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ABSTRACT

Lymph-node metastasis is a prognosis factor for poor clinical outcome of breast cancer patients. Currently,
how breast cancer cells establish pre-metastatic niche in the tumor-draining lymph nodes (TDLNs) is still
unclear. To address this question, we isolated heterogeneous cells including immune and stromal cells
from naive lymph nodes (LNs) of the FVB/NJ mice and TDLNs of the MMTV-PyMT mice. Single-cell RNA
sequencing was performed to investigate the transcriptome of the cells and various bioinformatics
analyses were used to identify the altered pathways. Our results revealed several significant changes
between naive LNs and TDLNSs. First, according to immunologic signature and pathway analysis, CD4+ and
CD8 + T cells showed upregulated angiogenesis pathway genes and higher regulatory T (Treg)-associated
genes while they demonstrated downregulation of interferon response and inflammatory response gene
signatures, concurrently suggesting an immunosuppressive microenvironment in the TDLNs. Second,
profiling of B cells showed down-regulation of marginal zone B lymphocytes in the TDLNs, which was
validated by flow cytometric analysis. Third, we found the enhancement of oxidative phosphorylation
pathway in the fibroblastic reticular cells (FRCs) of the MMTV-PyMT mice and the elevation of related
genes including Prdx3, Ndufa4 and Ugcrb, suggesting massive ATP consumption and TCA cycle metabo-
lism in the FRCs. Collectively, our results reveal the reprogramming of TDLNs during breast cancer
progression at single-cell level in a spontaneous breast cancer model and suggest the changes in immune
modulation and metabolic switch are key alterations in the preparation of pre-metastatic niche by breast
cancer cells.
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formation of new lymphatic capillaries.”® The newly orga-
nized vessels connect to the nearby lymph nodes and these
tumor-draining lymph nodes (TDLNs) are the first organs of
metastasis. The infrastructure of lymph nodes composes sev-
eral major components including immune cells, fibroblastic
reticular cells (FRCs) and LECs. T cells at paracortex zone
and B cells at cortex area play important roles in the surveil-
lance of pathogenic materials and the elicitation of immune
response.”'® FRCs and LECs constitute the reticular mesh-
work for trafficking, priming and activation of immune
cells."'™' In addition to being able to create a three-
dimensional stromal network, FRCs also produce abundant
extracellular matrix proteins and form the conduit structure
for quickly transporting antigens and signaling molecules into
the parenchyma of LNs."> Another critical issue receiving
much attention is the crosstalk between different cell types
within complex tissue microenvironment. By establishing
a novel method to study enzymatic activities in single cells,

Introduction

Tumor metastasis is the major cause of the death of cancer
patients. Human cancers metastasize to distant organs through
blood and lymphatic circulating systems."* Spreading of can-
cer cells via poorly-organized blood vessels induced by tumor-
derived angiogenic factors like vascular endothelial growth
factors (VEGFs) has been shown to be a main route for metas-
tasis in many cancers.”® However, some tumors including
breast cancer and melanoma are prone to disseminate via
lymphatic system.”® Although lymph node invasion is strongly
associated with increased metastasis and poor clinical out-
come, the underlying mechanism of lymphatic metastasis has
not been well-characterized till now.

The first step in lymphatic metastasis is the induction of
lymphangiogenesis. Cancer  cells  produce  pro-
lymphangiogenic proteins like VEGF-C to stimulate the pro-
liferation of lymphatic endothelial cells (LECs) and the
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Miller et al explored the intracellular metabolic alterations in
different immune cell populations in normal and cancerous
colon tissues and demonstrated a reduced oxygen consump-
tion rate/extracellular acidification rate in the tumor part."
Similarly, a significant change in metabolic configurations
was also found in breast cancer. The term immunometabo-
lism has been used to explain the intimate relationship
between metabolic regulation and immune functionality.'®
Metabolic reprogramming in cancer cells, endothelial cells,
or fibroblasts may promote the release of metabolites, lipids,
and amino acids to alter immune cell function that leads to
dysregulation of immunity in human diseases including
cancer.'” This also opens a new avenue for drug development
to treat diseases.'®

