg(MMTV- Jackson 002376 RRID:IMSR_JAX:002376

(Mus musculus) neu)202Mul/J Laboratory

Genetic reagent FVB/N-Tg(MMTV- Jackson 002374 RRID:IMSR_JAX:002374

(Mus musculus) PyVT)634Mul/J Laboratory

Genetic reagent FVB/N-Brca1”f Liu et al., 2007 Jos Jonkers

(Mus musculus) Trp53” Tg(Krt14-Cre) RRID:MGI:3762188

Cell line N148 This paper Primary cell line derived

(Mus musculus) from Neu tumor. Description
can be found under the
‘Limiting dilution
transplantation’ section in
Materials and methods

Cell line FFO9WT This paper Primary cell line derived

(Mus musculus) from PyMT tumor.
Description
can be found under
the ‘Animals’ section in
Materials and methods

Cell line 4T1 ATCC CRL-2539 RRID:CVCL_0125

(Mus musculus)

Continued on next page
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Reagent type

(species) or resource Designation Source or reference Identifiers Additional information
Antibody Anti-CD14 Invitrogen PA5-78957 IHC (1:200)
(Rabbit polyclonal) RRID:AB_2746073
Antibody Anti-ErbB2 Cell Signaling 2165 IHC (1:200)
(Rabbit monoclonal) Technology RRID:AB_10692490
Antibody Anti-Mki67 Spring M3062 IHC (1:200)
(Rabbit monoclonal) Bioscience RRID:AB_11219741
Antibody Anti-Irf1 Cell Signaling 8478 IHC (1:200)
(Rabbit monoclonal) Technology RRID:AB_10949108
Antibody Anti-p-Stat3 Cell Signaling 9145 WB (1:1000)
(Rabbit monoclonal) Technology RRID:AB_2491009
Antibody Anti-Stat3 Cell Signaling 9139 WB (1:1000)
(Mouse monoclonal) Technology RRID:AB_331757
Antibody Anti-beta Actin Sigma A5441 WB (1:1000)
(Mouse monoclonal) RRID:AB 476744
Antibody PE Anti-CD24 BD Biosciences 553262 Flow (1:200)
(Rat monoclonal) RRID:AB_394741
Antibody APC Anti-CD31 Biolegend 102410 Flow (1:500)
(Rat monoclonal) RRID:AB_312905
Antibody APC Anti-TER119 Biolegend 116212 Flow (1:500)
(Rat monoclonal) RRID:AB_313713
Antibody APC Anti-CD45 Biolegend 103112 Flow (1:500)
(Rat monoclonal) RRID:AB_ 312977
Antibody APC/Cy7 Anti-CD14 Biolegend 123317 Flow (1:200)
(Rat monoclonal) RRID:AB_10900813
Sequence- CD14 F IDT gPCR primer ACCGACCATGGAGCGTGTG
based reagent
Sequence- CD14 R IDT gPCR primer GCCGTACAATTCCACATCTGC
based reagent
Sequence- BCL3 F IDT gPCR primer CCGGAGGCCCTTTACTACCA
based reagent
Sequence- BCL3R IDT gPCR primer GGAGTAGGGGTGAGTAGGCAG
based reagent
Sequence- OSMR F IDT gPCR primer CATCCCGAAGCGAAGTCTTGG
based reagent
Sequence- OSMR R IDT gPCR primer GGCTGGGACAGTCCATTCTAAA
based reagent
Sequence- NFKBIA F IDT gPCR primer TGAAGGACGAGGAGTACGAGC
based reagent
Sequence- NFKBIA R IDT gPCR primer TTCGTGGATGATTGCCAAGTG
based reagent
Commercial 10x Chromium 10x Genomics V2 chemistry
assay or kit single-cell kit
Software, algorithm Cell Ranger 10x Genomics
Software, algorithm Single-cell RNA This paper https://github.com/

ZhuXiaoting/BreastCancer_
SingleCell (copy archived
at https://github.com/
elifesciences-publications/
BreastCancer_SingleCell)

sequencing analysis

Animals

All experimental procedures were carried out according to protocols approved by the Institutional
Animal Care and Use Committee at University of Cincinnati under protocol number 13-10-08-02.
Mice were housed and handled according to local, state and federal regulations. Brca1™F P537/F
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K14-Cre mice that have been previously described (Liu et al., 2007) were a kind gift from Dr. Jos
Jonkers. MMTV-PyMT (Guy et al., 1992a) and MMTV-Neu (Guy et al., 1992b) strains were originally
procured from Jackson Laboratory and were crossed with FIP2007F mice as described previously
(Wei et al., 2011). FF99WT cells were derived from an autochthonous MMTV-PyMT tumor with
FIP200 floxed alleles (Wei et al., 2011) (essentially wild-type without Cre recombinase). FFQ9WT
cells were used to generate the PyMT transplant tumors that were analyzed by scRNA-seq. For
transplantation experiments, cells were prepared in DMEM:Matrigel at a 1:1 ratio and the required
number of cells (4T1 = 10,000 cells; FF99WT = 1,000,000 cells) were injected in a 50 ul volume
orthotopically into the fourth inguinal mammary fat pads. Wild-type FVB/NJ mice or BALB/C female
mice (6-8 weeks old) were obtained from Jackson Laboratory for syngeneic transplantation of
MMTV-PyMT tumor cells and 4T1 cells, respectively. 4T1 cells were obtained from ATCC and cul-
tured in DMEM supplemented with 10% FBS. 4T1 cells were transduced with pLenti-GFP (LTV-400,
Cell Biolabs) before transplantation experiments. All cell lines were routinely tested for mycoplasma
monthly and were negative for contamination. The resulting tumors from spontaneous models
(BRCA1-null and MMTV-Neu) along with transplant models (PyMT and 4T1) were harvested when
tumor sizes were about 1000 mm?® and isolated as described below.

Tumor dissociation into single-cell suspension

Dissected primary tumors were cut and minced and then incubated in DMEM/F12 supplemented
with 5% FBS, 1x antibiotic-antimycotics, gentamycin (20 pg/mL) (all from Invitrogen), collagenase
(300 units/mL), and hyaluronidase (100 units/mL) (Worthington Biomedical) for 2 hr at 37°C. They
were then centrifuged at 400 g for 5 min, and the pellets were washed with PBS, and suspended in
0.05% trypsin/0.025% EDTA (Invitrogen) before incubated for 5 min at 37°C. An equal volume of
DMEM/F12 containing 5% FBS and DNase | (20 units/ml, Roche) was then added to stop the diges-
tion. After filtering through a 40 um nylon mesh (BD Biosciences), the cells were collected by centri-
fugation at 400 g for 5 min and re-suspended in ACK lysis buffer (Invitrogen) to lyse red blood cells.

