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The site of breast cancer metastases dictates  
their clonal composition and reversible  
transcriptomic profile
Jean Berthelet1,2*†, Verena C. Wimmer3,4†, Holly J. Whitfield4,5, Antonin Serrano1,4,6, 
Thomas Boudier3,4‡, Stefano Mangiola4,5, Michal Merdas1,2, Farrah El-Saafin1,2,  
David Baloyan1,2, Jordan Wilcox1,2, Steven Wilcox3,4, Adam C. Parslow1,2,  
Anthony T. Papenfuss4,5,7,8, Belinda Yeo1,2,9, Matthias Ernst1,2, Bhupinder Pal1,2,  
Robin L. Anderson1,2,7,8, Melissa J. Davis4,5,10, Kelly L. Rogers3,4§,  
Frédéric Hollande10,11§, Delphine Merino1,2,4,6*§

Intratumoral heterogeneity is a driver of breast cancer progression, but the nature of the clonal interactive 
network involved in this process remains unclear. Here, we optimized the use of optical barcoding to visualize and 
characterize 31 cancer subclones in vivo. By mapping the clonal composition of thousands of metastases in two 
clinically relevant sites, the lungs and liver, we found that metastases were highly polyclonal in lungs but not in 
the liver. Furthermore, the transcriptome of the subclones varied according to their metastatic niche. We also 
identified a reversible niche-driven signature that was conserved in lung and liver metastases collected during 
patient autopsies. Among this signature, we found that the tumor necrosis factor– pathway was up-regulated in 
lung compared to liver metastases, and inhibition of this pathway affected metastasis diversity. These results 
highlight that the cellular and molecular heterogeneity observed in metastases is largely dictated by the tumor 
microenvironment.

INTRODUCTION
Breast cancer is a heterogeneous disease, associated with a large 
range of clinical outcomes within and across molecular subtypes. 
These disparities are mostly dependent on the distinct ability of 
individual cancer cells to metastasize to distant organs and to es-
cape standard therapies (1). Recent studies based on single-cell 
sequencing have shown that patient samples displayed varying 
degrees of heterogeneity (2–4) and that tumors with a high degree 
of intratumoral heterogeneity are often associated with poor out-
comes because of their likelihood of containing aggressive and 
drug-resistant clones (1). However, the dynamics of how seeding 
occurs in specific organs is still unclear, as are the molecular fea-
tures of aggressive seeders.

A recent study using a large dataset of matched primary tumors and 
metastases suggested that cells disseminating early can lack metastasis- 
specific driver mutations and that the clonality of metastases depends 
on the organ of dissemination and the presence of treatment (5). Sev-
eral cellular and molecular processes may be accountable for the large 
degree of intra- and intermetastatic heterogeneity observed in breast 
cancer metastases. First, only a subset of cells present in primary tu-
mors are able to spread to specific organs (6–8), and the selective 
growth of metastases is likely to be determined by an interplay be-
tween the intrinsic characteristics of metastatic clones and the proper-
ties of the metastatic niche. Second, disseminated cells can genetically 
evolve independently of primary tumors, a process known as parallel 
progression (9), and the genomic, transcriptomic, and epigenetic char-
acteristics of metastases might be influenced by the tumor micro-
environment and by standard therapies (5, 10, 11). Last, metastatic 
clones can interact within their niche, where both monoclonal and 
polyclonal seeding have been described (5, 10, 12, 13). These cellu-
lar interactions may confer a survival advantage or disadvantage to 
cancer cells, depending on whether clonal cooperation or competi-
tion is involved (14).

Understanding the clonal network that underpins tumor spread 
in different organs is of great clinical interest but remains a chal-
lenge when using patient samples. Tumor biopsies are often collected 
from patients who have previously received multiple rounds of 
treatment, which is likely to affect the clonality of metastases (5). 
Furthermore, needle biopsies may not always provide a complete 
representation of the overall tumor and metastatic spread. Mouse 
models in which metastases can be isolated from whole organs are a 
suitable alternative. In this context, single-cell tracking methods are 
emerging as a powerful tool to disentangle the complexity of intra-
tumoral heterogeneity, as they provide a unique opportunity to track 
the fate of individual cancer cells and study the spatiotemporal 
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evolution of their progenies. One such approach, based on genetic 
barcoding, allowed the detection of cancer cells with differential 
abilities to extravasate, survive, and grow in different organs. As an 
example, barcoding of cancer cells from the breast using libraries of 
thousands to millions of genetic tags has demonstrated that cell 
lines and patient-derived xenografts (PDXs) contain multiple 
clones of cancer cells with a wide range of characteristics that confer 
different cellular fates following orthotopic engraftment (15–19). 
Unexpectedly, primary tumors and metastases were highly hetero-
geneous despite having different evolutionary life spans and were 
found to contain both minor and dominant clones at varying 
frequencies (15–18).

Recently, an optical barcoding approach based on a multicolor 
panel of Lentiviral Gene Ontology (LeGO) vectors was developed to 
enable better spatiotemporal tracking of individual clones within 
heterogeneous populations of tumor cells (20–23). Despite the lim-
ited number of optical barcodes available, a key advantage of this 
approach over genetic barcoding is the ability to image, quantify, 
and sort labeled populations by microscopy and flow cytometry at 
the single-clone level for further molecular characterization. Cell 
transduction with specific viral titers results in cells expressing spe-
cific combinations of fluorescent tags, generating up to 63 colors 
and allowing the long-term in  vitro tracking of labeled cells and 
their progeny (22, 24). However, the number of colors that can be 
used to track cancer cells in vivo is limited. In human cells, the com-
bination of the three LeGO colors red-green-blue (RGB) resulting 
in seven colors was used to study the relapse of primary tumors in 
head and neck squamous cell carcinoma (25) and the spatiotempo-
ral distribution of clones in colorectal primary tumors (26). However, 
increasing the number of color combinations that can be detected 
and quantified in vivo is a challenge because of the spectral overlap 
of fluorescent tags.

In this study, we used optical barcoding to explore metastatic 
heterogeneity in the context of triple-negative breast cancer (TNBC), 
as this molecular subtype is associated with poor prognosis and a 
higher risk of recurrence in the 5 years following diagnosis, com-
pared to other subtypes (27). Mounting evidence suggests that clonal 
heterogeneity plays an important role in metastatic growth in this 
subtype (18, 28), with high rates of metastatic spread to visceral 
organs, such as lungs and liver (29,  30). To investigate the way 
TNBC cells interact and adapt to these organs, we optimized the 
LeGO technology to visualize and quantify in  vivo 31 “barcoded 
clones” (defined here as subpopulations of cells arising from cancer 
cells and their progenies barcoded with a specific set of fluorescent 
tags, regardless of their genomic profile). Our results indicate that 
this cell tracking strategy allows us not only to compare the dynamics 
of metastatic seeding between organs using high-resolution imag-
ing but also to identify new site-driven gene expression signatures 
associated with lung and liver metastases.

RESULTS
Labeling with BSVTK enables the tracking of 31 barcoded 
subclones at the single-cell resolution
Genetic barcoding has provided insight into clonal compositions at 
experimental end points. However, the lack of an endogenous fluo-
rescent reporter means that individual clones cannot be directly 
visualized, nor isolated by flow cytometry to study their molecular 
characteristics. Meanwhile, optical barcoding based on RGB barcoding 

can only visualize a very small number of distinctly marked clones 
in vitro (20, 21) and primary tumors in vivo (25, 26). To address 
these limitations, we developed a combinatorial strategy based on 
the five fluorophores enhanced blue fluorescent protein 2 (eBFP2), 
tSapphire, Venus, tdTomato, and Katushka (BSVTK) and a corre-
sponding visualization and quantification pipeline to analyze up to 31 
barcoded subclones by confocal imaging as well as flow cytometry.

We used the MDA-MB-231 cell line that was established from a 
malignant pleural effusion of a patient with TNBC and therefore 
was likely to contain a large number of subclones able to metasta-
size in vivo. RNA sequencing (RNA-seq) analysis of 10,000 single 
cells inferred genomic heterogeneity based on extensive copy num-
ber variations (CNVs) (Fig. 1A), reminiscent of similar results 
obtained with other human cancer cell lines (31). We infected 
MDA-MB-231 cells with LeGO viruses containing the individual 
BSVTK tags and exploited a multiplicity of infection of 50 to 75% to 
allow individual cells to integrate different combinations of each 
fluorophore (Fig. 1B) (22, 24, 32). This resulted in the reproducible 
identification of 31 unique combinations, hereafter referred to as 
colors, and associated barcodes (fig. S1A). Spectral deconvolution 
was used to specifically separate the emission spectra of the five 
fluorescent BSVTK tags and generate five-channel confocal images 
(Fig. 1C and fig. S1, B and C). We processed the raw images by first 
thresholding the five channels and then attributing a value from 1 to 
31 corresponding to the fluorescent protein compositions (fig. S1, A 
and C). The virtual 31-color image was quantified by measuring the 
volume of each color (fig. S1C) and calculating the relative contri-
bution of each color to the entire imaged population (Fig. 1E). 
Using a second strategy, the same barcoded populations were ana-
lyzed by flow cytometry. Following optimization of gating thresholds, 
all cells were individually classified as either “positive” or “negative” 
for the expression of each fluorescent protein (fig. S1D). This resulted 
in 31 different gates corresponding to all possible combinations 
(Fig. 1D and fig. S1A). We confirmed that the quantification of col-
or proportions within a given heterogeneous cell population using 
imaging and flow cytometry yielded similar results (Fig. 1E; Pearson 
correlation r = 0.8454). We also confirmed that expression of the flu-
orescent tags did not affect the proliferation of labeled subclones 
(fig. S1, E and F), nor their colony-forming ability in vitro (fig. S1, 
G and H), nor their sensitivity to chemotherapeutic drugs (fig. S1I).