Emerging evidence demonstrate that cancer cells can induce
the remodeling of TDLNs to form the pre-metastatic niche
before invading into LNs.'*?° However, our understanding
on the structural alteration and genetic change in the TDLNs
is still at premature stage. By using cell enrichment and RNA
sequencing, a recent study showed the mechanisms of lympho-
vascular niche formation in the TDLNs of 4T1 breast cancer
and B16F10 melanoma orthotopic animal models and identi-
fied integrin alIb as a differentially upregulated gene in LECs,
which may facilitate LEC adhesion to fibrinogen in vitro and
in vivo.”' Although this study provides interesting findings for
the study of TDLN remodeling, only the transcriptional profile
of LECs was addressed. In addition, whether the syngeneic
animal models by directly inoculating a huge number of cancer
cells into mice can precisely recapitulate cancer progression
in vivo should be considered.

Tissue-specific expression of the polyomavirus middle
T antigen under the control of the mouse mammary tumor
virus promoter/enhancer (known as the MMTV-PyMT model)
induces luminal-type mammary tumors with high level of
lymph node and pulmonary metastasis in transgenic
mice.”>*> This model has been widely used for the study of
breast cancer initiation, promotion, and progression. Our
study was carried out to reveal how breast cancer cells prepare
a favored lymph-node microenvironment for metastasis. To
mimic naturally occurring breast tumorigenesis, we used the
MMTV-PyMT mice as a study model. Moreover, we investi-
gated the transcriptomes of immune cells and FRCs in the
TDLNSs by using single-cell RNA sequencing (scRNA-seq) to
address the changes of expression profiles in these cells. Finally,
bioinformatics analyses were performed to identify the altered
pathways. Our results provide new insights into how breast
cancer cells affect the population of immune cells and repro-
gram the metabolism of FRCs in the TDLN at early metastatic
stage of breast cancer.

Materials and methods
Mice

The FVB/NJ and MMTV-PyMT mice were kindly provided by
Dr. Susan Waltz (University of Cincinnati, USA) and FVB/N]
mice were purchased from National Laboratory Animal Center
(Taipei, Taiwan). Mice were housed in SPF environment with
a 12:12-h light/dark cycle photoperiod. All studies were

approved by the Animal Care Committee of National Health
Research Institutes.

Preparation of single cell suspension

To isolate cells from LNs, FVB/NJ, and MMTV-PyMT mice (at
the age of 11 weeks) were euthanized by inspiration of 5% CO2.
For scRNA-seq experiments, two axillary and two inguinal LNs
were dissected from one each of normal and tumor-bearing
mouse and were stored in ice-cold RPMI1640 medium with
10% fetal bovine serum (FBS). LNs were ground with syringe
rubber in 70 um cell strainer (Meltenyi Biotec). Flow through
containing immune cells and tissue debris was collected. Tissue
debris which contained FRCs were further incubated with
digest mixture: 1 mg/ml collagenase type IV (V900893, Sigma
Aldrich), 0.2 mg/ml collagenase P (11213857001, Sigma
Aldrich), 0.1 mg/ml DNasel (10104159001, Sigma Aldrich),
5 U/ml Dispase (#07913, Stem Cell Tech) for 40 min at 37°C.
Single cell suspension was subjected to isolation of vimentin-
positive FRCs by using MoFlo-XDP cell sorter (Beckman
Coulter). Finally, cells were stained with Acridine Orange/PI
and the viability of immune cells and FRCs was determined
using an automated cell counter (LUNA-FLTM). All proce-
dures were carried out on ice, and were completed less
than 1.5 h.

Sequencing library construction using the 10x chromium
single cell 3' platform

Pooled cell suspension containing FRCs and immune cells,
reagents, and a single gel bead containing barcoded oligonu-
cleotides were encapsulated into nano-liter size gel bead in
emulsion (GEMs) using the GemCode Technology per the
manufacturer’s instructions (Single Cell 3’ Reagent Kits v2,
PN-120237). Lysis and barcoded reverse transcription of poly-
adenylated mRNA from single cells were performed inside
each GEM. Libraries were sequenced on an Illumina
HiSeq4000 set to yield 150 M reads and mapped to the mice
genome (mml0) using Cell Ranger version 2.1.1 (10x
Genomics). Sample demultiplexing, cellular barcode and
unique molecular identifier (UMI) filtering, and generation of
the gene-cell matrix were also performed with the Cell Ranger
programs.

