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Breast cancer is heterogeneous and differs substantially across different tumors (intertumor
heterogeneity) and evenwithin an individual tumor (intratumor heterogeneity). Gene-expres-
sion profiling has considerably impacted our understanding of breast cancer biology. Four
main “intrinsic subtypes” of breast cancer (i.e., luminal A, luminal B, HER2-enriched, and
basal-like) have been consistently identified by gene expression, showing significant prog-
nostic and predictive value inmultiple clinical scenarios. Thanks to themolecular profiling of
breast tumors, breast cancer is a paradigm of treatment personalization. Several standardized
prognostic gene-expression assays are presently being used in the clinic to guide treatment
decisions. Moreover, the development of single-cell-level resolution molecular profiling has
allowed us to appreciate that breast cancer is also heterogeneouswithin a single tumor. There
is an evident functional heterogeneity within the neoplastic and tumor microenvironment
cells. Finally, emerging insights from these studies suggest a substantial cellular organization
of neoplastic and tumor microenvironment cells, thus defining breast cancer ecosystems and
highlighting the importance of spatial localizations.

Breast cancer has long been recognized as a
heterogeneous disease. For many decades

and to this day, breast cancers have been patho-
logicallydiagnosedasestrogenreceptor (ER)-pos-
itive/-negative, human epidermal receptor 2
(HER2)-positive/-negative, and progesterone re-
ceptor (PR)-positive/-negative. These three ther-
apeutic biomarkers then, in essence, define three
clinical groups that are ER/PR+/HER2−, HER2+,

and triple-negative breast cancer (TNBC) (i.e.,
negative for ER, PR, and HER2). This classifica-
tionprovides not only prognostic informationbut
also treatment directions, which is the main driv-
ing reason forER,PR, andHER2 testing.With the
development of DNA microarray technology for
profiling transcriptomes, breast cancers havebeen
additionally classified into four main genomic
“intrinsic” subtypes: luminal A, luminal B,
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HER2-enriched, and basal-like (Perou et al. 2000;
Sørlie et al. 2001).Molecularprofilingofhormone
receptor (HR)-positive (i.e., ER- and/or PR-posi-
tive),HER2-negativebreast cancershaveprovided
several standardized prognostic gene-expression
signatures that are being used in clinical practice,
all of which provide additional information for
prognostication and prediction of treatment ben-
efit.With the development of single-cell-level res-
olution molecular profiling approaches, it is now
recognized that breast cancers are heterogeneous
not only among different tumors but alsowithin a
single tumor. There is an evident functional het-
erogeneitywithin theneoplastic cell population in
breast cancers. In addition, there is growing
awareness of the importance of the tumor micro-
environment (TME),which includeshost stromal
cells and immunecells, beyond theneoplastic cell-
intrinsic heterogeneity. In this review, we will
discuss breast cancer heterogeneity, both intertu-
moral and intratumoral, based on gene-expres-
sion and related “omics” approaches, focusing
on insights forhumandisease.Wewillfirstdiscuss
studies analyzing tissue bulk-based approaches
and then those using single-cell and spatially re-
solved techniques. The emerging insights from
these studies suggest a substantial cellular organi-
zation of neoplastic and TME cells, thus defining
breast cancer ecosystems.

DNA MICROARRAYS TO NEXT-
GENERATION SEQUENCING FOR GENE
EXPRESSION

Gene-expression profiling with DNA microar-
rays and high-throughput sequencing technolo-
gies like RNA sequencing (RNA-seq) allows for
the identification of tens of thousands of tran-
scripts in a single experiment. Thus, we can now
identify gene-expression signatures, defined as
groups of genes with a unique and characteristic
expression pattern, representing specific cell
types and biological pathways (Massagué 2007;
Sotiriou and Pusztai 2009; Fan et al. 2011) in-
stead of focusing on single gene candidates.
These signatures usually have a biologic, prog-
nostic, or predictive value, and some of them are
currently commercially available and common-
ly used for breast cancer management.

The first signature identification approaches
in breast cancer were based on clustering meth-
ods. These experiments allowed for the classifi-
cation of breast tumors into luminal A, luminal
B, HER2-enriched, and basal-like as four main
molecular entities, or intrinsic subtypes, with
different tumor biology and prognostic impact
(Perou et al. 2000; Sørlie et al. 2001). The first
generation of clinically available gene-expres-
sion prognostic signatures (i.e., MammaPrint
and Oncotype DX) was created by genomically
comparing low- versus high-risk breast tumors.
Over time, multiple gene-expression signatures
have been developed and validated to track dif-
ferent molecular pathways and specific biologi-
cal processes (i.e., proliferation, hypoxia, cell dif-
ferentiation, immune-cell states), and some of
these signatures also predict sensitivity to treat-
ments (Gatza et al. 2010; Fan et al. 2011; Iglesia
et al. 2014; Newman et al. 2015; Hollern et al.
2019; Garcia-Recio et al. 2020). Moreover, the
integration of gene-expression signatures and
clinicopathologic factors has proven to signifi-
cantly increase the prognostic ability compared
to either one alone (Fan et al. 2011); and the
integration of gene signatures, clinicopathologic
features, DNA copy number alterations (CNAs),
and DNA somatic mutations can predict re-
sponse to treatment with improved accuracy
over clinical factors alone (Tanioka et al. 2018).

For the first 15 yr of gene-expression profil-
ing, hybridization-based platforms like DNA
microarrays were the gold standard technology
for gene-expression analysis. However, with the
advent of RNA-seq based on next-generation
sequencing technologies, a new gold standard
has been set that has clear advantages when
compared to other gene-expression profiling
platforms (Table 1). In recent years, RNA-seq
has largely replaced microarrays for the discov-
ery of breast cancer prognostic and predictive
biomarkers.

Hybridization platforms are high through-
put and relatively inexpensive. However, they
have several limitations (Wang et al. 2009):

• They can analyze only pre-defined sequences,

• Their dynamic range is limited,
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• The hybridization can be nonspecific (i.e.,
cross-hybridization) (Okoniewski and Miller
2006), and

• They usually show highly variable results for
lowly expressed genes.