To homogenize the population while increasing the genomic 
purity of each color-coded population, we collected 100 cells from 
each of the 31 differentially barcoded cells by flow cytometry (3100 
cells in total), 48 hours after transduction with the lentiviruses. The 
resulting mixture was then propagated in two-dimensional (2D) 
tissue culture. Over the next 56 days, we observed a progressive 
clonal drift, with the number of optical tags decreasing and some 
barcoded subclones becoming dominant over multiple passages 
(Fig. 1F). This observation suggested that the BSVTK-labeled sub-
clones displayed differential abilities to proliferate and expand 
in vitro. Overall, these results indicated that optically labeled MDA-
MB-231 cells harbored some heterogeneity at both the genomic and 
phenotypic levels.

Dominant barcoded subclones in primary tumors remain 
dominant in metastases
To gain insight into the overall dynamics of clonal distribution 
during the metastatic process, we injected homogeneous batches 
of expanded BSVTK-labeled cells into the mammary fat pads of 
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NOD-SCID-IL2Rc
−/− (NSG) mice and allowed metastatic out-

growth by resecting primary tumors when they reached 100 mm3 
(fig. S2, A to C). We readily detected metastases in the lungs and 
liver (fig. S2, A and D) but occasionally also observed spread to the 
kidney and lymph nodes (not shown). To assess the inter- and in-
traclonal heterogeneity of the BSVTK-labeled metastatic subclones, 
we fluorescence-activated cell sorting (FACS)–purified cells from 
five different colors in the lungs and analyzed their genomic diver-
sity based on CNVs inferred from single-cell RNA-seq (scRNA-seq) 
(fig. S2E). Our results indicated that these subclones had distinct 
CNV profiles and that cells of a given color were largely similar in 
terms of CNV profile, with few exceptions. These exceptions could 
be due to a lack of purity in the FACS or due to the fact that several 
cells that were genomically different received, by chance, the same 
color when transduced with the BSVTK lentiviruses. It could also 
be attributed to the genomic evolution of the barcoded subclones 
after in vitro and in vivo amplification, as previously described (31).

Comparison of the barcode repertoire in primary tumors and 
metastases by imaging (Fig. 2A) and flow cytometry (Fig. 2, B and C) 
revealed a large degree of variability between minor and dominant 
barcoded subclones. Consistent with previous studies using genetic 
barcoding in PDXs (16) and cell lines (17), we found that the num-
ber of barcoded subclones (fig. S2F) and the Shannon diversity 
indexes (accounting for the abundance and evenness of the subclones) 
(fig. S2G) were lower in metastatic sites compared to primary tu-
mors. Unexpectedly, however, we found that some of the less abun-
dant barcoded subclones in vitro became dominant in vivo, with the 
most dominant subclone in the primary tumor and metastatic sites 
(Fig. 2B, light blue) accounting for less than 2% of all the cells prop-
agated in vitro (Fig. 2, B and C, and fig. S2H).

Comparison of the barcode repertoire in lung and liver metasta-
ses revealed a notable difference in clonal heterogeneity between 
these organs. While we observed an overall strong correlation in 
subclonal frequency between lung and liver metastases (fig. S2I; 
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Fig. 1. Heterogeneity of MDA-MB-231 cells highlighted by optical barcoding. (A) Analysis of CNVs inferred from single-cell RNA-seq analysis from normal human 
mammary cells [top (66)] and MDA-MB-231 cells (bottom). Individual cells are represented on the y axis and the different genomic regions along the x axis. (B) Venn diagram 
representing the 31 possible combinations generated by expression of five fluorescent tags: eBFP2, tSapphire, Venus, tdTomato, and Katushka. (C) Representative confo-
cal image of BSVTK-labeled cells. Scale bar, 100 m. (D) Example of a pie chart representing the percentage [detected by fluorescence-activated cell sorting (FACS)] of 
each color-coded population in MDA-MB-231 cells transduced with optical barcodes for 48 hours. (E) Comparison between the quantification of each color-coded popu-
lation obtained by either imaging or FACS. Each dot represents a subpopulation of cells with a given color. The size of the dot corresponds to the percentage of cells 
carrying this color within a population, analyzed by confocal imaging or FACS. (F) FACS analysis of the same population of cells maintained in 2D culture for 56 days. The 
frequency of each barcoded subclone is indicated on the y axis and the number of days on the x axis. The total number of barcoded subclones detected is indicated at the top.
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Pearson correlation of 0.908), the total number of barcodes (fig. 
S2F) and associated Shannon diversity index (fig. S2G) were smaller 
in the liver compared to the lungs. We observed a large variability 
between the frequencies of dominant and minor barcoded subclones 

in the liver, while the frequencies of the subclones were more equally 
distributed in the lungs (Fig. 2, B and C, and fig. S2G). These results 
suggested that the subclonal composition of metastases was related 
to the nature of the metastatic site, the liver being more selective 

13 2 29 39

Organ :
Mouse : 1 2 3 4 5 6 1 2 3 4 5 6 1 2 3 4 5 6

Primary tumor Lungs Liver
0

25

50

75

100

Fr
eq

ue
nc

y
(%

)

Inj
1

Exp
1

Exp
2

Exp
1

Exp
2

Exp
1

Exp
2

Inj
2

29 31 30 31 30 31 30 31 29 31 31 29 31 31222830282623
Number of colors detected

A

B C

Tumor Lungs Liver

Fr
eq

ue
nc

y
in

in
je

ct
ed

ce
lls

(%
)

20%

40%

60%

D

Barcoded Subclones:

10

1

Inj
ec

ted

Prim
ary

 tu
mor

Lu
ng

s
Liv

er

Fig. 2. Visualization and quantification of metastatic burden at single-cell resolution in whole organs. (A) Representative images obtained by confocal imaging of 
the primary tumor (left), the lungs (middle), and the liver (right). Insets, magnified images. The white bars represent 500 m and the yellow bars 100 m. (B) Stacked his-
togram indicating the frequency (%) of each color-coded subclone detected in the primary tumors and lung and liver metastases of six different recipient mice. These 
results summarize two independent experiments (Exp 1 and Exp 2), with the cell population analyzed at the time of injection on both occasions (Inj 1 and Inj 2). Organs 
were harvested at metastatic end point and digested before quantification using flow cytometry. (C) Average subclonal frequency in the injected population, the prima-
ry tumor, and the lung and liver metastases from the six mice shown in (B). Each dot represents a color-coded subclone, and the size of the dot represents the frequency 
of the subclone. The y axis represents the frequency of each subclone, ranked according to their frequency in the injected population (D) t-distributed stochastic neighbor 
embedding (t-SNE) (perplexity = 50) of 10,418 single cells from five barcoded subclones (subclone 13, 3224 cells; 2, 2712 cells; 9, 2566 cells; 29, 1778 cells; 3, 140 cells) 
representing a feature set (table S1) that was derived through a differential expression analysis between the dominant subclone 13 and the minor subclone 29.

 on A
ugust 1, 2021

http://advances.sciencem
ag.org/

D
ow

nloaded from
 

http://advances.sciencemag.org/


Berthelet et al., Sci. Adv. 2021; 7 : eabf4408     7 July 2021

MS no: RAabf4408/NF/CANCER, CELL BIOLOGY

S C I E N C E  A D V A N C E S  |  R E S E A R C H  A R T I C L E

5 of 17

than the lungs. In addition, the analysis across our entire cohort of 
recipients revealed a notably similar distribution in each organ (pri-
mary tumors, liver, or lungs) in terms of numbers and size of bar-
coded subclones, when comparing different mice (Fig. 2B and fig. 
S2F). These results indicated that the ability of individual subclones 
to survive, proliferate, and spread in a given organ were likely to be 
intrinsically programmed rather than stochastic, as described previ-
ously in murine breast cancer cells (17).