Flow cytometry and cell sorting

Cells were suspended in flow buffer (HBSS with 0.1% FBS and DNAse |) for analysis and sorting.
Tumor single-cell suspensions were incubated with CD24-PE (553262, BD Biosciences), the endothe-
lial cell marker, CD31-APC (102410, Biolegend), the leukocyte marker, CD45-APC (103112, Biole-
gend), and the erythrocyte marker, Ter119-APC (116212, Biolegend) according to manufacturer’s
instructions for 20 min at 4°C. Following that, cells were rinsed and resuspended in flow buffer
before sorting or analysis by FACSAria or FACSCanto instruments (BD Biosciences). The gating strat-
egy for tumor cell sorting was shown in Figure 1—figure supplement 1B-C. For isolation of CD14"
cells, CD14-APC/Cy7 (123317, Biolegend) antibody was used and the gating strategy shown in
Figure 5C.

Library preparation and sequencing

Single-cell cDNA libraries were prepared using the 10x Chromium single-cell kit (3’ gene expression
platform version two chemistry) according to manufacturer’s instructions for each tumor on separate
chips. The aim was to capture about 2000 cells for each biological replicate and include two inde-
pendent biological replicates for BRCA1-null, PyMT and Neu tumor models, respectively. Tumor
libraries (BRCA1-null, PyMT and Neu) were then pooled and sequenced in a flow cell across two
lanes using an Illumina HiSeq 2500 sequencer with the following parameters; read 1: 27 cycles; i7
index: eight cycles, i5 index: O cycles; read 2: 147 cycles. Independent biological replicates of tumor
libraries were pooled and sequenced in a second batch. Library preparation and DNA sequencing
were carried out by the CCHMC Gene Expression Core and CCHMC DNA Sequencing Core,
respectively.

RNA-sequencing data processing and quality control

The 10x Genomics workflow was followed to process the raw sequencing data. The Cell Ranger Sin-
gle-Cell Software Suite was used for demultiplexing, barcode assignment and UMI quantification.
The pre-built annotation package of mm10 reference genome was obtained from the 10x Genomics
website and used as reference for read alignment by STAR. To combine data from seven sample
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libraries, the outputs of each sample were aggregated using ‘cellranger aggr’ with —-normalise set to
‘none’. All together 13,745 cells were identified from four samples (1903 in 4T1, 3102 in BRCA1-null,
4173 in PyMT, 4567 in Neu).

For cell quality control, we excluded cells in which the number of genes detected and total num-
ber of unique molecular identifiers (UMIs) were three median absolute deviations (MAD) below the
median of each sample, as well as total less than 1000 molecules or less than 500 genes detected. In
addition, all cells with 20% or more of UMIs mapping to mitochondrial genes were defined as non-
viable or apoptotic and removed from the analysis. We also avoided the effect of index swapping
(non-unique barcodes) by excluding cells with barcodes that appeared in more than one sample.
After quality control, there were a total of 11639 cells (1656 in 4T1, 2284 in BRCA1-null, 3545 in
PyMT and 4154 in Neu). Pearson correlation test on the mean gene expression profiles showed high
reproducibility between two biological replicates (Figure 1—figure supplement 3). To classify the
cells into cell cycle phases, the function ‘cyclone’ from ‘scran’ package was applied using a pre-
trained set of marker pairs for mouse data, described by Buettner et al., 2015; Scialdone et al.,
2015. A score for each phase was assigned for each cell corresponding to the probability that the
cell is in that phase, and cells were classified based on the phase score (Figure 1—figure supple-
ment 4). In order to determine the percentage of normal mammary epithelial cells in the sample,
copy number variation (CNV) calling was performed using the R package; CONICSmat
(Mtiller et al., 2018). Briefly, the mouse chromosome region coordinates were obtained from
mm10. The genes expressed in less than five cells were filtered out. The noisy regions of CNVs were
filtered based on the results of the likelihood ratio test (LRT adjusted p-value<0.01) and BIC for each
region (BIC difference >2000). By thresholding on the refined posterior probabilities at 0.8, the
matrix is converted to binary where one represents the presence of CNV (tumor) and O the absence
(normal).

Clustering and differential expression analysis

The Bioconductor package ‘scran’ was used for the single cell RNAseq data processing. Three tumor
types of the same genetic background were analyzed together and 4T1 tumor data were analyzed
individually to exclude any potential confounding effects caused by differences in genetic back-
ground. Specifically, for three tumor types (BRCA1-null, PyMT and Neu), the gene expression counts
in each cell were firstly scaled by size factors estimated by the ‘computeSumFactors’ function with
default parameters in order to normalize the cell-specific bias. The normalized counts were log-trans-
formed for downstream applications. For dimension reduction, the highly variable genes (HVGs) that
drive biological heterogeneity were identified by modeling per gene variance and decomposing the
total variance of each gene into its biological and technical components. Genes with the highest bio-
logical variant components were then examined and genes driven by technical noise were removed.
Specifically, a mean-variance trend was fitted to the normalized log-expression values with ‘trendVar’
function to exhibit technical noise, and this value was subtracted from total variance to obtain bio-
logical components for each gene. The genes with biological variance >0 and Benjamini-Hochberg
adjusted p-values<0.1were selected as HVGs. Altogether 3178 HVGs were identified and used as
features for PCA and top 50 PCs were used for t-SNE projection. The t-SNE embedding was com-
puted using the ‘Rtsne’ package with default setting and perplexity set to 50.

The cells were clustered by a shared-nearest neighbor graph (SNN graph)-based method with
default parameters. A shared nearest neighbor graph was first built with the expression data of the
cells and the walktrap algorithm was used to identify clusters. The marker genes were identified
using the ‘findMarkers’ function in ‘scran’ by testing for differential expression between clusters to
identify the top upregulated genes in each cluster. The identified markers that ranked top 10 across
all comparisons were selected to visualize by heat-map. (Figure 1C).