RNA-seq is technically a significant im-
provement beyond hybridization-based ap-
proaches in many ways. Compared to DNA mi-
croarrays, RNA-seq has several advantages
(Wang et al. 2009):

• No prior sequence information is required,

• Allows for a precise and more quantitative
measure of the gene expression,

• High sensitivity for the detection of low-
abundance transcripts,

• Wider dynamic range,

• Can reveal sequence variations (i.e., RNA-
seq), thus facilitating the discovery of alterna-
tive splicing variants, structural variants, and
single-nucleotide variations (SNVs), and

• Greater reproducibility.

Due to all these advantages and the fact that
RNA-seq provides the entire transcriptome to
be surveyed in a high-throughput and quantita-
tive manner, it has become the current gold
standard laboratory tool for gene-expression
profiling. However, this technology also comes
with several challenges, including:

• RNA-seq is computationally challenging and
requires the constant development of new
methods to store, retrieve, process, and ana-
lyze a large amount of data,

• The lack of standardization among sequenc-
ing laboratories and read depths can compro-
mise reproducibility, and

• Although the cost of RNA-seq has decreased
in recent years, it is relatively high.

PROGNOSTIC SIGNATURES IN BREAST
CANCER

With these robust technologies in hand, be they
DNA microarrays or RNA-seq, breast cancer
biologists used these tools to identify gene-ex-
pression patterns that might be of clinical use-
fulness. During the last two decades, gene-ex-
pression platforms have significantly increased
our ability to estimate distant recurrence of ear-
ly-stage HR-positive/HER2-negative breast can-
cers. Comparing gene-expression profiles of
high-risk and low-risk early-stage HR-positive/
HER2-negative breast tumors yielded different
prognostic gene-expression signatures. Some of
these are currently commercially available, en-
dorsed by clinical guidelines, and routinely used
in clinical practice. These signatures include
Oncotype DX Recurrence Score (RS), Mam-
maPrint 70-gene signature, Prosigna risk of re-
currence (ROR) score, EndoPredict, and Breast
Cancer Index (Table 2; Cardoso et al. 2019;
Andre et al. 2022).

Table 1. Main characters of DNA microarrays and RNA sequencing (RNA-seq)

Microarrays RNA-seq

Number of genes High throughput
>20,000

High throughput
Whole transcriptome

Sample preparation RNA extraction
Reverse transcribe sample

RNA extraction
Reverse transcribe sample
Fragmentation
Library preparation

Processing steps Label cDNAs
Hybridization to array

Sequencing

Instrument Microarray scanner Sequencer
Time on sample processing 17–18 h (overnight) 24 h
Time on data processing Short Long
Cost Moderate Expensive

Breast Cancer Inter- and Intratumor Heterogeneity

Advanced Online Article. Cite this article as Cold Spring Harb Perspect Med doi: 10.1101/cshperspect.a041320 3

w
w

w
.p

er
sp

ec
ti

ve
si

n
m

ed
ic

in
e.

o
rg

Cold Spring Harbor Laboratory Press 
 at Cold Spring Harbor Laboratory Library on May 4, 2023 - Published byhttp://perspectivesinmedicine.cshlp.org/Downloaded from 

http://perspectivesinmedicine.cshlp.org/


Oncotype DX (Genomic Health, Redwood,
CA, USA) assesses the expression of 21 genes
(16 breast cancer–related genes and five reference
genes) using reverse transcription polymerase
chain reaction (RT-PCR), providing a risk score
(RS) that classifies the patient in low-, intermedi-
ate-, and high-risk prognostic groups (Paik et al.
2004). The RS prognostic value was first retro-
spectively evaluated in two clinical trials, NSABP
(Paik et al. 2004) and TransATAC (Dowsett et al.
2010). The RS predictive value for chemotherapy
benefit was also studied in two retrospective stud-
ies: NSABP B-20 (Paik et al. 2006) and SWOG-
8814 (Albain et al. 2010). According to theASCO
guidelines, NSABP B-20 data were confounded
by the data set initially used to generate the assay,
and the SWOG-8814 datawas hypothesis-gener-
ating due to the small sample set and no addi-
tional prediction beyond 5 years. The prognostic
ability of Oncotype DX RS has been analyzed in
the prospective clinical trial TAILORx (Sparano
et al. 2018), where the RS cutoffs between differ-
ent prognostic groups were changed for this pur-
pose. Patients with RS≤ 10 were considered low
risk and were assigned not to receive chemother-
apy, patients with RS≥ 26 were assigned to re-
ceive chemotherapy, and patients with RS be-
tween 11 and 25 were randomly assigned to not
receive or receive adjuvant chemotherapy. This
clinical trial demonstrated the noninferiority of
endocrine therapy alone compared to a chemo-
therapy and endocrine therapy combination in
patients with an RS score between 16 and 25,
with a small benefit from chemotherapy in pa-
tients 50 years old and younger. Data from the
RxPONDER trial suggests that the benefit of ad-
juvant chemotherapy is small in patients with RS
< 25 and1–3positive nodes (Kalinskyet al. 2021).
However, RS failed to predict chemotherapy ben-
efit (i.e., statistically nonsignificant interaction
test). In addition, premenopausal patients youn-
ger than 50 again showed a large absolute benefit
(i.e., an absolute difference of 4.9 percentage
points) from adjuvant chemotherapy. Whether
the observed chemotherapy benefits in these
studies is directly or indirectly from chemother-
apy-induced ovarian suppression remains un-
known (Sparano et al. 2018; Kalinsky et al.
2021) and thus remains a pressing question to

be addressed. Oncotype DX RS, therefore, pro-
vides relevant prognostic information and is cur-
rently recommended in clinical guidelines with
the strongest level of evidence (Cardoso et al.
2019; Andre et al. 2022).

MammaPrint (Agendia, Amsterdam, The
Netherlands) is a 70-gene signature that uses
themicroarray technology that required initially
sending fresh frozen breast tumor samples to a
central laboratory, and then switched to forma-
lin-fixed paraffin-embedded (FFPE). The prog-
nostic value of this assay has been validated in
multiple retrospective (Van’t Veer et al. 2002;
Buyse et al. 2006) and prospective (Drukker
et al. 2013; Cardoso et al. 2016) studies. Similar
to Oncotype DX, MammaPrint has not proven
to have predictive value for chemotherapy ben-
efit.MammaPrint is also included inmost breast
cancer guidelines with a high level of evidence
(Cardoso et al. 2019; Andre et al. 2022).