To confirm that individual barcoded subclones had different 
transcriptomic programs, we first compared the scRNA-seq profile 
of the most aggressive barcoded subclone (subclone 13) to that of a 
minor subclone (subclone 29). The resulting feature set, including 
609 differentially expressed genes (table S1), was then applied to the 
five barcoded subclones selected from lung metastases (13, 2, 29, 
3, and 9) and was expected to capture transcriptional differences 
across barcoded subclones, spanning from minor to dominant sub-
clones. This feature set was sufficient to cluster cells according to 
their clonal origin (Fig. 2D). While the number of cells from bar-
coded subclone 3 was low and might be insufficient to provide ro-
bust information, we found that subclones 13, 2, 9, and 29 showed 
distinct transcriptomic programs, and some of these differences 
might account for their phenotypic differences.

Intrametastastic heterogeneity depends 
on the metastatic site
Because a large number of barcoded subclones were able to metas-
tasize to the lungs and liver, we investigated their ability to cluster 
spatially within individual metastases of three mice. We quantified 
individual barcoded subclones in a total of 1992 lung and 510 liver 
metastases (Fig. 3, A and B) by confocal imaging using the analytic 
pipeline described in fig. S3A and validated this approach against 
flow cytometry enumeration of metastatic cells dissociated from the 
same organs (fig. S3, B and C).

The analysis of the resulting dataset revealed that most of the 
lung and liver metastases were monochromatic, although we noted 
that the percentage of polychromatic metastases was significantly 
higher in the lungs (17%) compared to the liver (1.2%) (Fig.  3, 
A and B). In addition, the polychromatic lung metastases contained 
up to 11 colors, whereas the few polychromatic liver metastases 
were mostly bicolor, when analyzing comparable overall metastasis 
volumes between the two organs (fig. S3D). Notably, the 17% poly-
chromatic lung metastases contributed to 88.7% of the overall meta-
static burden in lungs (Fig. 3A). This result indicated that despite 
their smaller number, polychromatic metastases were the main 
contributors to metastatic burden in this organ. This distribution 
was not observed in the liver, with polychromatic metastases con-
tributing to only 4.5% of the metastatic burden. This observation 
was reproduced across all mice, highlighting the reproducibility 
and the nonstochasticity of these results (fig. S3, E and F).

To extend the validity of the results obtained on the established 
MDA-MB-231 cell line, we used two TNBC PDXs. PDX-0066 and 
PDX KCC-P-4295 were generated by infection of tumor cells with 
BSVTK lentiviruses, before transplantation in the mammary fat pad 
of NSG mice. PDX-0066 metastasized to the liver and, to a lesser 
extent, the lungs (fig. S4A). Although the number and size of metas-
tases in lungs remained small (fig. S4A), we confirmed using imaging 
that 35.4% of the lung metastases were polychromatic (fig. S4B), 
while 99.996% of liver metastases were monochromatic (fig. S4C). 
Likewise, analysis of the PDX KCC-P-4295–derived lung metastases 

confirmed their extensive polyclonality (85.5%; fig. S4, D and E), 
although this PDX did not metastasize to the liver. It is likely that 
the low percentage of polyclonality observed in the lung metastases 
of PDX-0066 is due to their small size.

Individual barcoded subclones have different intrinsic 
abilities to interact within lung metastases
Previous studies indicated that cancer clones were able to interact in 
polyclonal metastases (14, 33). First, we investigated whether the 
extent of heterogeneity observed in individual lung and liver metas-
tases correlated with their overall tumor mass (Fig. 4A). Using the 
large imaging dataset generated with MDA-MB-231–labeled cells 
(described in fig. S3A), we observed a positive correlation between 
the size of the lung lesions and the number of colors per lesion 
(Fig. 4A). By contrast, this correlation was not observed in the liver, 
where only a small number of polychromatic metastases were de-
tected, regardless of the size of the lesions (Figs. 3B and 4A).

Second, we interrogated our data for the ability of individual 
barcoded subclones to cluster within given lung metastases (Fig. 4, 
B  and  C). Among the three most overrepresented barcoded sub-
clones, we observed a preferred colocalization of subclone 13 with 
subclone 2 rather than subclone 9, although both occurred at simi-
lar abundance (Fig.  4B). This observation suggested that while 
abundance was a major determinant for clustering of specific bar-
coded subclones, the nature of the subclones was also likely to have 
an impact (Fig. 4, B and C). Furthermore, this pattern of clustering 
was nonstochastic as we consistently observed it across different 
recipient mice (fig. S3G). Although the barcoded subclones 2 and 
13 were also highly abundant in the liver, we never observed their 
colocalization in this organ. Collectively, these results indicated that 
the probability of colocalization of subclones within metastases 
is likely dependent on their abundance, their identity, and their 
metastatic site.

Metastatic barcoded subclones acquire a reversible,  
site-specific gene expression profile
As the same barcoded subclones (subclones 2 and 13) contributed 
to many metastases in lungs and liver, we then investigated whether 
these subclones retained the same expression profile across the two 
sites. Principal components analysis (PCA) of these samples showed 
that the main dimension of variation separated the two subclones 
(seen on principal component 1), while the second dimension of 
variation separated each of the subclones by the site of metastasis 
(principal component 2) (Fig.  5A and fig. S5A). We therefore 
compared the gene expression pattern of barcoded subclones 2 and 
13 in lungs versus liver across three mice to identify a site-driven 
signature of 1366 differentially expressed genes, referred to as 
BSVTK feature set (Fig. 5B, fig. S5B, and table S2). We noted that, 
when taking into consideration all the genes included in this feature 
set, the profile of the primary tumors was closer to the profile of 
liver metastases compared to lung metastases (Fig. 5B).

A testable hypothesis is that this site-specific BSVTK feature set 
should be reversible. Thus, we FACS-purified subclone 2 cells re-
covered from lung metastases and injected them into the mammary 
fat pad of NSG hosts. These mice became sick from lung and liver 
metastases, suggesting that the polyclonality observed previously 
was not a requirement for the metastatic spread of this barcoded 
subclone (fig. S5, C and D). PCA of transcriptomic data from these 
newly developed metastases showed that the BSVTK feature set 
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(Fig. 5B and table S2) clearly separated these samples according to 
the two metastatic locations (Fig. 5C). We inferred from these results 
that the transcriptomic differences between lung and liver metastases 
were less likely to result from clonal selection but rather dictated by the 
tumor microenvironment, which acts on the inherently plastic subclones.

To confirm the relevance of this site-dependent signature in hu-
man hosts, we collected four lung and seven liver metastases from 
three patients with breast cancer enrolled in the breast origin cancer 
tissue donated (BROCADE) rapid autopsy program. We found that 
the BSVTK feature set (table S2) separated patient metastases ac-
cording to the organ from which they were recovered (Fig.  5D) 
and that this signature might not only be restricted to TNBC (i.e., 
patient 1702) but also apply to estrogen receptor–positive breast 
cancer (i.e., patients 1807 and 1909) (table S3). Therefore, these results 
confirmed that these genes were also differentially expressed between 

lung and liver in a human context. Furthermore, when applied to 
the transcriptome of healthy human lung and liver tissues from the 
publicly available genotype-tissue expression (GTEx) dataset (34), this 
set of genes was also sufficient to separate the samples on the basis 
of their tissue of origin in a PCA (Fig. 5E). This demonstrated that 
genes that distinguished lung and liver metastases (Fig. 5, A to D) 
also enabled the discrimination between phenotypically normal lung 
and liver tissues (Fig. 5E). These results suggest that breast cancer 
cells shared some of the transcriptomic patterns of the microenvi-
ronment in which they are placed.

The tumor necrosis factor– pathway is strongly  
up-regulated in lung metastases
To better understand how the transcriptomic response of the metas-
tases might relate to biological processes specific to given organs, 
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Fig. 3. Analysis of the intrametastatic heterogeneity of lung and liver metastases. (A and B) Representative confocal images (left) and color quantification (right) for 
metastases detected in the lungs (A) or the liver (B) of mice engrafted with BSVTK MDA-MB-231 cells. Left: Scale bars, 100 m. Right: Bar graph represents the number of 
metastases containing one (yellow bars) or multiple (blue bars) colors; pie charts represent the proportion of total metastatic burden associated with monochromatic 
(yellow) or polychromatic (blue) metastases. (C and D) Representative confocal images of some of the largest metastases detected in the lungs (C) and the liver (D) of mice 
engrafted with cancer cells from the BSVTK-barcoded PDX-0066. Scale bars, 20 m (C) and 200 m (D).
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we used gene ontology (GO) enrichment of differentially expressed 
genes between lung and liver metastases (fig. S6A) or genes selec-
tively up-regulated in one type of metastases when compared to 
primary tumor samples (fig. S6, B and C). We found that genes 
involved in extracellular matrix organization or cell junction were 
up-regulated in the liver compared to the lungs (fig. S6A). When 
comparing metastases to primary tumors, the GO analysis revealed an 
enrichment of genes associated with oxidative phosphorylation in 
lungs (fig. S6B) and with carbohydrate metabolic process in the liver 
(fig. S6C). These results, corroborating and extending results from 
previous studies (35, 36), suggested that these metabolic changes 
might be driven by the tumor microenvironment. The hallmark 
analysis revealed a significant up-regulation of the tumor necrosis 
factor– (TNF) signaling pathway associated with canonical nuclear 
factor B (NFB) target genes in lungs when compared to liver 
metastases using the BSVTK dataset (Fig. 6A), the BROCADE dataset 
(Fig. 6B), and the aforementioned retransplantation experiment in-
volving subclone 2 (Fig. 6C). Likewise, all three datasets also displayed 
elevated expression of the inflammatory response gene set that is 
part of TNF- and NFB-mediated inflammatory response (37). 