Preprocessing of scRNA-seq data

Low-quality cells were excluded using the following criteria: i)
cells with low library size, defined as the total sum of UMI
counts over all genes, being considered to be of low quality as
the RNA has not been efficiently captured; ii) cells with low
complexity, defined as the number of genes with non-zero
counts, indicative of poor quality as the diverse transcript
population has not been successfully captured; and iii) dead
or dying cells, i.e., cells with high proportion of library size in
the list of mitochondrial-related genes. For the FVB/N]J sam-
ples, we removed 56 cells and 70 cells based on low library size
and low complexity, respectively, using a threshold of 2 median
absolute deviations (MADs) below the median (log2 scale) and
removed 17 dead or dying cells with more than 10% proportion



of library size in mitochondrial genome (Supplementary Figure
S1A-S1C). From the remaining 1741 cells, we used the compu-
tational approach developed by Scialdone and colleagues to
estimate the cell cycle phase.** To reduce the confounding
effects of cell cycle, the 1682 cells in G1 phase were selected
for subsequent analysis. We further filtered out 18439 (65.9%)
low-abundance genes using a threshold of average UMI counts
<0.01 (Supplementary Figure S1D). The remaining 9559 genes
were used to remove any cell-specific biases in capture effi-
ciency of transcript. For each cell in FVB/NJ sample, normal-
ized UMI count was defined as the division of the UMI count
by the library size (of these 9559 genes) over 10,000. Each
normalized UMI count was transformed to log2 scale, after
adding 1 for avoiding undefined values at 0. For the MMTV-
PyMT sample; data filtering and normalization were conducted
in the same manner as described in the FVB/NJ sample. After
this preprocessing, a total of 1570 cells across 9634 genes were
performed to combine with the data from FVB/NJ sample
(Supplementary Figure S2A-S2D). As a result, 3252 cells across
common 9182 genes were used for subsequent analysis.

Highly variable genes (HVGs)

To identify the highly variable genes (HVGs) that are driving
heterogeneity across the distinct population of cells and repre-
sent their functional characteristicc a LOWESS (locally
weighted scatterplot smoothing) curve was used to fit the
mean vs. variance of normalized UMI counts and then used
to decompose the variance of each gene into a biological com-
ponent and a technical component, as implemented in two
functions, trendVar and decomposeVar in the scran
R package. HVGs are those genes with the significance levels
of biological components. At false discovery rate (FDR) of 5%,
a total of 721 genes were identified. For dimension reduction,
these HVGs were further reduced to the top nine principal
components based on a knee-point in the scree plot. These
principal components of the cells were summarized into
2-dimensional points in the scatter plot using t-distributed
stochastic neighbor embedding (¢-SNE), as implemented in
the Rtsne R package.”

Annotation of cell types

Based on these HVGs, an unsupervised consensus clustering
tool Single-Cell Consensus Clustering (SC3) was used to iden-
tify the cell clusters of 3,252 cells in FVB/NJ and MMTV-PyMT
samples, as implemented in the SC3 R package.”® It con-
structed several distance metrics and transformed them using
either principal component analysis (PCA) or by calculating
the eigenvectors of the associated graph Laplacian distance
matrices into k-means clustering. A total of 7 clusters were
identified and are referred to as Clusterl-Cluster7. There are
702, 546, 1720, 167, 44, 4 and 69 cells in Clusterl- Cluster7
respectively.

To annotate these clusters, we selected 6, 3, 4, 2, 4, 8, and 5
genes as markers of T cells, cytotoxic T cells, exhausted T cells,
regulatory T cells (Tregs), naive T cells, B cells and fibroblasts
(FRCs) respectively. We identified Clusterl- Cluster4 as
CD8 + T cells, B cells, CD4 + T cells and Tregs, respectively,
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because typical markers including Cd8a (CD8 + T cells), Cd4
(CD4 + T cells), Foxp3 (Tregs), and Cd79a (B cells) showed
strong association with these clusters. We also identified
Cluster5 and Cluster7 as FRCs based on the over-expression
of gene vimentin (VIM) and these clusters being close in the
t-SNE plot. Because only 4 cells were in Cluster6 and some
isolated cells were far away from their primary cluster in the
t-SNE plot, we manually annotated these cells to their closest
cluster. As a result, a total of 716, 1735, 151, 552, and 98 cells
were annotated as CD8 + T cells, CD4 + T cells, Tregs, B cells
and FRCs, respectively.