Prosigna (Veracyte, San Francisco, CA,
USA) is a prognostic gene-expression assay that
uses 58 genes (PAM50 signature) along with
clinicopathological features to calculate the
ROR score, a prognostic index that predicts the
probability of cancer recurrence. Prosigna is a
decentralized test that can be run using FFPE
breast tumor samples. Apart from theROR score
(and outside the United States), Prosigna also
provides the breast cancer–intrinsic subtype in-
formation. Retrospectively validated in two dif-
ferent clinical trials (Dowsett et al. 2010; Gnant
et al. 2014), Prosigna can be used as a prognostic
tool to guide the use of adjuvant therapy (Car-
doso et al. 2019; Andre et al. 2022) and, unlike
Oncotype DX andMammaPrint, the ROR score
also has a prognostic value for late recurrences
that might occur between 5 and 10 years post-
diagnosis.

The Breast Cancer Index (Biotheranostics,
San Diego, CA, USA) is a gene-expression sig-
nature that includes the HOXB13/IL17BR ratio
and the molecular grade index. The prognostic
score combines both pieces of information and
provides an individual risk assessment for over-
all and late distant recurrence (Sgroi et al. 2013a,
b). The predictive component is based on the
HOXB13/IL17BR ratio and provides a classifica-
tion (i.e., high vs. low) for the benefit of extended

A. Swarbrick et al.
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endocrine therapy (Bartlett et al. 2016). Unlike
other assays, the Breast Cancer Index can be
used to guide an extension of the endocrine
treatment in patients with node-negative or
node-positive (one to three nodes only) disease
beyond 5 years of treatment (Andre et al. 2022).

EndoPredict (Myriad Genetics, Salt Lake
City, UT, USA) is a prognostic gene-expression
signature of 12 genes (eight cancer-related
genes, three reference genes, and one DNA con-
trol gene). The commercialized test (EPclin)
also considers clinical factors (tumor size and
node status) to inform about the risk of recur-
rence and indication of adjuvant chemotherapy.
This assay has been retrospectively tested in the
ABCSG6, the ABCSG8, and the TransATAC
clinical trials (Dubsky et al. 2013; Buus et al.
2016), and the European and American guide-
lines recommend it as a prognostic tool for treat-
ment decisions (Cardoso et al. 2019; Andre et al.
2022).

These genomic assays help clinicians and
patients to decide the need for adjuvant chemo-
therapy and the extension of hormone therapy
to treat early-stage HR-positive/HER2-negative
breast cancer. Despite multiple efforts in the
molecular characterization of HER2-positive
breast cancer andTNBC, gene-expression assays
are not yet recommended by clinical guidelines
to guide treatment decisions within these two
clinical subtypes of breast cancer.

MOLECULAR CHARACTERIZATION OF
BREAST CANCER BY TCGA

The Cancer Genome Atlas (TCGA) revolution-
ized the studyof human cancers in twoways:first,
it applied a set of at least six different “omic”
technologies onto a common set of tumors (i.e.,
whole-exome sequencing, DNA–single-nucleo-
tide polymorphism (SNP) microarrays, DNA
methylation microarrays, gene expression by
DNA microarrays and/or RNA-seq, miRNA se-
quencing, and reverse-phase protein arrays
[RPPAs]), thus providing an unprecedented
“multiplatform” data set. Second, all these data
were made immediately public, and have literally
been used in thousands of publications across
tens of countries. Breast cancers were highly rep-

resented among the TCGA tumor types, which in
the end represented 1100/10,000 cancers profiled
(Hoadley et al. 2018). Multiple TCGA Breast
Cancer Studies were published, including the
most highly cited TCGA-sponsored paper from
2012, one of the first multiplatform analyses of a
human tumor type (Cancer Genome Atlas Net-
work 2012). A highly novel computational ap-
proachwas employed in this paper where a single
classification of breast cancers was made via the
integrated analysis of all six data types at once, as
opposed to most previous methods like those de-
scribed above, where classifications are made
based upon a single technology. This method,
called “clustering of cluster assignments”
(COCA), identified four main groups of breast
tumors, which were highly similar to the four
major breast cancer intrinsic subtypes based
upon gene-expression patterns alone (Fig. 1);
note that in the COCA method, each of the six
omics data types was equally weighted, thus dem-
onstrating that the gene-expression datawell rep-
resents all these data and that these gene-expres-
sion-defined intrinsic subtypes are also highly
correlated with DNA and protein features, which
also define similar subtypes.

LuminalA is themost common intrinsic sub-
type among all breast cancers and within HR-
positive/HER2-negative breast cancer. These tu-
mors have heterogeneous CNAs and somatic
mutations (Ciriello et al. 2013). Luminal A tu-
mors have the highest number of recurrentlymu-
tated genes but the smallest number ofmutations
per tumor. Among the most frequently mutated
genes are PIK3CA (45%), followed by MAP3K1,
GATA3, TP53, CDH1, and MAP2K4. This sub-
type is characterized by typically high expression
of ER and PR (both mRNA and protein levels)
and an increased expression of the luminal sig-
nature, which contains genes that are also highly
expressed in themammaryducts’ luminal epithe-
lium (ESR1, GATA3, FOXA1, XBP1, and MYB).
Compared to luminal B, luminal A tumors usu-
ally present lower proliferation rates (Cancer Ge-
nome Atlas Network 2012).

Luminal B breast cancer is similar and relat-
ed to luminal A but is also unique in the profile
of DNA CNAs and somatic mutations, and of-
ten shows a DNA hypermethylated phenotype.