Comparing the genes from the enriched gene sets shared between 
these datasets (Fig. 6D and fig. S7, A and B), we found that a large 
number of genes from the TNF pathway overlapped between the 
BSVTK and BROCADE datasets (Fig. 6D) and, to a lesser extent, 
between the BSVTK-labeled cells and the retransplantation dataset 
(fig. S7B). Furthermore, an enrichment analysis against the Kyoto 
Encyclopedia of Genes and Genomes (KEGG) database confirmed 
that the corresponding TNF pathway was also significantly up- 
regulated in lung metastases compared to liver metastases (Fig. 6E), 
in the BSVTK and BROCADE datasets (fig. S7C).

To gain some insights into the level of interclonal heterogeneity 
in terms of TNF pathway activation, we interrogated the expres-
sion of the genes involved in the TNF signaling pathway [KEGG 
and molecular signatures database (MSigDB) hallmark] in the 
scRNA-seq data of barcoded subclones 13, 2, 29, 3, and 9, isolated 
from lung metastases (as described in Fig. 2D and fig. S2E). Visualizing 
these gene expression profiles in a t-distributed stochastic neighbor 
embedding (t-SNE) (fig. S7E), we observed a lack of discrimination 
between the subclones, indicating that overall, TNF-related genes did 
not contribute to any significant variation between the subclones.
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To investigate whether NFB activation was stronger in lung 
metastases compared to liver metastases, we analyzed by Western 
blot the level of nuclear p65 proteins in lung and liver metastases 
from four mice with MDA-MB-231 tumors. We observed that the 
amount of p65 was significantly higher in the nuclei of lung metas-
tases compared to liver metastases (Fig. 6, F and G), and this result 
indicated a substantial difference in NFB activation between these 
two metastatic sites.

Given the prominent induction of a TNF response in the lungs, 
we next assessed TNF expression in normal tissues. While the 
TNF pathway was not significantly dysregulated in the GTEx 
dataset (fig. S7D), we observed a higher expression of TNF in naïve 
lungs compared to the naïve liver (fig. S7F). Collectively, these re-
sults suggested that the up-regulation of the TNF pathway in lung 
metastases may be due to host-derived TNF and may lead to a 
tumor-specific vulnerability amenable for therapeutic interference.

Inhibition of TNF pathway has a significant impact 
on the diversity of lung metastases
To further investigate the role of exogenous TNF/NFB pathway 
on the survival and clonality of metastases in lungs and liver, we 
used two pharmacological inhibitors of this pathway, etanercept 
and birinapant. Etanercept is a fusion protein consisting of the 
extracellular domain of the human TNF receptor linked to the Fc 
section of immunoglobulin G1 (38). After injection of the BSVTK 
MDA-MB-231 population in NSG hosts and resection of the primary tu-
mors, mice were treated with vehicle (saline) or etanercept (10 mg/kg). 
At this dose, the drug is known to sequester human and mouse 
TNF in vivo (39). When mice developed the first symptoms of 
metastatic disease (occurring at similar times in control and etaner-
cept groups), all animals were euthanized, and we analyzed the 
impact of the drug on metastatic burden and clonality. Flow cytom-
etry analysis of the metastases in lungs and liver indicated that the 
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Gene set # Genes Direction P value FDR
Hallmark_TNF signaling via NF B 195 Up 2.99E−19 1.49E−17

Hallmark_Interferon response 195 Up 4.91E−15 1.23E−13
Hallmark_Inflammatory response 179 Up 2.17E−12 3.62E−11

Hallmark_IL6 JAK STAT3 signaling 80 Up 4.57E−10 5.72E−09
Hallmark_TGF_ _signaling 54 Up 7.08E−10 7.08E−09

Hallmark_E2F targets 200 Down 9.90E−09 8.25E−08
Hallmark_Interferon response 97 Up 3.16E−08 2.26E−07

Hallmark_UV response dn 145 Up 6.31E−07 3.94E−06
Hallmark_Complement 192 Up 2.35E−06 1.31E−05
Hallmark_Apoptosis 158 Up 3.32E−06 1.52E−05

Hallmark_Allograft rejection 179 Up 3.34E−06 1.52E−05
Hallmark_KRAS signaling up 186 Up 8.66E−06 3.61E−05

Hallmark_IL2 STAT5 signaling 194 Up 1.75E−05 6.73E−05
Hallmark_G2M checkpoint 199 Down 2.48E−05 8.87E−05

Hallmark_Androgen response 98 Up 3.67E−05 0.000122
Hallmark_Apical junction 188 Up 0.000541 0.001689

Hallmark_Epithelial mesenchymal transition 198 Up 0.000793 0.002209
Hallmark_Coagulation 122 Up 0.000795 0.002209

Hallmark_Protein secretion 96 Up 0.000946 0.002491
Hallmark_Spermatogenesis 94 Down 0.001947 0.004751

Hallmark_p53 pathway 196 Up 0.001995 0.004751
Hallmark_Myogenesis 180 Up 0.002553 0.005728

Hallmark_Hypoxia 192 Up 0.002635 0.005728
Hallmark_NOTCH signaling 32 Up 0.005542 0.011545
Hallmark_KRAS signaling dn 139 Down 0.008225 0.016439

Hallmark_Adipogenesis 195 Up 0.008548 0.016439
Hallmark_PI3K AKT mTOR signaling 102 Up 0.009675 0.017917

Hallmark_Estrogen response early 198 Up 0.011976 0.021386
Hallmark_Heme metabolism 182 Up 0.020285 0.034975

Gene set # Genes Direction P value FDR
Hallmark_TNF signaling via NF B 190 Up 3.10E−10 1.50E−08

Hallmark_Angiogenesis 27 Up 7.90E−04 2.00E−02
Hallmark_Cholesterol homeostasis 70 Up 2.50E−03 4.20E−02
Hallmark_Inflammatory response 148 Up 3.30E−03 4.20E−02

Gene set # Genes Direction P value FDR
Hallmark_TNF signaling via NF B 186 Up 5.52E−12 2.76E−10

Hallmark_Mitotic spindle 198 Down 1.59E−07 3.98E−06
Hallmark_Protein secretion 94 Down 2.97E−05 0.000495

Hallmark_Interferon response 172 Up 0.000144 0.001804
Hallmark_Inflammatory response 139 Up 0.000544 0.005445

Hallmark_IL6 JAK STAT3 signaling 67 Up 0.000675 0.005625
Hallmark_UV response dn 138 Down 0.003336 0.023825

Hallmark_Glycolysis 183 Down 0.004245 0.026532
Hallmark_Apical junction 154 Down 0.006775 0.037636
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Fig. 6. Enrichment analyses of the molecular signatures associated with transcriptomic changes in different metastatic sites. (A to C) Competitive gene set enrichment 
tests were performed using the hallmark gene set collection for lung versus liver comparison in the BSVTK feature set (A), autopsy dataset (B), and retransplantation dataset 
(C). The results were filtered by P value and false discovery rate (FDR) (<0.05), where the number of genes and the directionality in the gene set are also presented (“up” means 
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blots showing the level of p65 in the cytoplasm and nuclei of lung and liver metastases from a mouse with a MDA-MB-231 tumor (representative of four experiments). Glyceraldehyde 
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of the p65 protein level in the nuclei of lung and liver metastases from four individual mice normalized to SP1 expression. Means ± SD are shown, paired t test, ***P = 0.0008.
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etanercept treatment did not reduce the number of cancer cells in 
these organs (Fig. 7, A and B) nor the number (Fig. 7, C and D) or 
frequency (Fig. 7E) of barcoded subclones. However, 3D imaging of 
metastases from three mice (randomly chosen from two indepen-
dent experiments) revealed that TNF blockade had a significant 
impact on the Shannon diversity index in lung metastases (Fig. 7F). 
We then determined the number of colors per metastasis and found 
that mice from the etanercept group had a significantly lower num-
ber of metastases containing more than three colors compared to 
the control group (Fig. 7G), despite the volume of metastases being 
comparable (fig. S8A). In particular, we observed an increase in the 
number of monochromatic metastases (fig. S8B). This was associated 
with a decrease in the number of metastases containing a high num-
ber of colors (4 to 11; fig. S8B), resulting in an overall reduction in 
the number of colors per cubic micrometer (fig. S8C).