Superimposing tumor dataset with normal mammary cell dataset

To characterize the hierarchical composition of each tumor model (Figure 2), we overlaid the cells
with mouse epithelial cells by Bach et al. 12000 cells were randomly sampled from the published
dataset (GES106273). The QC was conducted following the original processes and 11637 cells were
left, consistent with the sample size of our data. The integration of normal and tumor data was
implemented by Seurat v3, in order to identify common cell types and enable comparative analysis.
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Specifically, Seurat objects were built individually for the tumor dataset and reference normal data-
set and top 2000 variant genes in each object were identify as variable features. The cell pairwise
correspondences between single cells between datasets, called ‘anchors’, were identified using ‘Fin-
dintegrationAnchors’ by taking the Seurat objects list of tumor and normal using 20 dimensions,
which jointly reduced the dimensionality of both datasets using diagonalized Canonical Component
Analysis and L2-normalization. 5916 anchors were identified and used to integrate the two datasets
by transforming the datasets into a shared space regardless of technical and biological difference.

To analyze the integrated dataset, PCA was applied for dimensionality reduction and t-SNE was
used for visualization following the standard workflow. Clustering was also conducted by a shared
nearest neighbor (SNN) modularity optimization-based clustering algorithm using default parame-
ters (Figure 3A-B). The up-regulated gene markers of each cluster were identified using function
‘FindAllMarkers’ with log fold change threshold set as 1, and the markers ranked top five were
selected to visualize by heatmap (Figure 3C). The cells that were assigned to each cluster were also
annotated by their tumor origins (BRCA1-null, PyMT or Neu) or original clustering identities from
Bach.et al. (Figure 3D).

Diffusion maps, cell state trajectory and pseudo-time analyses

In order to explore the lineage profile of the different tumors and infer the differential trajectory, dif-
fusion maps were built using ‘Monocle3’ with standard setting (Trapnell et al., 2014; Figure 2—fig-
ure supplement 1).

Intra-tumoral heterogeneity analysis

To identify the intra-tumoral heterogeneity, four tumor samples were also analyzed individually using
‘scran’ following the standard workflow of normalization, dimension reduction and clustering. For
three tumors with two replicates (BRCA1-null, PyMT or Neu), a batch correction process using func-
tion ‘fastMNN' in ‘scran’ was applied on the two replicate samples, and the corrected values in low
dimensional subspace were used for downstream analysis of clustering by SNN-graph clustering and
visualization by t-SNE. The number of clusters (BRCA1-null = 5, PyMT = 3, Neu = 4 and 4T1 = 3)
were selected based on differential expression of genes defining cell states. Cluster numbers were
adjusted if a cluster did not express genes that could be correlated with a particular cell state or bio-
logical process. This justification provides a meaningful narrative for the clusters in each tumor type.

Gene set and pathway analysis

The gene set enrichment analysis based on gene ontology (GO) terms was conducted to character-
ize the signature gene sets representing each cluster in each sample (Figures 4-5). The top 50 sig-
nificantly upregulated genes in each cluster were compared to all the genes tested for differential
expression in each tumor sample using 'topGO’ with default setting.

Intrinsic breast cancer molecular subtype assignment

To characterize the intrinsic molecular subtype of single cells in each sample (Figure 6), we com-
pared the mouse single-cell expression data to human breast cancer molecular subtype assignment.
Firstly, the genes that are one-to-one homologues between human and mouse were mapped
according to Homologene (ftp://ftp.ncbi.nlm.nih.gov/pub/HomoloGene/build68/homologene.data).
The symbol of mouse genes were mapped to human gene symbols and 10,855 out of 12438 genes
were uniquely mapped. The ‘genefu’ package was used to assign the cell type of each single cell by
PAMS50 and claudin-low subtype assignment (Gendoo et al., 2016).

Immunohistochemistry and immunoblotting

Formalin-fixed paraffin-embedded tumors were sectioned (5 uM) and stained for respective antigens
as described previously (Wei et al., 2011). Slides were heated in citrate buffer in a pressure cooker
for antigen retrieval. Antibodies used for immuno-staining included CD14 (PA5-78957, Invitrogen),
Erbb2 (CST2165, Cell Signaling), Irf1 (CST8478, Cell Signaling) and Mki67 (M3062, Spring Biosci-
ence). Immunoblotting experiments were carried out as described previously (Yeo et al., 2016).
Antibodies used for immunoblotting were p-STAT3 (CST9145, Cell Signaling), STAT3 (CST9139, Cell
Signaling) and beta-Actin (A5441, Sigma Aldrich).
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Quantitative PCR

Total RNA was isolated from cells using RNAeasy kit (Qiagen) according to manufacturer’s instruc-
tions. Equal amounts of RNA were then reverse-transcribed using SuperScript Il first-strand synthesis
kit (Invitrogen) using random hexamers as primers. cDNA samples were then subjected to gRT-PCR
analysis with SYBR Green in a BioRad CFXConnect thermo-cycler. Primers used were; CD14 F: 5'-
ACCGACCATGGAGCGTGTG-3', CD14 R: 5'-GCCGTACAATTCCACATCTGC-3', BCL3 F: 5'-
CCGGAGGCCCTTTACTACCA-3', BCL3 R: 5'-GGAGTAGGGGTGAGTAGGCAG-3', OSMR F: 5'-CA
TCCCGAAGCGAAGTCTTGG-3', OSMR R: 5- GGCTGGGACAGTCCATTCTAAA-3', NFKBIA F: 5'-
TGAAGGACGAGGAGTACGAGC-3', NFKBIA R: 5'- TTCGTGGATGATTGCCAAGTG-3".

Limiting dilution transplantation

N148 cells were derived from the autochthonous MMTV-Neu tumor with FIP200 floxed alleles
(essentially wild-type without Cre recombinase) that was analyzed by sc-RNAseq (Neu_A). For limit-
ing dilution transplants, mice were monitored for 1 month for the formation of tumors.

Statistical analysis

For bar charts, data were presented as means and error bars indicated standard error of the mean
(SEM). In Figure 5D, statistical significance was evaluated by unpaired t-test using p<0.05 as indica-
tive of statistical significance. For Figure 5F, TPC frequencies and statistical differences between
groups for limiting dilution transplants were performed using ELDA as described previously (Hu and
Smyth, 2009).