A. Swarbrick et al.
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Consensus clusters

PAM50

Clinical/mutation data
Positive/mut
Negative/WT

miRNA 2
Methy 2
CN 2
PAM50 LumA
RPPA LumA
Methy 1
miRNA 6
RPPA reactive I

RPPA reactive II
miRNA 3
CN 1
Methy 5
PAM50 basal
RPPA basal
miRNA 5
PAM50 normal
CN 3
Methy 4
miRNA 4

Methy 3

PAM50 HER2

PAM50 LumB
RPPA Lum/A/B
miRNA 7
miRNA 1
RPPA X

PAM50 P < 0.001
ER P < 0.001
PR P < 0.001
HER2 P < 0.001
T P = 0.002

N P = 0.01
TP53 P < 0.001
PIK3CA P < 0.001
GATA3 P < 0.001
MAP3K1 P < 0.001
MAP2K4 P = 0.02

RPPA HER2
CN 5

CN 4

NA

Basal
HER2-enriched
Luminal A
Luminal B
Normal-like

1
2
3
4

A

B

C

Figure 1. Coordinated analysis of breast cancer subtypes defined from five different genomic/proteomic plat-
forms. (A) Consensus clustering analysis of the subtypes identifies fourmajor groups (samples, n= 348). The blue
and white heat map displays sample consensus. (B) Heat-map display of the subtypes defined independently by
miRNAs, DNA methylation, copy number (CN), PAM50 mRNA expression, and reverse-phase protein array
(RPPA) expression. The red bar indicates membership of a cluster type. (C) Associations with molecular and
clinical features. P values were calculated using a chi-squared test. (Figure is reprinted from the Cancer Genome
Atlas Network (2012) with permission from the author, C.M. Perou.)
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Compared to luminal A tumors, luminal B tu-
mors have a lower frequency of PIK3CA muta-
tions and a higher frequency of TP53mutations.
Luminal B tumors tend to have a lower expres-
sion of luminal signature, lower expression of
PR (protein and mRNA), and a higher prolifer-
ation rate than luminal A tumors (Cancer Ge-
nome Atlas Network 2012).

HER2-Enriched is the predominant genomic
subtype within pathological HER2-positive tu-
mors, but not all HER2-positive tumors are
HER2-enriched, and not all clinically defined
HER2+ tumors are of the HER2-enriched gene-
expression phenotype. Clinically defined HER2-
positive tumors are probably the most heteroge-
neous breast cancer clinical type among those
analyzed by TCGA, where ∼50% of HER2-posi-
tive tumors are HER2-enriched. An HER2-en-
riched subtype is mainly characterized by DNA
amplification of the HER2 gene (ERBB2) and a
high frequency of TP53 mutation (∼75%). Tu-
mors that are both HER2-enriched and HER2-
positive show a significantly higher expression of
several tyrosine kinase receptors, including
FGFR4, EGFR, HER2 itself, and genes within
theERBB2 amplicon, includingGRB7 and some-
times TOP2A. HER2-enriched tumors usually
have a high frequency of PIK3CA mutations
(39%), a lower frequency of PTEN mutations,
high aneuploidy, and the highest somatic muta-
tion rate (Cancer Genome Atlas Network 2012).

Basal-like is the predominant genomic sub-
type within TNBC, with ∼75% of all TNBCs be-
ing basal-like. Basal-like breast tumors harbor a
high frequency of TP53 mutations (80%), and
most of these tumors have lost the TP53 function
based on the combination of the TP53mutation
frequencyand the inferredTP53pathwayactivity.
Although PIK3CA is the second-most-mutated
gene in basal-like breast tumors, its frequency is
relatively low (∼9%) compared to TP53 and
much lower than that in luminal tumors
(∼40%); however, despite this low PIK3CA mu-
tation rate, the inferred PI3K pathway activity
based on RPPA proteomics is the highest in this
subtype (Cancer Genome Atlas Network 2012).
At the gene-expression level, basal-like tumors
are characterized by high expressions of keratins
5, 6, and 17, low expression of RB1 (which also

shows a 5%mutation rate), and increased expres-
sion of proliferation genes. Hyperactivation of
MYC and H1F1 pathways are also frequent.
Basal-like tumors usually have the lowest level
of global DNA methylation and are confirmed
to have a strong association with germline
BRCA1 mutations (Cancer Genome Atlas Net-
work 2012).

Last, several other TCGA Breast Cancer pub-
lications should be highlighted, including a mul-
tiplatform molecular description of lobular can-
cers (Ciriello et al. 2015), a comparison of omics
features between breast cancer patients of African
versus European ancestry (Huo et al. 2017), and a
thorough comparison of multiple pathology fea-
tures including grade versus all the genomic data
(Heng et al. 2017).Very recently, a complete anal-
ysis of all 1100 TCGA breast cancers and all his-
tologies, including a focus on six rare subtypes
(cribriform, micropapillary, mucinous, papillary,
metaplastic, and invasive ductal carcinoma [IDC]
withmedullary pattern), was completed, and, im-
portantly, where histology and genomics were
linked together to arrive at 12 consensus groups
(Thennavan et al. 2021); these two consensus
groups, highlighted in Figure 2, link together his-
tology and genomics into a single framework that
should improve our ability to understand the
complex biology of each breast cancer clinical
study.

In addition to TCGA, multiple international
efforts have helpeddecipherbreast cancer biology
using a multi-omics approach. Thus, Metabric
(Molecular Taxonomy of Breast Cancer Interna-
tional Consortium) used an integrated clustering
approach of genome and transcriptome data
from2000breast tumorsdescribing 10 integrative
clusters with distinct clinical outcomes (Curtis
et al. 2012). Other international efforts, like the
International Cancer Genome Consortium
(ICGC/TCGA Pan-Cancer Analysis of Whole
Genomes Consortium 2020), the Broad Institute
(Banerji et al. 2012), and the National Cancer
Institute’s Clinical Proteomic Tumor Analysis
Consortium (Krug et al. 2020), have also contrib-
uted to a better understanding of the molecular
mechanisms of breast tumors. More recently, the
Sweden Cancerome Analysis Network—Breast
(SCAN-B) consortiumwas created as amulticen-
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ter prospective study to analyze breast tumors
with next-generation technologies to develop
and validate new biomarker assays to better per-
sonalize cancer treatment (Saal et al. 2015).
Thanks to this initiative, gene expression and
clinical data from a cohort of 7743 patients with
breast cancer have been analyzed (Staaf et al.
2022). Genomic and clinical data from these in-
ternational consortiums is usually shared with
the scientific community, providing the opportu-
nity to accelerate breast cancer research.