We then tested the impact of birinapant, an inhibitor of inhibitor 
of apoptosis (IAP) proteins, known to induce apoptotic cell death 
downstream of TNF by the inactivation of the NFB survival 

pathway. This class of drug can induce apoptosis in MDA-MB-231 
via the autocrine secretion of TNF (40, 41). Given our finding that 
cancer cells expressed a similar level of the TNF gene in lungs and 
liver (despite differences in the regulation of other genes from this 
TNF pathway) (table S2), we hypothesized that this drug should 
kill metastases from both sites. Treatment with birinapant signifi-
cantly decreased the number of cells and barcoded subclones in both 
organs (Fig. 7, A to D). The treatment also changed the frequency of 
barcoded subclones detected by flow cytometry in lung and liver 
metastases (Fig. 7E). However, these residual cells were hardly de-
tectable by imaging because of their low number, which precluded 
further analyses of intrametastatic heterogeneity. Overall, these results 
indicated that blocking TNF with etanercept affected the cellular 
clonality of lung metastases without affecting subclone survival. In 
contrast, targeting this pathway downstream of TNF using birina-
pant proved to be highly efficient at reducing metastatic burden. 
These findings suggest that birinapant may have a high clinical po-
tential in the treatment of patients with metastatic breast cancer.
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with saline (Co), etanercept (10 mg/kg) three times weekly, or birinapant (30 mg/kg) three times weekly, after resection of the primary tumors. Number of cells detected 
by flow cytometry in (A) lungs and (B) liver of mice treated with saline, etanercept, or birinapant. Number of colors detected by flow cytometry in (C) lungs and (D) liver. 
For (A) to (D), each dot represents a mouse. Mann-Whitney test, ***P = 0.0007. (E) Bubble plot indicating the frequency of the barcoded subclones (ranked according to 
their frequency in the injected cells). Each dot is a barcoded subclone, and its size correlates to its frequency, determined by flow cytometry. (A to E) The number of mice 
is n = 8 for the control, 7 for the etanercept, and 6 for the birinapant. (F) Shannon diversity indexes of individual lung metastases, quantified by imaging. Each dot is a 
metastasis in the control (n = 3 mice, three sections per lung, 388 metastases) or etanercept (n = 3 mice, three sections per lung, 312 metastases) group. (G) Percentage of 
metastases containing more than three colors in the control or etanercept group. Each dot represents an average of the percentages obtained for an individual mouse 
(n = 3 mice, three sections per lung). Error bars represent SEM. (F and G) Unpaired t test. ****P < 0.0001 and *P = 0.0418.

 on A
ugust 1, 2021

http://advances.sciencem
ag.org/

D
ow

nloaded from
 

http://advances.sciencemag.org/


Berthelet et al., Sci. Adv. 2021; 7 : eabf4408     7 July 2021

MS no: RAabf4408/NF/CANCER, CELL BIOLOGY

S C I E N C E  A D V A N C E S  |  R E S E A R C H  A R T I C L E

11 of 17

DISCUSSION
We used optical barcoding to accurately detect, visualize, and quan-
tify minor and dominant barcoded subclones across different meta-
static organs in vivo. We found that specific subclones can display 
different behaviors in two clinically relevant metastatic sites, lungs 
and liver, in terms of clonal dynamics and transcriptomic profile. 
Overall, our results suggest that the fitness of the barcoded sub-
clones and their ability to colocalize with other subclones within 
individual metastases were influenced by the nature of both the 
subclones and the metastatic niche. We found that the barcode rep-
ertoire detected in the lungs is highly heterogeneous compared to 
the liver, not only at the level of inter-organ heterogeneity, as previ-
ously shown (12, 16–18), but also at the level of intrametastatic 
heterogeneity. By mapping the interaction of the barcoded sub-
clones within individual lung and liver metastases, we found that 
lung metastases were highly polychromatic compared to liver me-
tastases. While abundant subclones were frequently colocalized 
with those that were less abundant in lung metastases, this was not 
the case in the liver. This suggests that the tissue-specific tumor 
microenvironment may dictate the degree of clonal heterogeneity 
of the corresponding metastases. The relative abundance and colo-
calization patterns of barcoded subclones within lung and liver 
metastases were highly reproducible between animals, indicating 
that these processes were not random. We also confirmed that the 
difference in polyclonality between lung and liver metastases ob-
served using the barcoded MDA-MB-231 xenografts was corrobo-
rated in PDX models. The presence of both monochromatic and 
polychromatic lung metastases has been previously described in the 
context of breast cancer (12, 33). Furthermore, a recent analysis of 
metastases collected from patients confirmed that untreated metas-
tases in the liver were mostly monoclonal (5). In this study, however, 
the number of treatment-naïve lung metastases was insufficient to 
study differences in polyclonality between lung and liver metastases. 
While further investigations are required to precisely determine the 
timing of polyclonal seeding and its importance in metastatic out-
growth, polyclonal metastases are more likely than monoclonal metasta-
ses to contain clones capable of surviving standard therapies (1, 5).

Several mechanisms have been reported to underpin polyclonal 
seeding in lung metastases, including circulating tumor cell (CTC) 
clustering and active corecruitment of subclones to distant sites 
(42). Although still controversial, the presence of CTC clusters is 
thought to be associated with poor prognosis (43, 44), metastasis 
polyclonality (12, 33), and increased lung tropism of metastases 
(12, 44–46). In addition, metastatic cells have been shown to com-
pete or cooperate in lungs (14,  47,  48). Recruitment mechanisms 
include interleukins (ILs) and growth factors such as IL-11 and vas-
cular endothelial growth factor D, recently shown to favor the poly-
clonal growth of metastases (28, 48, 49). In the future, detailed 
longitudinal studies involving CTC detection, time course analysis 
of metastasis “patchiness,” and molecular characterization of micro-
environmental factors capable of fostering polyclonal metastasis 
recruitment or growth may fully elucidate the metastasis seeding 
process in breast cancer models. Regardless, our results indicate 
that these processes are unlikely to occur in the liver where the vast 
majority of macrometastases is monochromatic, although the bar-
coded subclones are the same as those found in the lungs. This dispar-
ity may be due to the anatomy of each organ, including differences 
in the architecture of the vasculature, resulting in different dynamics 
of extravasation between both organs (50). Alternatively, this 

difference could be due to the nature of the tumor microenviron-
ment itself, inducing changes in the transcriptome, proteome, epig-
enome, and secretome of metastatic cells, resulting in differences 
in the clonal seeding of metastases.

Here, the optical barcoding system allowed us to identify the 
transcriptomic changes induced by the microenvironment on 
metastatic subclones. We derived a niche-associated signature, dis-
tinguishing genes differentially expressed in lung versus liver me-
tastases. We confirmed that this signature was sufficient to distinguish 
samples freshly collected from the lungs and liver of three patients 
with metastatic breast cancer, showing that its relevance extends to 
human disease. Some of the genes making up this signature [such as 
inhibitor of DNA binding 1 (ID1), c-x-c motif chemokine ligand 1 (CXCL1), 
and angiopoietin like 4 (ANGPTL4) in the lungs] were identified pre-
viously using serial passages of lung metastases to select clones from 
the same cell line that have a preferential tropism for this organ (6–8). 
The site-specific gene signature that we derived from barcoded sub-
clones that metastasized to both liver and lungs was conserved after 
the lung metastasis retransplantation experiment, indicating that 
these genes represent a feature of niche adaptation by fundamentally 
plastic cells. Furthermore, genes from this signature were also dif-
ferentially expressed in normal lung and liver tissues from healthy 
donors, suggesting that the transcriptional programs selectively 
displayed by MDA-MB-231 and patient’s breast cancer cells in 
given metastatic locations shared similarities with those of the 
microenvironment in which they are located. This indicates that 
tumor cells have the ability to adapt their gene expression landscape 
in response to their microenvironment, a feature reminiscent of 
organ mimicry.

Among these mechanisms of cellular adaptation, we found that 
the TNF pathway was most significantly up-regulated in lung 
compared to liver metastases. The dysregulation of this pathway 
was confirmed in both retransplantation and autopsy datasets. 
Some of the genes involved in these pathways may be responsible 
for the cellular interactions, survival, polyclonality, and prolifera-
tion specifically observed in lung metastases. c-x-c motif chemokine li-
gand 8 (CXCL8), IL-11, and IL-6, for instance, which are known targets 
of the TNF and inflammatory response pathways and were signifi-
cantly up-regulated in lungs according to our BSVTK feature set, have 
previously been shown to foster polyclonal seeding and metastatic 
growth in lungs (14, 28, 48, 51, 52). While our results suggest that 
the involvement of these specific genes may be model dependent, the 
up-regulation of the TNF and inflammatory response pathways in 
lungs was confirmed in autopsy samples and could be due to the pres-
ence of TNF in the lung microenvironment. Although etanercept- 
mediated TNF inhibition did not have any significant impact on 
the survival of the subclones, it significantly decreased the diversity 
of metastases in lungs. This effect might be mediated by changes in 
the tumor microenvironment and/or may be directly attributed to 
changes in the transcriptome of the barcoded subclones. On the 
other hand, the inhibition of IAPs using birinapant, known to induce 
TNF-dependent apoptosis, killed both lung and liver metastases. 
From a pharmacological point of view, both TNF inhibitors and 
SMAC mimetics are likely to be used in the clinic. Anti-TNF drugs 
have been proposed to be used in combination with immunotherapy 
(53). Because the role of TNF as an anti- or procancer cytokine is 
still a matter of debate [as reviewed in (54)], it will be important to 
precisely characterize its function in the context of tumor immu-
nology and heterogeneity. Last, birinapant has shown some efficacy 
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in targeting TNBC primary tumors (55), and our results now sug-
gest that this compound could also be used to target metastases.