Availability of data and materials

The authors declare that all data supporting the findings of this study are available within the article
and its supplementary information files or from the corresponding author upon reasonable request.
The single-cell RNA-seq data have been deposited in the GEO database under accession code
GSE123366. Computational analyses were performed in R (version 3.6.0) using standard functions
unless otherwise stated. Code is available online at https://github.com/ZhuXiaoting/BreastCancer_
SingleCell (copy archived at https://github.com/elifesciences-publications/BreastCancer_SingleCell).
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Yeo SK, Zhu X, Lu 2018 Single-cell transcriptomic analysis  https://www.ncbi.nlm. NCBI Gene

LJ, Guan JL of mammary tumors reveals distinct nih.gov/geo/query/acc.  Expression Omnibus,
patterns of hierarchical and cgi?acc=GSE123366 GEOGSE123366

subtype heterogeneity
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mammary epithelial cells revealed  nih.gov/geo/query/acc.  Expression Omnibus,
by single-cell RNA-sequencing cgi?acc=GSE106273 GEOGSE106273

Yeo et al. eLife 2020;9:€58810. DOI: https://doi.org/10.7554/eLife.58810 21 of 24


https://orcid.org/0000-0002-4333-2510
https://orcid.org/0000-0001-8720-8338
https://doi.org/10.7554/eLife.58810.sa1
https://doi.org/10.7554/eLife.58810.sa2
https://github.com/ZhuXiaoting/BreastCancer_SingleCell
https://github.com/ZhuXiaoting/BreastCancer_SingleCell
https://github.com/elifesciences-publications/BreastCancer_SingleCell
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE123366
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE123366
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE123366
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE106273
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE106273
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE106273
https://doi.org/10.7554/eLife.58810

e Llfe Research article

Cancer Biology | Genetics and Genomics

References

Al-Hajj M, Wicha MS, Benito-Hernandez A, Morrison SJ, Clarke MF. 2003. Prospective identification of
tumorigenic breast Cancer cells. PNAS 100:3983-3988. DOI: https://doi.org/10.1073/pnas.0530291100,
PMID: 12629218

Asselin-Labat ML, Sutherland KD, Vaillant F, Gyorki DE, Wu D, Holroyd S, Breslin K, Ward T, Shi W, Bath ML,
Deb S, Fox SB, Smyth GK, Lindeman GJ, Visvader JE. 2011. Gata-3 negatively regulates the tumor-initiating
capacity of mammary luminal progenitor cells and targets the putative tumor suppressor caspase-14. Molecular
and Cellular Biology 31:4609-4622. DOI: https://doi.org/10.1128/MCB.05766-11, PMID: 21930782

Bach K, Pensa S, Grzelak M, Hadfield J, Adams DJ, Marioni JC, Khaled WT. 2017. Differentiation dynamics of
mammary epithelial cells revealed by single-cell RNA sequencing. Nature Communications 8:2128.
DOI: https://doi.org/10.1038/s41467-017-02001-5, PMID: 29225342

Britton KM, Kirby JA, Lennard TW, Meeson AP. 2011. Cancer stem cells and side population cells in breast
Cancer and metastasis. Cancers 3:2106-2130. DOI: https://doi.org/10.3390/cancers3022106, PMID: 24212798

Buettner F, Natarajan KN, Casale FP, Proserpio V, Scialdone A, Theis FJ, Teichmann SA, Marioni JC, Stegle O.
2015. Computational analysis of cell-to-cell heterogeneity in single-cell RNA-sequencing data reveals hidden
subpopulations of cells. Nature Biotechnology 33:155-160. DOI: https://doi.org/10.1038/nbt.3102

Chaffer CL, Marjanovic ND, Lee T, Bell G, Kleer CG, Reinhardt F, D'Alessio AC, Young RA, Weinberg RA. 2013.
Poised chromatin at the ZEB1 promoter enables breast Cancer cell plasticity and enhances tumorigenicity. Cell
154:61-74. DOI: https://doi.org/10.1016/j.cell.2013.06.005, PMID: 23827675

Cheung KJ, Gabrielson E, Werb Z, Ewald AJ. 2013. Collective invasion in breast Cancer requires a conserved
basal epithelial program. Cell 155:1639-1651. DOI: https://doi.org/10.1016/.cell.2013.11.029, PMID: 24332
913

Chung W, Eum HH, Lee HO, Lee KM, Lee HB, Kim KT, Ryu HS, Kim S, Lee JE, Park YH, Kan Z, Han W, Park WY.
2017. Single-cell RNA-seq enables comprehensive tumour and immune cell profiling in primary breast Cancer.
Nature Communications 8:15081. DOI: https://doi.org/10.1038/ncomms15081, PMID: 28474673

Clarkson RW, Wayland MT, Lee J, Freeman T, Watson CJ. 2004. Gene expression profiling of mammary gland
development reveals putative roles for death receptors and immune mediators in post-lactational regression.
Breast Cancer Research : BCR 6:92-109. DOI: https://doi.org/10.1186/bcr754, PMID: 14979921

Cleary AS, Leonard TL, Gestl SA, Gunther EJ. 2014. Tumour cell heterogeneity maintained by cooperating
subclones in Wnt-driven mammary cancers. Nature 508:113-117. DOI: https://doi.org/10.1038/nature13187,
PMID: 24695311

Dravis C, Chung CY, Lytle NK, Herrera-Valdez J, Luna G, Trejo CL, Reya T, Wahl GM. 2018. Epigenetic and
transcriptomic profiling of mammary gland development and tumor models disclose regulators of cell state
plasticity. Cancer Cell 34:466-482. DOI: https://doi.org/10.1016/j.ccell.2018.08.001, PMID: 30174241

Eirew P, Kannan N, Knapp DJ, Vaillant F, Emerman JT, Lindeman GJ, Visvader JE, Eaves CJ. 2012. Aldehyde
dehydrogenase activity is a biomarker of primitive normal human mammary luminal cells. Stem Cells 30:344—
348. DOI: https://doi.org/10.1002/stem.1001, PMID: 22131125

Forero A, Li Y, Chen D, Grizzle WE, Updike KL, Merz ND, Downs-Kelly E, Burwell TC, Vaklavas C, Buchsbaum DJ,
Myers RM, LoBuglio AF, Varley KE. 2016. Expression of the MHC class Il pathway in Triple-Negative breast
Cancer tumor cells is associated with a good prognosis and infiltrating lymphocytes. Cancer Immunology
Research 4:390-399. DOI: https://doi.org/10.1158/2326-6066.CIR-15-0243, PMID: 26980599

Fu NY, Rios AC, Pal B, Law CW, Jamieson P, Liu R, Vaillant F, Jackling F, Liu KH, Smyth GK, Lindeman GJ, Ritchie
ME, Visvader JE. 2017. Identification of quiescent and spatially restricted mammary stem cells that are
hormone responsive. Nature Cell Biology 19:164-176. DOI: https://doi.org/10.1038/ncb3471, PMID: 28192422