SINGLE-CELL AND SPATIALLY RESOLVED
GENE-EXPRESSION ANALYSIS

Breast cancers typically exhibit extensive immune
cells and stromal cells infiltration, along with
functional heterogeneity among neoplastic cells.
There is a growing awareness of the importance of
the TME, beyond neoplastic cell-intrinsic hetero-
geneity, to the role of the TME in breast cancer
etiology, response to therapy, and patient survival
outcomes. Gene-expression analyses of bulk tis-
sues have led to paradigm shifts in our under-
standingof breast cancer biology.However, a lim-
itation of such approaches is that they only
measure tissue-average gene expression, and
thus it is often challenging to know what gene(s)
are being expressed in what cell types. Therefore,
traditional analysis of bulk gene-expression data
might result in a loss of signal from less abundant
cell types, reducing our ability to resolve unique
features of cellular states and limiting the conclu-
sions of an experiment. Traditional methods for
studying cell heterogeneity, such as immunohis-
tochemistry and flow cytometry, rely on a small
number of phenotypic markers and are therefore
limited in their utility for studying cancer hetero-
geneity.

The field of single-cell genomics has rapid-
ly grown in recent years. Early methods for sin-
gle-cell RNA sequencing (scRNA-seq) (e.g.,
SMART-seq, Fluidigm C1) relied on physically
separating cells intomicrofluidics or high-density
microtiter plates by flow cytometric cell sorting,
which greatly limited the throughput. The emer-
gence of methods based on high-throughput en-
capsulation of cells and barcoded capture beads
into aqueous droplets within an oil emulsion

(Macosko et al. 2015) has revolutionized thefield,
permitting whole transcriptome analysis of hun-
dreds of thousands of cells. These methods gen-
erally use poly-A-based capture of mRNA and so
are sensitive to RNA integrity. mRNA capture is
followed by reverse transcription, fragmentation
of cDNA, and short-read sequencing of the ends
of fragments. To address the limitations of short-
read sequencing, single-molecule sequencing on
the PacBio or Oxford Nanopore systems can be
used to study splicing and structural variants or to
identify SNPs not contained within the se-
quenced fragments. For instance, single-molecule
long-read sequencing of full-length cDNA librar-
ies was used to analyze alternative splicing and
somatic hypermutation events in T- and B-cell
receptors in breast cancers (Singh et al. 2019).
These methods can be scaled to whole transcrip-
tomes, opening up the possibility of analyzing the
association of splice variants, mRNA editing, or
genomically encoded cancer variants at single-
cell resolution.

scRNA-seq is challenging to implement on
clinical specimens, as it typically requires intact,
alive cells and thus is not compatible with flash-
frozen or paraffin-embedded material. Although
sequencing of nuclei from flash-frozen tissue can
be applied to avoid dissociation methods (Habib
et al. 2017) and better represent the composition
of complex cellular mixtures (Slyper et al. 2020),
these methods have several distinct drawbacks in
their application to oncology. These drawbacks
include that the data generated is typical of sub-
stantially reduced sensitivity compared to using
whole cells, that samples cannot be processed to
remove dead or low-quality cells, which are com-
mon in solid cancers, that subsets of interest can-
not be prospectively selected, and that the ap-
proach is not compatible with cell-surface
immunophenotyping methods such as CITE-
seq (Stoeckius et al. 2017). The consequence is
that most clinical studies have used freshly pro-
cessed samples, which is logistically difficult, in-
efficient, and may exacerbate variability intro-
duced by batch effects within the resulting data
set. One approach to solve these challenges is to
cryopreserve or fix samples, which allows later
sample batching. Studies (Guillaumet-Adkins
et al. 2017; Wu et al. 2021c) have shown that

A. Swarbrick et al.
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cryopreservation effectively conserves the tran-
scriptome and cell abundance seen in freshly pro-
cessed breast cancer samples while maintaining
maximum compatibility with downstream appli-
cations, including CITE-seq (Wu et al. 2021c),
spatial transcriptomics (Wu et al. 2021b), and
cell culture or xenotransplantation. The recent
development of single-nuclei RNA sequencing
(snRNA-seq) and scRNA-seq methods based
on probe-based detection in fixed cells has mark-
edly reduced the technical sensitivity to RNA in-
tegrity and will dramatically increase the applica-
tion of these technologies to the analysis of
clinical breast cancer cohorts (Vallejo et al. 2022).

It is increasinglyapparent that cellularcontext
plays a significant role in determining cellular
phenotypes in breast cancer, such as heterogene-
ity in drug sensitivity or T-cell exhaustion. Un-
derstanding the organization of breast cancers re-
quires complex high-dimensional methods to
resolve the many cell states within a tumor and
their expression of molecules. What was once an
abstract dream has become a reality with the
emergence of methods to perform spatially re-
solved transcriptomics. The ideal spatial tran-
scriptomics platform would combine single-
cell-level resolution, high-target multiplexing,
high-sample throughput, and sensitivity with
flexibility insamplepreparation.Current technol-
ogies do not meet all these goals, often compro-
mising on throughput, resolution, or sensitivity.

Until recently, commercially available plat-
forms have used a variety of strategies to map
transcripts to a spatial region, typically >50 µm
in diameter and comprising numerous cells.
These include the Visium platform from 10XGe-
nomics and GeoMXDSP fromNanostring Tech-
nologies. Academicmethods for spatial transcrip-
tomics that use optical imagingof hybridized gene
probes, such as Seq-FISH (Lubeck et al. 2014),
have existed for approximately a decade and pro-
vide subcellular resolution for a panel of gene
targets. However, these methods have generally
been difficult for most laboratories to implement
and often only work well on carefully prepared
fresh tissues from model systems. However, nu-
merous new commercial platforms converge on
methods for spatial transcriptomics via probe hy-
bridization thatmarkedly improves the sensitivity

and robustness of analyzing archival FFPE tissues.
These platforms provide the capability to spatially
resolve hundreds to thousands of genes and pro-
teins at the subcellular resolution level in routine
clinical specimens. The new capabilities offered
by these platforms make it possible for the next
generationof spatialmethodsto become thedom-
inant cellular genomics technology, relegating
scRNA-seq to specific applications.