In conclusion, we have used an innovative optical barcoding ap-
proach to longitudinally monitor the clonal makeup of developing 
metastases and to identify a set of cellular and molecular features 
that are directly regulated by the metastatic niche. It will be interest-
ing to investigate whether some of the pathways unraveled by this 
gene set may contribute to the differential sensitivity of metastatic 
cells to given drugs. This analysis pipeline holds promise for inves-
tigations of the impact of other targeted therapies on clonal cooper-
ation and tumor survival across different microenvironments.

MATERIALS AND METHODS
Cell culture
The human cell line MDA-MB-231 was purchased from the American 
Type Culture Collection (ATCC; #HTB-26). Cells were maintained 
in RPMI 1640 medium with Hepes (#22400089, Thermo Fisher 
Scientific) supplemented with 10% fetal bovine serum (FBS) (More-
gate Biotech) and penicillin-streptomycin (10,000 U/ml) (#15140122, 
Thermo Fisher Scientific) at 37°C in a humidified atmosphere 
with 5% CO2.

Lentivirus production, purification, and titration
Lentiviruses were produced by transient cotransfection of human 
embryonic kidney–293T cells with the LeGO vector of interest and 
the packaging plasmids (LeGO-EBFP2, Addgene, #85213; LeGO-S2, 
Addgene, #85211; LeGO-V2, Addgene, #27340; LeGO-T2, Addgene, 
#27342; LeGO-dKatushka2, Addgene, #85214; pCMVR8.74, Addgene, 
#22036; pMD2.G, Addgene, #12259) (56), using a FuGENE HD 
transfection reagent (#E2311, Promega) following the manufacturer’s 
recommendations. The transfection and virus production were per-
formed in serum-free Opti-MEM (#31985070, Thermo Fisher 
Scientific). After 48 hours, the supernatant of the cells was collected 
and concentrated using an Amicon Ultra-15 100-kDa centrifugal 
filter unit (#UFC910024, Merck). The virus titer was then measured 
using the fluorescence titrating assay and the formula TU/ml  = 
(Number of cells transduced × % fluorescent)/(Virus volume in ml).

Establishment of the BSVTK-labeled  
MDA-MB-231 population
Human MDA-MB-231 breast cancer cells (passage 39 from ATCC) 
were infected with a mixture of five lentiviruses coding for eBFP2, 
tSapphire, Venus, tdTomato, and dKatushka2. The combination of 
the five different fluorophores resulted in 31 different colors. Viral 
titration was predetermined and normalized for each virus to 
achieve 60 to 75% of positive cells. The cells were harvested and 
sorted by flow cytometry, 48 hours after the infection. For each col-
or, 100 cells were sorted, and the mixture of the 31 color-coded pop-
ulations (3100 cells in total) was plated in a 96-well plate [day 0 
(D0)]. As the frequency of MDA-MB-231 clones able to engraft in 
NSG mice was shown to vary between 1 of 7 and 1 of 3333 (15), we 
sorted 100 cells per color to increase the purity of individual color- 
coded populations while maintaining a low likelihood of having 
multiple “genetically diverse subclones” of the same color success-
fully engrafting in vivo. This population was then expanded for 
18 days (D18) and sorted by flow cytometry but only on the basis of 
positivity this time to ensure the absence of negative cells. After this 
second sort, 180,000 cells were plated in a six-well plate and expanded 

for 10 days (D28) before being frozen into several aliquots to allow 
multiple experiments to be completed using the same stock. A por-
tion of the cells was kept in culture to observe the population drift.

Cell proliferation and viability assays
MTT assay or CellTiter-Glo was used to determine the proliferation 
of the cells. For both assays, 1500 cells were seeded per well in a 
96-well plate in 100 l of medium. To avoid the “edge effect” and 
evaporation, peripheral wells were filled with 200 l of Dulbecco’s 
phosphate-buffered saline (DPBS). For each condition, three tech-
nical replicates were prepared. For the MTT assay, 10 l of MTT 
(5 mg/ml) (#M5655, Sigma-Aldrich) in DPBS was added to each well 
and incubated for 4 hours at 37°C. To solubilize formazan crystals, 
100 l of solubilization buffer (0.1 N of hydrochloric acid in isopro-
panol) was added to each well, followed by 1 hour of incubation at room 
temperature. After homogenization, plates were analyzed with the 
EnSight Multimode Plate Reader by measuring the absorbance at 
590 nm. For the CellTiter-Glo assay (#G7571, Promega), 50 l of 
CellTiter-Glo lysis buffer were added to the cells, and the plates 
were incubated at room temperature with gentle mixing for 15 min. 
The luminescence was measured using the EnSight plate reader.

Colony formation assays
MDA-MB-231 parental cells and BSVTK-labeled MDA-MB-231 
cells were plated at low density (1000 cells per well in six-well plates) 
with three technical replicates per experiment. After 1 week of incu-
bation, the colonies were stained with crystal violet overnight at 
4°C. After wash steps, the plates were scanned and colonies manu-
ally counted using FiJi software. For soft agar colony formation, 
3 ml of bottom agarose layer, containing 0.75% agarose (#50101, 
Lonza) in RPMI medium (#23400-021, Thermo Fisher Scientific) 
was supplemented with FBS and penicillin-streptomycin. Once the 
bottom layer was solidified, 25,000 MDA-MB-231 parental or LeGO 
cells were mixed in top agarose layer (0.45% agarose) and seeded on 
top of the bottom layer. The wells were covered with 3 ml of culture 
media and incubated 2 weeks at 37°C in a humidified atmosphere 
with 5% CO2. After 2 weeks, 140 l of MTT (5 mg/ml) in PBS was 
added into each well, and the plates were incubated for 4 hours. Last, 
the plates were scanned and manually counted using FiJi software.

Establishment of the BSVTK-labeled PDX cells
PDX-0066 was established at the Olivia Newton-John Cancer Research 
Institute (ONJCRI) from a malignant pleural effusion from a patient 
with breast cancer 1 (BRCA1)–mutated breast cancer, previously treated 
with Nab-paclitaxel. KCC-P-4295 model, generated from a drug-naïve 
TNBC primary tumor at the Kinghorn Cancer Centre and Garvan 
Institute, was obtained from BROCADE. The study was approved by 
the Austin Health Human Ethics Research Committee. Single-cell 
suspensions from early-passage PDXs (passage 3 for PDX-0066 and 
passage 4 for PDX KCC-P-4295) were prepared as described below. 
The cells were plated at the density of 300,000 cells per well in a 24-well 
flat-bottom ultralow attachment plate (#734-1584, Corning) and 
were kept in culture for 48 hours in 300 l of mammosphere media 
containing Dulbecco’s modified Eagle’s medium F12 (#10565042, 
Thermo Fisher Scientific), B-27 supplement 1X (#17504001, Thermo 
Fisher Scientific), penicillin-streptomycin (100 U/ml) (#15140122, 
Thermo Fisher Scientific), insulin (5 g/ml) (#11376497001, Sigma- 
Aldrich), hydrocortisone (1 g/ml) (#H0396-100MG, Sigma-Aldrich), 
heparin (0.8 U/ml) (#H0878-100KcU, Sigma-Aldrich), basic fibroblast 
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growth factor (20 ng/ml) (#01-106, Merck-Millipore), and epidermal 
growth factor (20 ng/ml) (#E9644, Sigma-Aldrich) in the presence 
of the BSVTK viruses. Cancer cells were then sorted before trans-
plantation in NSG mice, as described below.