Gendoo DM, Ratanasirigulchai N, Schréder MS, Paré L, Parker JS, Prat A, Haibe-Kains B. 2016. Genefu: an R/
Bioconductor package for computation of gene expression-based signatures in breast Cancer. Bioinformatics
32:1097-1099. DOI: https://doi.org/10.1093/biocinformatics/btv693, PMID: 26607490

Ginestier C, Hur MH, Charafe-Jauffret E, Monville F, Dutcher J, Brown M, Jacquemier J, Viens P, Kleer CG, Liu S,
Schott A, Hayes D, Birnbaum D, Wicha MS, Dontu G. 2007. ALDH1 is a marker of normal and malignant human
mammary stem cells and a predictor of poor clinical outcome. Cell Stem Cell 1:555-567. DOI: https://doi.org/
10.1016/j.stem.2007.08.014, PMID: 18371393

Giraddi RR, Chung C-Y, Heinz RE, Balcioglu O, Novotny M, Trejo CL, Dravis C, Hagos BM, Mehrabad EM,
Rodewald LW, Hwang JY, Fan C, Lasken R, Varley KE, Perou CM, Wahl GM, Spike BT. 2018. Single-Cell
transcriptomes distinguish stem cell state changes and lineage specification programs in early mammary gland
development. Cell Reports 24:1653-1666. DOI: https://doi.org/10.1016/j.celrep.2018.07.025

Guy CT, Cardiff RD, Muller WJ. 1992a. Induction of mammary tumors by expression of polyomavirus middle T
oncogene: a transgenic mouse model for metastatic disease. Molecular and Cellular Biology 12:954-961.
DOI: https://doi.org/10.1128/MCB.12.3.954, PMID: 1312220

Guy CT, Webster MA, Schaller M, Parsons TJ, Cardiff RD, Muller WJ. 1992b. Expression of the neu
protooncogene in the mammary epithelium of transgenic mice induces metastatic disease. PNAS 89:10578—
10582. DOI: https://doi.org/10.1073/pnas.89.22.10578, PMID: 1359541

Gyorffy B, Lanczky A, Eklund AC, Denkert C, Budczies J, Li Q, Szallasi Z. 2010. An online survival analysis tool to
rapidly assess the effect of 22,277 genes on breast Cancer prognosis using microarray data of 1,809 patients.
Breast Cancer Research and Treatment 123:725-731. DOI: https://doi.org/10.1007/s10549-009-0674-9,
PMID: 20020197

Yeo et al. eLife 2020;9:€58810. DOI: https://doi.org/10.7554/eLife.58810 22 of 24


https://doi.org/10.1073/pnas.0530291100
http://www.ncbi.nlm.nih.gov/pubmed/12629218
https://doi.org/10.1128/MCB.05766-11
http://www.ncbi.nlm.nih.gov/pubmed/21930782
https://doi.org/10.1038/s41467-017-02001-5
http://www.ncbi.nlm.nih.gov/pubmed/29225342
https://doi.org/10.3390/cancers3022106
http://www.ncbi.nlm.nih.gov/pubmed/24212798
https://doi.org/10.1038/nbt.3102
https://doi.org/10.1016/j.cell.2013.06.005
http://www.ncbi.nlm.nih.gov/pubmed/23827675
https://doi.org/10.1016/j.cell.2013.11.029
http://www.ncbi.nlm.nih.gov/pubmed/24332913
http://www.ncbi.nlm.nih.gov/pubmed/24332913
https://doi.org/10.1038/ncomms15081
http://www.ncbi.nlm.nih.gov/pubmed/28474673
https://doi.org/10.1186/bcr754
http://www.ncbi.nlm.nih.gov/pubmed/14979921
https://doi.org/10.1038/nature13187
http://www.ncbi.nlm.nih.gov/pubmed/24695311
https://doi.org/10.1016/j.ccell.2018.08.001
http://www.ncbi.nlm.nih.gov/pubmed/30174241
https://doi.org/10.1002/stem.1001
http://www.ncbi.nlm.nih.gov/pubmed/22131125
https://doi.org/10.1158/2326-6066.CIR-15-0243
http://www.ncbi.nlm.nih.gov/pubmed/26980599
https://doi.org/10.1038/ncb3471
http://www.ncbi.nlm.nih.gov/pubmed/28192422
https://doi.org/10.1093/bioinformatics/btv693
http://www.ncbi.nlm.nih.gov/pubmed/26607490
https://doi.org/10.1016/j.stem.2007.08.014
https://doi.org/10.1016/j.stem.2007.08.014
http://www.ncbi.nlm.nih.gov/pubmed/18371393
https://doi.org/10.1016/j.celrep.2018.07.025
https://doi.org/10.1128/MCB.12.3.954
http://www.ncbi.nlm.nih.gov/pubmed/1312220
https://doi.org/10.1073/pnas.89.22.10578
http://www.ncbi.nlm.nih.gov/pubmed/1359541
https://doi.org/10.1007/s10549-009-0674-9
http://www.ncbi.nlm.nih.gov/pubmed/20020197
https://doi.org/10.7554/eLife.58810

e Llfe Research article

Cancer Biology | Genetics and Genomics

Henry MD, Triplett AA, Oh KB, Smith GH, Wagner KU. 2004. Parity-induced mammary epithelial cells facilitate
tumorigenesis in MMTV-neu transgenic mice. Oncogene 23:6980-6985. DOI: https://doi.org/10.1038/sj.onc.
1207827, PMID: 15286714

Hu Y, Smyth GK. 2009. ELDA: extreme limiting dilution analysis for comparing depleted and enriched
populations in stem cell and other assays. Journal of Imnmunological Methods 347:70-78. DOI: https://doi.org/
10.1016/.jim.2009.06.008, PMID: 19567251

Hwang-Verslues WW, Kuo WH, Chang PH, Pan CC, Wang HH, Tsai ST, Jeng YM, Shew JY, Kung JT, Chen CH,
Lee EY, Chang KJ, Lee WH. 2009. Multiple lineages of human breast Cancer stem/progenitor cells identified by
profiling with stem cell markers. PLOS ONE 4:e8377. DOI: https://doi.org/10.1371/journal.pone.0008377,
PMID: 20027313

Ithimakin S, Day KC, Malik F, Zen Q, Dawsey SJ, Bersano-Begey TF, Quraishi AA, Ignatoski KW, Daignault S,
Davis A, Hall CL, Palanisamy N, Heath AN, Tawakkol N, Luther TK, Clouthier SG, Chadwick WA, Day ML, Kleer
CG, Thomas DG, et al. 2013. HER2 drives luminal breast Cancer stem cells in the absence of HER2
amplification: implications for efficacy of adjuvant trastuzumab. Cancer Research 73:1635-1646. DOI: https://
doi.org/10.1158/0008-5472.CAN-12-3349, PMID: 23442322

Kim C, Gao R, Sei E, Brandt R, Hartman J, Hatschek T, Crosetto N, Foukakis T, Navin NE. 2018. Chemoresistance
evolution in Triple-Negative breast Cancer delineated by Single-Cell sequencing. Cell 173:879-893.