Subclusters of cell types

The subcluster in B cells and FRCs were identified in the same
manner as described above. In more details, 155 genes and 34
genes were identified as HVGs in FRCs and B cells, respec-
tively. For FRCs, 4 subclusters were identified using SC3 and
are referred to as FRCs-clusterl-FRCs-cluster4. However, no
subcluster was identified in B cells based on the estimation of
group number using SC3.

Gene set variation analysis (GSVA)

To explore whether any gene set/biological pathway is
enriched differentially between FVB/NJ and MMTV-PyMT
samples, we used GSVA (Gene Set Variation Analysis),
a Gene Set Enrichment Analysis (GSEA)-based method
that estimates variation of pathway activity over a sample
population in an unsupervised way.””*® It applies the
Kolmogorov-Smirnov-like random walk statistic to compare
the distribution of rank-based gene expression within an
a priori defined gene set with one without that gene, to
assess the enrichment score (ES) of a target gene set in
each cell. Each ES represents the degree to which the genes
in a target gene set are coordinately up- or down-regulated
within a cell. For each target gene set, we compared the
mean of ESs from the cells in the FVB/N] sample with that
in the MMTV-PyMT sample using t-test. In this study, the
target gene sets include 50 hallmark gene sets, 186 KEGG
gene sets, and 4872 immunologic signatures in the molecular
signatures database (version 6.2) from GSEA software
website.””* For GSVA, the function gsva in the GSVA
R package was implemented.

Statistical analysis

To identify differentially enriched gene sets/genes between the
FVB/N] and MMTV-PyMT samples, a t-test was used in
immune cells (CD8 + T cells, CD4 + T cells, Tregs and
B cells) and a linear regression with adjustment for 4 subclus-
ters was used in FRCs.

To address the multiple comparison issue, we report the
g-value using the gvalue package in R. A gene set was claimed
to be differentially expressed if the g-value was < 0.1. Heatmap
representations with dendrograms were plotted using the
pheatmap R package. The pathway graph and genes marked
in the graph were plotted using the pathview R package. All
data were analyzed using R statistical software (version 3.5.2).
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Antibodies and flow cytometry

Anti-CD3 (17A2, cat. 561388), anti-CD4 (RM4-5, cat. 553047),
anti-CD44 (IM7, cat. 561859), anti-CD62L (MEL-14, cat.
560516), anti-B220 (RA3-6B2, cat. 553091), anti-Foxp3
(MF23, cat. 562996) and anti-CD23 (B3B4, cat. 561772) were
purchased from BD company (Franklin Lakes, NJ, USA). Anti-
CD8a (53-6.7, cat. 100734), anti-IgM (RMM-1, cat. 406531)
and anti-CD21 (7E9, cat. 123411) were obtained from
BioLegend (San Diego, CA, USA). For flow cytometry experi-
ments, total eight axillary LNs were dissected from four each of
normal and tumor-bearing mice and pooled separately. Cells
were harvested and washed with 1X PBS. Cells were stained
with antibodies within 1:100 dilution for 40 min at 4°C with
gentle mix, then washed with 1X PBS prior to Attune NxT
cytometer (Thermo Fisher Scientific) analysis. For Foxp3 stain-
ing, cells were mixed with 1 ml of Fix/Perm solution and
incubated at room temperature for 15 min. Cells were washed
with 1X PBS and stained with anti-Foxp3 antibody for flow
cytometry analysis.

Oxygen consumption assay

We used the MitoXpressXtra assay (Agilent Technologies,
Luxcel Biosciences) to determine extracellular oxygen con-
sumption rates (OCR). Mouse FRCs were treated with control
media or the conditioned media of 4T1 mouse breast cancer
cells or MMTV-PyMT cancer cells isolated from mice for 48 h.
After incubation, cells were washed with 1X PBS and the
MitoXpress-Xtra-HS probe was added to cells in accordance
with manufacturer’s instructions. Oxygen consumption was
measured using time-resolved fluorescence (TR-F) with
a dual delay of 30 us and 70 ps using a CLARIOstar fluores-
cence plate reader (BMG Labtech).