A Model for Cellular Heterogeneity in Breast
Cancer

The emergence of standardizedmethods for cel-
lular genomics, particularly single-cell, and spa-
tial transcriptomics, is revolutionizing our un-
derstanding of breast cancer heterogeneity. To
understand breast cancer heterogeneity, it is
helpful to take a view of breast cancers as cellular
ecosystems, whereby the etiology of disease is a
function of interactions among neoplastic, stro-
mal, and immune cells together with extracellu-
lar molecules such asmatrix proteins, cytokines,
and growth factors. This problemmay be viewed
at three levels (Fig. 3). The first level is one of
taxonomy, to define the cell types and states that
occupy tumors, particularly those of clinical rel-
evance, and determine molecular programs that
define their behavior and which of them wemay
aim to manipulate for a therapeutic purpose.
The second is to understand the communities
or cellular hubs that cells form in tumors, the
mechanisms driving heterotypic cellular coales-
cence, and the impact those interactions have on
tumor phenotype. Finally, there are widespread
differences in cellular content in breast cancers
and recurrent combinations of cellular compo-
sition, or ecotypes, across tumors that have re-
cently been reported (Luca et al. 2021; Wu et al.
2021b). However, the drivers and clinical signif-
icance of ecotypes are mostly unknown.

Breast Cancer Cellular Taxonomies

Single-cell and spatial transcriptomics have di-
verse applications in the study of breast cancer
heterogeneity (Fig. 4). A major focus in this
area has been on defining cell types and cellular
states that comprise breast cancers using scRNA-

Breast Cancer Inter- and Intratumor Heterogeneity

Advanced Online Article. Cite this article as Cold Spring Harb Perspect Med doi: 10.1101/cshperspect.a041320 11

w
w

w
.p

er
sp

ec
ti

ve
si

n
m

ed
ic

in
e.

o
rg

Cold Spring Harbor Laboratory Press 
 at Cold Spring Harbor Laboratory Library on May 4, 2023 - Published byhttp://perspectivesinmedicine.cshlp.org/Downloaded from 

http://perspectivesinmedicine.cshlp.org/


seq. The first generation of clinical scRNA-seq
studies have typically producedunbiaseddescrip-
tive atlases from early breast cancers (Chung et al.
2017; Singh et al. 2019; Qian et al. 2020;Wu et al.
2020, 2021;Gao et al. 2021; Pal et al. 2021), broad-
ly sampling the cellular diversity of disease across
neoplastic, immune, and stromal cells.

Neoplastic Cells

Heterogeneity and plasticity among neoplastic
cells provide a source of diversity that drives
drug resistance and are major challenges in the
diagnosis and treatment of breast cancer. Howev-

er, identifying the recurrent features of tumor het-
erogeneity by scRNA-seq is complicated by the
dominanceofpatient-specific featureswhenusing
unbiased clustering approaches (Pal et al. 2021;
Wu et al. 2021b). The result is that cells from
different patients typically cluster separately un-
less a stringent batch correction is applied, which
can skew gene expression. Several approaches
have been used to address this problem. The first
is to apply the PAM50 intrinsic gene set to anno-
tate individual tumor cell phenotypes. However,
themajorityof PAM50 genes return zerovalues at
single-cell resolution in scRNA-seq data sets. An
approach based on the concepts of intrinsic sub-
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types but trained on scRNA-seq data rather than
bulk RNA-seq data, “scSubtyper,” has been devel-
oped to address this issue, and the results reveal
that intrinsic subtypes canbeapplied to individual
cells. Notably, while the majority of cells within a
tumor have subtypes concordant with the “bulk”
annotation, aminor subset of cells with an scSub-
type “discordant” to the bulk subtype is seen in a
majorityof cancers (Wuet al. 2021). Furtherwork
is needed to develop thismethod and test whether
quantifying intratumoral heterogeneity with
scSubtype predicts drug response or relapse (Wu
et al. 2021b), where one would hypothesize that
high intratumor heterogeneity subtype diversity
might predict worse outcomes.

A second approach to define neoplastic het-
erogeneity is identifying modules of genes asso-
ciated with intratumoral heterogeneity and then

applying these modules across cancers (Wu
et al. 2021b). Using modules, or gene sets, in-
stead of individual genes was an idea developed
in the bulk world that has been used widely, and
it is likely this approach may be even more im-
portant in single-cell data where biological and
technological noise is even greater. The result is
a series of modules representing major biologi-
cal features, such as proliferation, epithelial–
mesenchymal transition (EMT), and ER signal-
ing. Some of these clusters of gene modules are
spatially segregated (Wu et al. 2021), suggesting
either that the local microenvironment controls
their expression or that they associate with epi/
genomic subclones. Methods to infer DNA copy
number states from scRNA-seq data have been
developed (Patel et al. 2014; Gao et al. 2021) and
will be important tools in linking genotype to

Ecotype 1 Ecotype 2 Ecotype 3

Map cell communities in tissue

Deconvolute bulk RNA-seq into cellular
compositions (ecotypes)   

Figure 3. (Continued.)
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phenotype in single-cell and spatial transcrip-
tomic data sets going forward.

Immune Cells

Many breast cancers contain an extensive im-
mune infiltrate, and numerous immune cell
populations are prognostic or predictive of re-
sponse to chemotherapies and immunothera-
pies, typically T-cell and/or B-cell features (Hol-
lern et al. 2019). Immune checkpoint inhibitors
have made an impact on breast cancer, with
these now being approved for use in metastatic
and early-stage TNBC and being tested in all
other breast clinical subtypes as well (see Bahl
et al. 2022). Immune cell populations in breast
cancer demonstrate substantially expanded phe-
notypic diversity compared to those in normal
breast or blood (Azizi et al. 2018), suggesting
that residence within malignant tissues provides
an environment for diverse immune activation
states. There are many similarities between the
cell states of immune cells in breast cancer and
those in other solid cancers, with the major var-
iation being in relative abundance rather than
unique cellular states. Analysis of resting and
naive immune cell populations using scRNA-
seq alone is challenging, as these cells are rela-
tively transcriptionally inactive. It is here that
multi-omicmethods, such as CITE-seq (Stoeck-
ius et al. 2017) that measure cell-surface epi-
topes using barcoded antibodies in parallel to
transcriptomes, are particularly valuable in im-
munophenotyping (Al-Eryani et al. 2022).