DOI: https://doi.org/10.1016/j.cell.2018.03.041, PMID: 29681456

Koren S, Reavie L, Couto JP, De Silva D, Stadler MB, Roloff T, Britschgi A, Eichlisberger T, Kohler H, Aina O,
Cardiff RD, Bentires-Alj M. 2015. PIK3CA(H1047R) induces multipotency and multi-lineage mammary tumours.
Nature 525:114-118. DOI: https://doi.org/10.1038/nature 14669, PMID: 26266975

Kouros-Mehr H, Bechis SK, Slorach EM, Littlepage LE, Egeblad M, Ewald AJ, Pai SY, Ho IC, Werb Z. 2008.
GATA-3 links tumor differentiation and dissemination in a luminal breast Cancer model. Cancer Cell 13:141-
152. DOI: https://doi.org/10.1016/j.ccr.2008.01.011, PMID: 18242514

Lawson DA, Bhakta NR, Kessenbrock K, Prummel KD, Yu Y, Takai K, Zhou A, Eyob H, Balakrishnan S, Wang CY,
Yaswen P, Goga A, Werb Z. 2015. Single-cell analysis reveals a stem-cell program in human metastatic breast
Cancer cells. Nature 526:131-135. DOI: https://doi.org/10.1038/nature 15260, PMID: 26416748

Liu X, Holstege H, van der Gulden H, Treur-Mulder M, Zevenhoven J, Velds A, Kerkhoven RM, van Vliet MH,
Wessels LF, Peterse JL, Berns A, Jonkers J. 2007. Somatic loss of BRCA1 and p53 in mice induces mammary
tumors with features of human BRCA1-mutated basal-like breast Cancer. PNAS 104:12111-12116.

DOI: https://doi.org/10.1073/pnas.0702969104, PMID: 17626182

Liu S, Cong Y, Wang D, Sun Y, Deng L, Liu Y, Martin-Trevino R, Shang L, McDermott SP, Landis MD, Hong S,
Adams A, D'Angelo R, Ginestier C, Charafe-Jauffret E, Clouthier SG, Birnbaum D, Wong ST, Zhan M, Chang
JC, et al. 2014. Breast Cancer stem cells transition between epithelial and mesenchymal states reflective of
their normal counterparts. Stem Cell Reports 2:78-91. DOI: https://doi.org/10.1016/j.stemcr.2013.11.009,
PMID: 24511467

Luo M, Shang L, Brooks MD, Jiagge E, Zhu Y, Buschhaus JM, Conley S, Fath MA, Davis A, Gheordunescu E,
Wang Y, Harouaka R, Lozier A, Triner D, McDermott S, Merajver SD, Luker GD, Spitz DR, Wicha MS. 2018.
Targeting breast Cancer stem cell state equilibrium through modulation of redox signaling. Cell Metabolism
28:69-86. DOI: https://doi.org/10.1016/j.cmet.2018.06.006, PMID: 29972798

Marusyk A, Tabassum DP, Altrock PM, Almendro V, Michor F, Polyak K. 2014. Non-cell-autonomous driving of
tumour growth supports sub-clonal heterogeneity. Nature 514:54-58. DOI: https://doi.org/10.1038/
nature13556, PMID: 25079331

Molyneux G, Geyer FC, Magnay FA, McCarthy A, Kendrick H, Natrajan R, Mackay A, Grigoriadis A, Tutt A,
Ashworth A, Reis-Filho JS, Smalley MJ. 2010. BRCA1 basal-like breast cancers originate from luminal epithelial
progenitors and not from basal stem cells. Cell Stem Cell 7:403-417. DOI: https://doi.org/10.1016/j.stem.2010.
07.010, PMID: 20804975

Miiller S, Cho A, Liu SJ, Lim DA, Diaz A. 2018. CONICS integrates scRNA-seq with DNA sequencing to map
gene expression to tumor sub-clones. Bioinformatics 34:3217-3219. DOI: https://doi.org/10.1093/
bioinformatics/bty316, PMID: 29897414

Nguyen LV, Vanner R, Dirks P, Eaves CJ. 2012. Cancer stem cells: an evolving concept. Nature Reviews Cancer
12:133-143. DOI: https://doi.org/10.1038/nrc3184, PMID: 22237392

Nguyen QH, Pervolarakis N, Blake K, Ma D, Davis RT, James N, Phung AT, Willey E, Kumar R, Jabart E, Driver |,
Rock J, Goga A, Khan SA, Lawson DA, Werb Z, Kessenbrock K. 2018. Profiling human breast epithelial cells
using single cell RNA sequencing identifies cell diversity. Nature Communications 9:2028. DOI: https://doi.org/
10.1038/s41467-018-04334-1, PMID: 29795293

Pal B, Chen Y, Vaillant F, Jamieson P, Gordon L, Rios AC, Wilcox S, Fu N, Liu KH, Jackling FC, Davis MJ,
Lindeman GJ, Smyth GK, Visvader JE. 2017. Construction of developmental lineage relationships in the mouse
mammary gland by single-cell RNA profiling. Nature Communications 8:1627. DOI: https://doi.org/10.1038/
s41467-017-01560-x, PMID: 29158510

Perou CM, Serlie T, Eisen MB, van de Rijn M, Jeffrey SS, Rees CA, Pollack JR, Ross DT, Johnsen H, Akslen LA,
Fluge O, Pergamenschikov A, Williams C, Zhu SX, Lanning PE, Barresen-Dale AL, Brown PO, Botstein D. 2000.
Molecular portraits of human breast tumours. Nature 406:747-752. DOI: https://doi.org/10.1038/35021093,
PMID: 10963602