Mammary fat pad transplantation of BSVTK-labeled 
cancer cells
The BSVTK MDA-MB-231 population was thawed and expanded 
for 3 days before injection of 100,000 cells into the exposed fat pad 
from the fourth mammary gland of 7-week-old NSG female mice. 
The cells were resuspended in 10 l of injection buffer: 25% growth 
factor–reduced Matrigel (#734-1101, Corning) 42.5% DPBS (#14190144, 
Thermo Fisher Scientific), 30% FBS (Moregate Biotech), and 2.5% 
Trypan blue (Bio-Rad Laboratories) for injection. For the retransplantation 
experiment, barcoded subclone 2 was isolated from the lungs of a 
mouse reaching ethical end point after being initially injected with the 
BSVTK population. Cells were sorted three times to ensure the purity 
of the population, and 10,000 cells were injected into the mammary 
fat pads of three NSG mice. For PDX-0066, 150,000 fluorescent 
cells were transplanted in the mammary fat pads of three mice. For 
PDX KCC-P-4295, 20,000 labeled cells were injected per mammary 
fat pad in two recipient mice. All animal procedures included in this 
manuscript were approved by the Austin Animal Ethics Committee.

Mouse monitoring, tumor resection, and organ collection
Tumor volume was measured twice weekly using electronic calipers. 
The tumor volume was estimated using the following formula: 
(minimum diameter)2 × (maximum diameter)/2. Tumors were re-
sected when they reached a volume of about 100 mm3. For all exper-
iments, the resection was completed approximately 28 days after 
injection. When the tumor was resected, it was cut into two pieces; 
one half was processed for imaging, and the other half was used for 
single-cell suspension preparation. The weight of the mice was also 
measured twice weekly or daily once they lost 10% of their body 
weight. When the weight loss reached 15%, the animals were eutha-
nized by CO2 excess. To limit the background autofluorescence of 
tissues for imaging, the animals were transcardially perfused with a 
freshly made, ice-cold solution containing 0.45% NaCl (Sigma- 
Aldrich) and 10 U of heparin (Sigma-Aldrich) per milliliter in 
Milli-Q water. For imaging, three slices of 2-ml thickness were 
manually cut in three lobes of lungs and three lobes of liver and 
immediately put in freshly made, ice-cold 4% paraformaldehyde 
(#28908, Thermo Fisher Scientific) in DPBS. The rest of the organs 
were kept in ice-cold DPBS before single-cell suspension prepara-
tion and flow cytometry analysis.

In vivo drug testing with etanercept and birinapant
Mice were injected with the BSVTK MDA-MB-231 population 
(as described above), and the primary tumors were resected when 
they reached 100 mm3 before the treatment. For the etanercept ex-
periment (two independent experiments), the control group received 
saline as vehicle; the treated group received etanercept (Enbrel) 
(10 mg/kg), three times weekly until the end of the experiment. For 
the birinapant experiment (one experiment), the treated group re-
ceived birinapant (#S7015, Selleck Chemicals) at the dose of 30 mg/kg, 
three times weekly until the end of the experiment. The mice were 
euthanized when the control groups died from metastatic disease. 
Metastases were analyzed by imaging and flow cytometry, as 
described below.

Single-cell suspension preparation
The tissues were manually chopped into small pieces (about 1 mm 
by 1 mm) and resuspended in the digestion medium: collagenase IA 
(300 U/ml) (#C9891, Sigma-Aldrich), hyaluronidase (100 U/ml) 
(#H3506, Sigma-Aldrich), and deoxyribonuclease I (DNase I) 
(100 U/ml) (#LS002139, Worthington) in RPMI 1640 medium with 
Hepes (#22400089, Thermo Fisher Scientific). The tumor was re-
suspended in 5 ml of digestion medium, the lungs in 5 ml of diges-
tion medium, and the liver in 10 ml of digestion medium. Samples 
were first incubated for 25 min at 37°C with agitation, then passed 
through an 18-gauge (G) needle three times, and incubated for an-
other 25 min at 37°C with agitation before being passed through a 
20G needle three times. The cell suspension was then filtered 
through a 70-m cell strainer and spun down for 5 min at 500g.

Sample preparation for confocal imaging
Fixed samples were washed in DPBS and embedded in 3% low–
melting point agarose (#1613111, Bio-Rad Laboratories). Sections 
(200 m) were cut using a vibratome (#VT1000S, Leica Biosystems) 
and mounted on slides (#J1800AMNT, Thermo Fisher Scientific) 
with high-performance coverslips (#474030-9000-000, Carl Zeiss 
Microscopy) and antifade mounting medium (#P36961, Thermo Fisher 
Scientific). Images were acquired using LSM 880 (Carl Zeiss) and 
LSM 980 (Carl Zeiss) confocal microscopes equipped with 20×/0.8 
objectives. Online fingerprinting was used to spectrally unmix the 
BSVTK fluorophores with reference spectra acquired in cancer cells 
expressing a single color only. The entire section was acquired as a 
tile scan, with a resolution of 0.47 m in xy and 3 m in z.

Flow cytometry
All samples were sorted/analyzed using a BD FACSAria III cell sorter 
with BD FACSDiva 8.0.2 software (Becton Dickinson and Compa-
ny, BD Biosciences, San Jose, CA, USA), equipped with four lasers 
and capable of detecting up to 17 parameters. Samples were ana-
lyzed using the following excitation lasers and emission filters: 
eBFP2 (405 nm; 450/40), tSapphire (405 nm; 510/50), Venus (488 nm; 
530/30), propidium iodide (488 nm; 695/40), tdTomato (561 nm; 
582/15), and Katushka (561 nm; 670/14). For sorting, a 100-m 
nozzle tip was used with a sheath pressure of 138 kPa and a drop drive 
frequency of 30 kHz. BD FACSFlow (BD Biosciences, San Jose, CA, 
USA) sheath fluid was used. The sample and collection tubes were 
maintained at 4°C.

Subclone identification and measurement 
in the imaging dataset
First, a 3D median filter (with radius in xy = 8 and radius in z = 2) 
was applied to all channels to reduce the noise and homogenize the 
intensity. A manually determined hysteresis thresholding was then 
applied to the five channels, and clone identity was reconstructed 
according to the signal combination of the five channels. Two thresh-
olds were set, one to determine signal voxels with high confidence 
and one to determine signal voxels with medium confidence—i.e., 
above background noise—that may belong to residual noise or signal. 
The hysteresis procedure will consider medium-confidence voxels 
as positive if they are connected to high-confidence voxels. Medium- 
confidence voxels not connected to high-confidence voxels were 
labeled as background. 3D quantification of subclones was per-
formed using algorithms and tools from the 3D ImageJ suite (57). 
For untreated mice, structures with a volume of less than 1000 m3 
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were discarded, this volume being too small to correspond to more 
than one cell. For the etanercept-treated and control experiments, 
structures with a volume of less than 100,000 m3 were discarded to 
focus on macrometastases. Individual metastases were defined as 
populations of directly connected voxels within the dataset. Volumes 
of each subclone within each metastasis were then computed. Images 
were stored within an OMERO database (58); processing and anal-
ysis were then automated using a custom-built analysis suite called 
towards an automated processing and analysis system (TAPAS) (59). 
Results were validated by two observers.

Interaction analysis in the imaging dataset
An “interactome” was obtained by computing how often specific 
pairs of subclones were detected within all metastases. We also 
computed a “dominant” subclone for each interaction by compar-
ing volumes of the two subclones within the metastasis. Analyses 
were completed using R software (60), and interactome visualiza-
tions were completed within Cytoscape (61).

Histology
Samples were fixed in 4% paraformaldehyde for 12 hours before 
embedding in paraffin. Sections were then stained with hematoxylin 
and eosin and scanned using an Aperio AT2 (Leica Biosystems).

Single-cell capture for scRNA-seq
To analyze the heterogeneity of the parental MDA-MB-231 popula-
tion, a cell suspension of MDA-MB-231 was prepared using the 
TrypLE Express Enzyme (#12604021, Thermo Fisher Scientific). 
Using a Chromium controller machine (#120223, 10x Genomics) 
and a Chromium single-cell gel bead kit (#1000075, 10x Genomics), 
10,000 cells were captured in gel bead in emulsion. The comple-
mentary DNA was then isolated, and the library was prepared as 
recommended by the manufacturer for the 3′ V3 kit (#1000078, 10x 
Genomics). Sequencing runs were completed on a NextSeq ma-
chine (Illumina) with the following specifications: Read1, 28 cycles; 
Read2, 91 cycles; Index Read, 8 cycles.

To verify the purity of the metastatic barcoded subclones and to 
investigate whether they were genomically distinct, subclones 13, 2, 
9, 29, and 3 were FACS-purified from lung metastases. The number 
of cells sorted for single-cell analysis varied between the subclones 
on the basis of their frequency. For the dominant subclones 13, 2, 
and 9, 20,000 cells were sorted. For the minor subclones 29 and 3, 
7000 and 1000 cells were sorted, respectively.