T cells are the targets of currently approved
immune checkpoint inhibitors. Several groups
have reported a diverse repertoire of T cells
along continuous spectra of activation, differen-
tiation, and exhaustion within breast cancers
(Azizi et al. 2018). Indeed, immune cell plastic-
ity appears very high in breast cancer TME, re-
sulting in novel populations not found outside
of cancers (Al-Eryani et al. 2022), such as ex-
hausted CXCL13+ CD4 T follicular helper cells.
T-cell states vary by breast cancer intrinsic sub-
type, with more proliferating and exhausted T
cells found in TNBC (Pal et al. 2021; Wu et al.
2021b), mirroring the greater responses to

immune checkpoint inhibitors in this clinical
subgroup than other subgroups. Interestingly,
individual expanded clones of T cells, identified
by parallel V(D)J sequencing, occupy restricted
spaces in this continuum, suggesting that signal-
ing through the T-cell receptor is vital to defin-
ing gene-expression states. Tissue-resident
memory CD8 T cells (Trm) are found in breast
cancers, particularly ER-negative disease (Pal
et al. 2021), and the signatures derived from
CD103-positive CD8 T cells correlate with
good prognosis, suggesting that Trmmay medi-
ate antitumor immune responses (Savas et al.
2018). However, caution must be used when
interpreting the markers for Trm, which are
not proven to mark tissue-resident cells in hu-
man cancer and may instead mark activation
and/or exhaustion (Al-Eryani et al. 2022).

B cells and plasma cells are frequently
present in breast cancers, particularly in
HER2-positive and TNBC (Pal et al. 2021; Wu
et al. 2021b), and B-cell abundance and immu-
noglobulin transcript levels are strongly associ-
ated with good outcomes (Iglesia et al. 2014;
Hollern et al. 2019; Hu et al. 2021). The function
of these cells in breast cancer is poorly known
and subject to intense research activity. Most B
cells in TNBC are memory B cells that have
typically undergone affinity maturation (Singh
et al. 2019; Hu et al. 2021). Clonally expanded B
cells can be found in paired tumors and draining
lymph nodes (Singh et al. 2019), suggesting an-
tigen presentation, trafficking to tumors, and
proliferation in response to antigens of these
cells. The function of B cells in breast cancers
and antigens to which they respond are not yet
known and are important areas for future re-
search.

Breast cancers contain a substantial number
of myeloid cells across diverse states. Granulo-
cytes such as neutrophils are poorly represented
in scRNA-seq data sets, which may result from
their low abundance, low transcript levels, and
their sensitivity to the dissociation and capture
protocols employed for scRNA-seq. Methods
such as snRNA-seq are more likely to capture
granulocytes. Macrophages in breast cancer
form a number of clusters, including two sub-
stantial populations of TREM2-positive cells
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that resemble lipid-associated macrophages ini-
tially identified in obese mice and humans (Jai-
tin et al. 2019). These populations, now found in
many types of solid cancers (Mulder et al. 2021),
are notable for their expression of lipid metab-
olism molecules and immunosuppressive mol-
ecules, such as CCL18, PDL1, and PDL2, and
their association with poor patient survival (Wu
et al. 2021b). TREM2-positive macrophages
may be essential to understanding breast cancer
immunity, as their abundance is associated with
response to PDL1 blockade in TNBC (Zheng
et al. 2021) and their depletion can sensitize
mouse models of breast cancer to immune
checkpoint inhibition (Molgora et al. 2020).

Stromal Cells

Breast cancers exhibit a diverse stromal milieu,
and breast cancer specimens and models have
been at the forefront of research into the role of
stroma in cancer for decades. More recently,
scRNA-seq has revealed surprising new insights
into stromal biology. It is now clear that cancer-
associated fibroblasts (CAFs) adopt diverse phe-
notypes, ranging from myofibroblasts with fea-
tures of contractility and extracellular matrix re-
modeling through to less-differentiated cells
resembling mesenchymal stromal cells. Tra-
jectory analysis (Fig. 4D) suggests a continuum
of differentiation states between these two ex-
treme states (Wu et al. 2021b). These two states
are commonly called myofibroblastic CAF
(myCAF) and inflammatory CAF (iCAF),
adopting the nomenclatures for similar cells re-
ported in pancreatic cancer (Sahai et al. 2020)
with which they share many similarities. iCAFs
express many immunoregulatory molecules, in-
cluding immune checkpoint ligands PDL1 and
PDL2 and chemokines such as CXCL12, and
colocalize with T and B lymphocytes, support-
ing the suggestion that they may be essential
players in immunoregulationwithin tumors. Al-
though iCAF may be the progenitor of myCAF,
they occupy different regions of breast cancers,
with myCAF typically closely associated with
cancer cells (Wu et al. 2021b). The distinct lo-
calization of these cells suggests a role for unique
microenvironments in either differentially re-

cruiting CAF subsets or regulating CAF differ-
entiation.

scRNA-seq has also revealed diversities
within other stromal cell populations in the
TME. Endothelial cells lie across a spectrum of
differentiation, from cells resembling stalk-like
cells to tip-like cells and a subset characterized
by migration and angiogenic signatures (Wu
et al. 2021b). Cells with features of smooth mus-
cle cells and pericytes, termed perivascular-like
cells (PVLs), are as frequent as CAFs in early
breast cancers (Wu et al. 2021a). PVLs are also
found across a range of differentiation states.
Surprisingly, PVLs can be frequently found dis-
tant from blood vessels in breast cancers (Wu
et al. 2021a). Given the overlappingmorphology
and markers with CAFs (e.g., smooth muscle
actin), PVLs have almost certainly beenmisclas-
sified as CAFs in the past. The function of PVL,
particularly those disseminated throughout the
tumor parenchyma, is a major knowledge gap.

A recurring observation among these studies
is that rather than occupying discrete states, or cell
types, cells of all three major lineages differ across
a continuous spectrum of phenotypes or states,
representing multiple axes comprising differenti-
ation, activation, and others. Cells are presumably
transitioning dynamically between states, so a sig-
nificant challenge will be to understand the driv-
ers of this plasticity, be it intrinsic such as geno-
mic, or extrinsic such as extracellular interactions.
These insights will drive a new generation of ther-
apeutics based onmanipulating the cellular com-
position or signaling within the TME.

Cellular Communities

While the field has long recognized the existence
of breast cancer cell heterogeneity, few studies
have illuminated its topological associations. A
recent pan-cancer analysis examining associa-
tions between cancer gene-expression modules
and cellular contexts revealed the regulation of
interferon response signatures in cancer cells by
adjacent macrophages and T cells (Barkley et al.
2022), which was also observed in HER2-positive
breast cancers (Andersson et al. 2021). Recently,
iCAFs were shown to associate with T and B lym-
phocytes, and spatial-resolved ligand-receptor
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mapping revealed potential signaling intermedi-
ates between these populations (Wu et al. 2020).