Prat A, Parker JS, Karginova O, Fan C, Livasy C, Herschkowitz JI, He X, Perou CM. 2010. Phenotypic and
molecular characterization of the claudin-low intrinsic subtype of breast Cancer. Breast Cancer Research 12:
R68. DOI: https://doi.org/10.1186/bcr2635, PMID: 20813035

Yeo et al. eLife 2020;9:€58810. DOI: https://doi.org/10.7554/eLife.58810 23 of 24


https://doi.org/10.1038/sj.onc.1207827
https://doi.org/10.1038/sj.onc.1207827
http://www.ncbi.nlm.nih.gov/pubmed/15286714
https://doi.org/10.1016/j.jim.2009.06.008
https://doi.org/10.1016/j.jim.2009.06.008
http://www.ncbi.nlm.nih.gov/pubmed/19567251
https://doi.org/10.1371/journal.pone.0008377
http://www.ncbi.nlm.nih.gov/pubmed/20027313
https://doi.org/10.1158/0008-5472.CAN-12-3349
https://doi.org/10.1158/0008-5472.CAN-12-3349
http://www.ncbi.nlm.nih.gov/pubmed/23442322
https://doi.org/10.1016/j.cell.2018.03.041
http://www.ncbi.nlm.nih.gov/pubmed/29681456
https://doi.org/10.1038/nature14669
http://www.ncbi.nlm.nih.gov/pubmed/26266975
https://doi.org/10.1016/j.ccr.2008.01.011
http://www.ncbi.nlm.nih.gov/pubmed/18242514
https://doi.org/10.1038/nature15260
http://www.ncbi.nlm.nih.gov/pubmed/26416748
https://doi.org/10.1073/pnas.0702969104
http://www.ncbi.nlm.nih.gov/pubmed/17626182
https://doi.org/10.1016/j.stemcr.2013.11.009
http://www.ncbi.nlm.nih.gov/pubmed/24511467
https://doi.org/10.1016/j.cmet.2018.06.006
http://www.ncbi.nlm.nih.gov/pubmed/29972798
https://doi.org/10.1038/nature13556
https://doi.org/10.1038/nature13556
http://www.ncbi.nlm.nih.gov/pubmed/25079331
https://doi.org/10.1016/j.stem.2010.07.010
https://doi.org/10.1016/j.stem.2010.07.010
http://www.ncbi.nlm.nih.gov/pubmed/20804975
https://doi.org/10.1093/bioinformatics/bty316
https://doi.org/10.1093/bioinformatics/bty316
http://www.ncbi.nlm.nih.gov/pubmed/29897414
https://doi.org/10.1038/nrc3184
http://www.ncbi.nlm.nih.gov/pubmed/22237392
https://doi.org/10.1038/s41467-018-04334-1
https://doi.org/10.1038/s41467-018-04334-1
http://www.ncbi.nlm.nih.gov/pubmed/29795293
https://doi.org/10.1038/s41467-017-01560-x
https://doi.org/10.1038/s41467-017-01560-x
http://www.ncbi.nlm.nih.gov/pubmed/29158510
https://doi.org/10.1038/35021093
http://www.ncbi.nlm.nih.gov/pubmed/10963602
https://doi.org/10.1186/bcr2635
http://www.ncbi.nlm.nih.gov/pubmed/20813035
https://doi.org/10.7554/eLife.58810

ELlfe Research article Cancer Biology | Genetics and Genomics

Rios AC, Fu NY, Lindeman GJ, Visvader JE. 2014. In situ identification of bipotent stem cells in the mammary
gland. Nature 506:322-327. DOI: https://doi.org/10.1038/nature 12948

Roarty K, Pfefferle AD, Creighton CJ, Perou CM, Rosen JM. 2017. Ror2-mediated alternative wnt signaling
regulates cell fate and adhesion during mammary tumor progression. Oncogene 36:5958-5968. DOI: https://
doi.org/10.1038/0nc.2017.206, PMID: 28650466

Scialdone A, Natarajan KN, Saraiva LR, Proserpio V, Teichmann SA, Stegle O, Marioni JC, Buettner F. 2015.
Computational assignment of cell-cycle stage from single-cell transcriptome data. Methods 85:54-61.
DOI: https://doi.org/10.1016/j.ymeth.2015.06.021, PMID: 26142758

Shackleton M, Vaillant F, Simpson KJ, Stingl J, Smyth GK, Asselin-Labat ML, Wu L, Lindeman GJ, Visvader JE.
2006. Generation of a functional mammary gland from a single stem cell. Nature 439:84-88. DOI: https://doi.
org/10.1038/nature04372, PMID: 16397499

Seorlie T, Perou CM, Tibshirani R, Aas T, Geisler S, Johnsen H, Hastie T, Eisen MB, van de Rijn M, Jeffrey SS,
Thorsen T, Quist H, Matese JC, Brown PO, Botstein D, Lenning PE, Barresen-Dale AL. 2001. Gene expression
patterns of breast carcinomas distinguish tumor subclasses with clinical implications. PNAS 98:10869-10874.
DOI: https://doi.org/10.1073/pnas.191367098, PMID: 11553815

Spike BT, Engle DD, Lin JC, Cheung SK, La J, Wahl GM. 2012. A mammary stem cell population identified and
characterized in late embryogenesis reveals similarities to human breast Cancer. Cell Stem Cell 10:183-197.
DOI: https://doi.org/10.1016/j.stem.2011.12.018, PMID: 22305568

Stuart T, Butler A, Hoffman P, Hafemeister C, Papalexi E, Mauck WM, Hao Y, Stoeckius M, Smibert P, Satija R.
2019. Comprehensive integration of Single-Cell data. Cell 177:1888-1902. DOI: https://doi.org/10.1016/j.cell.
2019.05.031, PMID: 31178118

Tabassum DP, Polyak K. 2015. Tumorigenesis: it takes a village. Nature Reviews Cancer 15:473-483.
DOI: https://doi.org/10.1038/nrc3971, PMID: 26156638

Trapnell C, Cacchiarelli D, Grimsby J, Pokharel P, Li S, Morse M, Lennon NJ, Livak KJ, Mikkelsen TS, Rinn JL.
2014. The dynamics and regulators of cell fate decisions are revealed by pseudotemporal ordering of single
cells. Nature Biotechnology 32:381-386. DOI: https://doi.org/10.1038/nbt.2859, PMID: 24658644

van Diest PJ, van der Wall E, Baak JP. 2004. Prognostic value of proliferation in invasive breast Cancer: a review.
Journal of Clinical Pathology 57:675-681. DOI: https://doi.org/10.1136/jcp.2003.010777, PMID: 15220356