Identifying genomic heterogeneity using scRNA-seq 
and inferred CNVs
To investigate the genomic heterogeneity of the original MDA-
MB-231 cell line, we (i) probed cells with single-cell mRNA sequenc-
ing, (ii) identified cell clusters on the basis of their transcriptional 
profiles, and (iii) inferred copy number profiles in clusters. For cell 
clustering, the software suite Seurat3 was used (62). Briefly, the raw 
reads were aligned to the hg38 reference genome (63), and the transcript 
counts were inferred using CellRanger (10x Genomics: Resolving biolo-
gy to advance human health, 10x Genomics; http://10xgenomics.com) 
with default parameters. The postprocessing analyses were con-
ducted using Seurat3. Droplets were excluded from further analyses 
if including less than 200 detected transcripts or if they included a 
fraction of mitochondrial derived reads higher than 0.1. Cell cycle 
state was inferred for each cell using the CellCycleScoring function. 

The transcript abundance was adjusted for cell cycle stage and for 
mitochondrial sequences. PCA was used to reduce the dimension-
ality of the data. Cells were assigned to clusters using the shared 
nearest neighbor (SNN) method (64) using a resolution of 0.7. For copy 
number inference, the algorithm inferCNV (infercnv, Bioconductor; 
https://bioconductor.org/packages/release/bioc/html/infercnv.html) 
(65) was used with the parameters scale_data = TRUE and cut-
off = 0.1, providing as input the raw transcript abundance matrix as well 
as cell cluster labels. The dataset gencode_v21 was used as reference 
transcript location within the genome. The scRNA-seq dataset 
(GSE113197) including material from four noncancerous epithelial 
samples was used as a benign reference for inferCNV inference (66, 67).

To investigate the genomic purity of the five barcoded subclones, 
we (i) probed cells with single-cell mRNA sequencing, (ii) aligned 
the sequencing reads to the hg38 reference genome and the tran-
script counts were inferred using CellRanger with default parame-
ters as described above, (iii) inferred the copy number profile for 
each cell using inferCNV, and (iv) defined five cell clusters (as five 
clones were sequenced) on the basis of hierarchical similarity.

mRNA extraction and bulk RNA-seq
mRNA was extracted from sorted cells using an miRNEasy kit 
(#217084, Qiagen) according to the manufacturer’s recommenda-
tions. Briefly, mRNA was isolated using a guanidinium thiocyanate- 

phenol-chloroform extraction approach. The mRNA is then bound 
to an exchange column where the remaining genomic DNA was 
digested by the RNase-Free DNase (#79254, Qiagen) on the column. 
The RNA was finally washed and eluted in water. The quantity and 
the quality of the isolated mRNA were assessed using the TapeStation 
(4200 TapeStation System, Agilent), and 100 ng of the mRNA was 
used as an input for the library preparation using the TruSeq RNA 
Library Prep Kit (Illumina) according to the manufacturer’s recom-
mendations. The indexed libraries were pooled and diluted to 1.5 pM 
for paired-end sequencing (2 × 81 cycles) on a NextSeq 500 instru-
ment using the v2 150 cycle high output kit (Illumina) as per the 
manufacturer’s instructions. The base calling and quality scoring 
were determined using Real-Time Analysis on board software v2.4.6, 
while the FASTQ file generation and demultiplexing used bcl2fastq 
conversion software v2.15.0.4.

Collection of autopsy samples
Patients were recruited by their oncologists to the BROCADE rapid autopsy 
program (www.petermac.org/research/research-cohort-studies/
brocade), approved by the Human Research Ethics Committee of 
the Peter MacCallum Cancer Centre, Melbourne. Patients with 
advanced breast cancer provided written informed consent. Lungs 
and liver metastases were collected soon after death for three pa-
tients (table S3), and the mRNA was extracted and sequenced as 
described above.

Analysis of NFB activation using subcellular fractionation 
and Western blotting
Metastatic cells were sorted from the lungs and liver as described above. 
The subcellular fractionation experiments were performed using the 
subcellular protein fractionation kit for Cultured Cells (#78840, 
Thermo Fisher Scientific) according to the manufacturer’s instructions. 
The cytoplasmic and nuclear fractions were then analyzed by Western 
blotting using the following primary antibodies: anti-p65 (#8242, 
Cell Signaling Technology), anti-specificity protein 1 (SP1) (#9389, 
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Cell Signaling Technology), and anti–glyceraldehyde phosphate dehy-
drogenase (GAPDH) (#5174, Cell Signaling Technology). The bands 
were quantified using Image Lab (V6.0.1, Bio-Rad Laboratories), and 
the relative nuclear expression of p65 was determined by compar-
ing the liver nuclear expression to the lung nuclear expression, nor-
malized for SP1 expression.

Comparing the transcriptome of barcoded subclones at 
single-cell resolution
To demonstrate intrasubclone homogeneity and intersubclone het-
erogeneity, we clustered scRNA-seq from five barcoded subclones 
(2, 3, 9, 13, and 29) and performed differential expression analysis 
on pseudo-bulked samples to derive a gene signature. The dimen-
sionality of the log-normalized gene counts was reduced, and to 
pseudo-bulk each subclone, reads were aggregated across cells into 
pseudo-bulk samples for each K-nearest neighbor (KNN) cluster. 
KNN clusters were identified separately for each barcoded subclone 
(k = 20) by applying the walktrap method (68) to SNN graphs. 
Subclone pseudo-bulk samples were filtered and normalized using 
edgeR (69), where samples with low library sizes were discarded or 
merged and genes required a logCPM greater than or equal to 0.5 in 
at least 10% of pseudo-bulk samples. As above, differentially ex-
pressed genes were identified with P value and false discovery rate 
(FDR) thresholds of 0.5, Benjamini and Hochberg (BH) correction, 
and using a generalized log-linear model. To apply the feature set, 
log-normalized counts were subset to these differentially expressed 
genes and visualized using a t-SNE. In Fig. 2D, genes from the TNF 
signaling pathway (KEGG) and TNF signaling by NFB (hallmark) 
were used as a feature set. In fig. S7E, genes that are differentially 
expressed between barcoded subclones 13 and 29 (table S1) were 
used as a feature set.

Data processing for the LeGO, autopsy, and GTEx datasets
Read pairs were filtered using cutadapt (70), mapped to the GRCh38 
genome using STAR (71), and quantified using featureCounts (72). 
Genes without a current ensemble gene ID were removed. Prepro-
cessing was completed using edgeR (69), including gene filtering 
and summing over technical replicates. However, for the autopsy 
data, genes were only retained if they achieved a count per million 
(CPM) of 0.5 in at least four samples. Batch effect correction to 
remove the mouse effect (for the xenograft experiments) was 
performed using limma (73), and counts were converted to log-
CPM with a prior count of 2 for visualization. The GTEx count data 
downloaded from https://gtexportal.org/home/datasets were 
log-transformed and subset to liver and lung samples according to 
the associated annotation files.

Statistical analyses of the LeGO and autopsy datasets
Three separate subsets of the LeGO dataset were processed and 
analyzed in parallel, according to the same methodology. The first 
dataset included all the LeGO primary and metastatic samples, 
another dataset containing only the lung and liver metastases, and 
another for the metastases from the retransplanted subclone 2 tumors. 
Differential expression analyses were completed in edgeR (60), all 
of them fitting a generalized log-linear model to uncorrected data 
using the glmQLfit function. P values were adjusted using BH cor-
rection and were filtered using 0.05 thresholds for both P value and 
FDR. Data were scaled for the heatmap visualizations, and mito-
chondrial genes were excluded.

Competitive gene set enrichment tests were performed in limma 
(73) using the hallmark gene set collection from MSigDB (74). 
Here, FDR and P value thresholds of 0.05 were also used for each of 
the two-group comparisons, after excluding genes that did not map 
to Entrez Gene identifiers.

Overrepresentation analysis was used to identify GO terms from 
the “biological process (BP)” subontology that were enriched in 
three differential expression analyses. Using the same model, pri-
mary tumors were compared to lung and liver metastasis separately, 
and then the metastases were compared to each other. Enriched 
terms were visualized for the genes up-regulated in the two metas-
tases compared to the primary tumors (636 genes for lungs and 314 
for liver), as well as the differentially expressed genes between the 
metastases (464 for lung and 656 for liver). The GO enrichment 
plots were generated using the clusterProfiler (75) by applying BH 
correction, P value, and q value cutoffs of 0.05. The minimum and 
maximum number of genes in a gene set to be tested were 10 and 
500, respectively.

Applying the BSVTK feature set to other datasets
The BSVTK feature set was derived using the second data subset, 
comparing only lung (650 up-regulated genes) and liver (716 up- 
regulated genes) metastases, according to the differential expression 
analysis methods above. To demonstrate that the differentially 
expressed genes between liver and lung metastases can result in a 
separation of lung and liver samples in other datasets, a PCA was 
performed on these data subsets to the BSVTK feature set (1366 
genes). This was applied to the retransplantation and autopsy data-
sets after batch effect correction (logCPM with a prior count of 1) 
and was also applied to the lung and liver samples from the GTEx 
(34) dataset.

SUPPLEMENTARY MATERIALS
Supplementary material for this article is available at http://advances.sciencemag.org/cgi/
content/full/7/28/eabf4408/DC1

View/request a protocol for this paper from Bio-protocol.
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