Tertiary lymphoid structures (TLS) are
complex cellular structures comprised of lym-
phocytes, stromal cells, and myeloid cells that
resemble secondary lymphoid organs such as
lymph nodes, and they are observed in some
breast tumors. Most cancers with TLS are asso-
ciated with superior prognosis and response to
immunotherapy (Schumacher and Thommen
2022). It is likely that many important stromal
and immune cell types identified recently
through single-cell methods, including memory
B cells, iCAFs, CD4 T follicular helper cells, and
dendritic cell subsets, interact within TLS to al-
ter the antitumor immunity. The likely impor-
tance of these structures in the breast cancer
immune context demonstrates the potential
for spatial transcriptomics in mapping breast
cancer ecosystems (Andersson et al. 2021). By
placing cells within an actionable distance, spa-

tial transcriptomicsmay provide an opportunity
for new drug target discovery.

Ecotypes

Single-cell transcriptomics has revealed highly
variable cell-type compositions among breast
cancers (Pal et al. 2021; Wu et al. 2021b), which
raises the question of whether these variabilities
in cell-type composition are the result of a gen-
erally random process or instead reflects recur-
ring patterns of cellular frequencies. Because
single-cell atlases to date contain no more than
34 cases of breast cancer (Pal et al. 2021), it is not
possible to address this question robustly yet.
However, single-cell reference profiles of every
cell type can be used to infer the proportion of
cell types in large, published bulk RNA-seq data
sets (Fig. 5).

Several computational methods have been
developed to infer the abundance of different

Reference profiles Tumor biopsy Single cells scRNA-seq Cell-type signatures
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Figure 5.Disease-specific single-cell transcriptomics references can be used to predict cellular frequencies within
bulk RNA sequencing (RNA-seq) data sets via in silico cytometry. This strategy can be used to study cellular
proportions across large clinical cohorts.
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cell types in bulk tissue. One example is CIBER-
SORT, a deconvolution method based on sup-
port vector regression that allows the character-
ization of the immune cell composition of bulk
tissues (Newman et al. 2015). CIBERSORT has
been demonstrated to have prognostic value in
breast cancer (Craven et al. 2021). Methods such
as CIBERSORT use canonical gene signatures,
often derived from blood, for deconvolution.
Because of the marked influence of the TME
on cellular phenotypes, the accuracy of predic-
tions is markedly increased by using high-reso-
lution and disease-specific reference profiles.
Using scRNA-seq data from 26 breast cancer
cases as reference, ∼2000 cases of breast cancer
in the Metabric cohort (Curtis et al. 2012) have
been deconvoluted to reveal a number of recur-
rent compositional clusters, which are called
ecotypes (Wu et al. 2021b). Ecotypes are com-
posed of immune, stromal, and neoplastic cells
in recurring proportions, suggesting that all
these three cell lineages contribute to building
these recurrent tumor neighborhoods. Eco-
types, in part, recapitulate the PAM50 and
IntClusters derived from theMetabric and build
upon these by integrating the TME and in find-
ing additional biological groups that are associ-
ated with prognosis. Ecotypes appear to be con-
served across diverse epithelial tumor types
(Luca et al. 2021), but the mechanisms organiz-
ing ecotypes are mostly unknown. Although it
remains to be tested, ecotypes may predict re-
sponse to therapy, particularly immunotherapy.

FUTURE DIRECTIONS

In many ways, the age of cellular- and spatial-
resolved “omics” is only beginning. A challenge
in the single-cell space is to systematically define
cell states and a common ontology while avoid-
ing duplication of nomenclature. This will re-
quire integrative studies that find the shared fea-
tures across studies and disease subsets and rely
on methods that enable less biased capture of
cell types and states, particularly for complex
cell types such as granulocytes, neurons, and
adipocytes, while retaining sensitivity. Methods
compatible with fixed cells, particularly those
embedded in paraffin, will open up large clini-

cally valuable cohorts to cellular genomics to
definitively test the value of these new technol-
ogies to translational oncology.

Current methods of single-cell analysis typ-
ically sample∼1000–10,000 cells per tumor, and
the majority of studies have captured several cell
types, so any one cell type is shallowly sampled.
Future work in this area will need to capture far
more cells per tumor or focus on specific cellular
populations to more comprehensively resolve
cellular states and plasticity. In breast cancer,
this is particularly relevant for understanding
neoplastic cell heterogeneity. For instance, ER,
PR, and androgen receptor (AR) are critically
important to breast cancer biology and treat-
ment. Intriguingly, histochemical studies reveal
that ER, PR, and AR are generally heteroge-
neously expressed in breast cancers (Lindström
et al. 2018), yet cancers with only 1% ER-posi-
tive cells may respond to endocrine therapies.
Single-cell transcriptomics, in particular, when
combined with newer methods such as single-
cell ATAC-seq, may provide a path to better
understand endocrine receptor function and en-
docrine therapy responsiveness.

Cellular genomics has the potential to unveil
insights into the cellular basis for drug response
and resistance. Although most studies have fo-
cused on treatment-naive disease, Kim and col-
leagues used scRNA-seq to monitor the cellular
dynamics of TNBC in patients undergoing neo-
adjuvant chemotherapy treatment (Kim et al.
2018). Although this study cannot resolve the
dynamics of stromal and immune cells through
therapy, it reveals dynamic changes in neoplastic
cell gene expression in samples frompatients who
had an incomplete response, including activation
of pathways relating to extracellular matrix re-
modeling, AKT signaling, and EMT. Similarly,
Griffiths et al. (2021) applied scRNA-seq to ER-
positive breast cancers from a cohort of patients
receiving the endocrine therapy letrozole with or
without the CDK4/6 inhibitor ribociclib. This
analysis revealed the emergence of conserved re-
sistance mechanisms, including ER activation
downstream of ERBB4 or JNK activation down-
stream of FGFR2 activation. This dynamic plas-
ticity observed across cancer types and drug
classes is a significant challenge for cancer thera-
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py and is an area of investigation where cellular
genomics will be a powerful tool. These insights
may inform future trials of rational combination
therapyand establish the groundwork to formally
evaluate the benefit of cellular genomics to trans-
lational science through the analysis of substan-
tial clinical trial cohorts.
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