Van Keymeulen A, Rocha AS, Ousset M, Beck B, Bouvencourt G, Rock J, Sharma N, Dekoninck S, Blanpain C.
2011. Distinct stem cells contribute to mammary gland development and maintenance. Nature 479:189-193.
DOI: https://doi.org/10.1038/nature 10573, PMID: 21983963

Van Keymeulen A, Fioramonti M, Centonze A, Bouvencourt G, Achouri Y, Blanpain C. 2017. Lineage-Restricted
mammary stem cells sustain the development, homeostasis, and regeneration of the estrogen receptor positive
lineage. Cell Reports 20:1525-1532. DOI: https://doi.org/10.1016/].celrep.2017.07.066, PMID: 28813665

Visvader JE, Clevers H. 2016. Tissue-specific designs of stem cell hierarchies. Nature Cell Biology 18:349-355.
DOI: https://doi.org/10.1038/ncb3332, PMID: 26999737

Wang C, Christin JR, Oktay MH, Guo W. 2017. Lineage-Biased stem cells maintain Estrogen-Receptor-Positive
and -Negative mouse mammary luminal lineages. Cell Reports 18:2825-2835. DOI: https://doi.org/10.1016/].
celrep.2017.02.071, PMID: 28329676

Wang H, Xiang D, Liu B, He A, Randle HJ, Zhang KX, Dongre A, Sachs N, Clark AP, Tao L, Chen Q, Botchkarev
WV, Xie Y, Dai N, Clevers H, Li Z, Livingston DM. 2019. Inadequate DNA damage repair promotes mammary
transdifferentiation, leading to BRCA1 breast Cancer. Cell 178:135-151. DOI: https://doi.org/10.1016/].cell.
2019.06.002, PMID: 31251913

Wei H, Wei S, Gan B, Peng X, Zou W, Guan JL. 2011. Suppression of autophagy by FIP200 deletion inhibits
mammary tumorigenesis. Genes & Development 25:1510-1527. DOI: https://doi.org/10.1101/gad.2051011,
PMID: 21764854

Wei W, Tweardy DJ, Zhang M, Zhang X, Landua J, Petrovic |, Bu W, Roarty K, Hilsenbeck SG, Rosen JM, Lewis
MT. 2014. STAT3 signaling is activated preferentially in tumor-initiating cells in claudin-low models of human
breast Cancer. Stem Cells 32:2571-2582. DOI: https://doi.org/10.1002/stem.1752, PMID: 24891218

Wuidart A, Sifrim A, Fioramonti M, Matsumura S, Brisebarre A, Brown D, Centonze A, Dannau A, Dubois C, Van
Keymeulen A, Voet T, Blanpain C. 2018. Early lineage segregation of multipotent embryonic mammary gland
progenitors. Nature Cell Biology 20:666—676. DOI: https://doi.org/10.1038/s41556-018-0095-2, PMID: 29784
918

Yeo SK, Wen J, Chen S, Guan JL. 2016. Autophagy differentially regulates distinct breast Cancer Stem-like cells
in murine models via EGFR/Stat3 and Tgf/Smad signaling. Cancer Research 76:3397-3410. DOI: https://doi.
org/10.1158/0008-5472.CAN-15-2946, PMID: 27197172

Yeo SK, Guan JL. 2017. Breast Cancer: multiple subtypes within a tumor? Trends in Cancer 3:753-760.
DOI: https://doi.org/10.1016/j.trecan.2017.09.001, PMID: 29120751

Yeo et al. eLife 2020;9:€58810. DOI: https://doi.org/10.7554/eLife.58810 24 of 24


https://doi.org/10.1038/nature12948
https://doi.org/10.1038/onc.2017.206
https://doi.org/10.1038/onc.2017.206
http://www.ncbi.nlm.nih.gov/pubmed/28650466
https://doi.org/10.1016/j.ymeth.2015.06.021
http://www.ncbi.nlm.nih.gov/pubmed/26142758
https://doi.org/10.1038/nature04372
https://doi.org/10.1038/nature04372
http://www.ncbi.nlm.nih.gov/pubmed/16397499
https://doi.org/10.1073/pnas.191367098
http://www.ncbi.nlm.nih.gov/pubmed/11553815
https://doi.org/10.1016/j.stem.2011.12.018
http://www.ncbi.nlm.nih.gov/pubmed/22305568
https://doi.org/10.1016/j.cell.2019.05.031
https://doi.org/10.1016/j.cell.2019.05.031
http://www.ncbi.nlm.nih.gov/pubmed/31178118
https://doi.org/10.1038/nrc3971
http://www.ncbi.nlm.nih.gov/pubmed/26156638
https://doi.org/10.1038/nbt.2859
http://www.ncbi.nlm.nih.gov/pubmed/24658644
https://doi.org/10.1136/jcp.2003.010777
http://www.ncbi.nlm.nih.gov/pubmed/15220356
https://doi.org/10.1038/nature10573
http://www.ncbi.nlm.nih.gov/pubmed/21983963
https://doi.org/10.1016/j.celrep.2017.07.066
http://www.ncbi.nlm.nih.gov/pubmed/28813665
https://doi.org/10.1038/ncb3332
http://www.ncbi.nlm.nih.gov/pubmed/26999737
https://doi.org/10.1016/j.celrep.2017.02.071
https://doi.org/10.1016/j.celrep.2017.02.071
http://www.ncbi.nlm.nih.gov/pubmed/28329676
https://doi.org/10.1016/j.cell.2019.06.002
https://doi.org/10.1016/j.cell.2019.06.002
http://www.ncbi.nlm.nih.gov/pubmed/31251913
https://doi.org/10.1101/gad.2051011
http://www.ncbi.nlm.nih.gov/pubmed/21764854
https://doi.org/10.1002/stem.1752
http://www.ncbi.nlm.nih.gov/pubmed/24891218
https://doi.org/10.1038/s41556-018-0095-2
http://www.ncbi.nlm.nih.gov/pubmed/29784918
http://www.ncbi.nlm.nih.gov/pubmed/29784918
https://doi.org/10.1158/0008-5472.CAN-15-2946
https://doi.org/10.1158/0008-5472.CAN-15-2946
http://www.ncbi.nlm.nih.gov/pubmed/27197172
https://doi.org/10.1016/j.trecan.2017.09.001
http://www.ncbi.nlm.nih.gov/pubmed/29120751
https://doi.org/10.7554/eLife.58810