Results

Quantitative alteration of the major cell types in the
TDLNs of the MMTV-PyMT mice

Luminal and HER2-enriched subtypes of breast cancer are
highly correlated with lymph-node metastases and poor
outcome.” The MMTV-PyMT mice develop spontaneous
mammary tumors that closely resemble the progression and
morphology of human breast cancers and form palpable
tumors around 8-9 weeks after birth. Previous study and our
preliminary results showed that tumor cells in the MMTV-
PyMT mice invade into the TDLNS at around 3.5 months.** To
investigate early remodeling in TDLNs, we collected the
TDLNs from the female MMTV-PyMT mice and the naive
LNs from the FVB/N] mice at the age of 11 weeks for compar-
ison. Viable cells were collected and subjected to scRNA-seq
experiments. After data preprocessing including quality con-
trol to remove cells of low quality, 3252 cells were subject to
further analyses. Of these, 1570 cells were originated from the
TDLNs of the MMTV-PyMT mice and 1682 cells were from
the naive LNs of the FVB/NJ mice. We identified 721 highly
variable genes (HVGs) that account for heterogeneity across
the distinct population of cells and represent their functional
characteristics. Based on these HVGs, all of those 3522 cells

were grouped into 7 clusters using SC326, a tool for unsuper-
vised clustering of cells for scRNA-seq data, and then visually
summarized in the scatter plot using t-SNE. The color-coded
distribution of cells by sample origin (MMTV-PyMT and FVB/
NJ) or by cluster ID from SC3 clustering were as represented in
Figures 1a and 1b, respectively. Using classical immunopheno-
typing markers, we initially identified T cells, cytotoxic T cells,
exhausted T cells, regulatory T cells (Tregs), naive T cells,
B cells, and fibroblasts (FRCs) (Supplementary Figure S3).
Finally, 5 types of cells, including 4 types of immune cells
(CD8 + T cells, CD4 + T cells, Tregs and B cells), and FRCs,
were considered informative and of interest to this study; as
a result, a total of 716, 1735, 151, 552, and 98 cells were
identified as CD8 + T cells, CD4 + T cells, Tregs, B cells and
FRCs Figure 1c.

We further analyzed the fraction of those T cells, B cells, and
FRCs in FVB/NJ and MMTV-PyMT samples. Among those
three major cell fractions, T cells exhibited a 50:50 proportion
(1313 vs. 1289) between the FVB/NJ and MMTV-PyMT sam-
ples while B cells exhibited a 60:40 proportion (330 vs. 222,
Figure 1d). Interestingly, FRCs expressing vimentin (Vim)
exhibited a 40:60 proportion (39 vs. 59). The fraction propor-
tions of these major cells in each sample were shown in Figure
le, which demonstrated proportions for T cells, B cells, and
FRCs in the FVB/NJ and MMTV-PyMT samples were 78% vs
82%, 20% vs 14%, and 2% vs 4%, respectively.

Change of gene expression patterns in the T cells
sub-populations in TDLNs

Within the aforementioned 3252 cells, T cells represented the
most prevalent cell type and can be further categorized into 3
subtypes, which were CD8 + T cells, CD4 + T cells, and Treg
cells, represented by expression of Cd8a, Cd4, and Foxp3,
respectively, Figures 2a and 2b. To explore molecular pathways
changed between T cells in tumor-bearing TDLNs and those in
naive LNs, we performed GSVA27 utilizing hallmark gene
sets26 and immunological signature (C7) gene sets in the
molecular signatures databases (MSigDB)25. The significantly
altered pathways in the 50 hallmark pathways at a false dis-
covery rate of 0.1 (q-value < 0.1) were as shown in Figure 2c.
Among them, angiogenesis gene set was most significantly
upregulated, with q values = 5.73E-17, 8.51E-8 and 0.25 in
CD4 + T cells, CD8 + T cells and Treg cells, respectively.
These data suggest that T cells, especially those of CD4+ and
CD8+ may contribute to the increased angiogenesis in TDLNGs.
In support of these notions, it was reported that CD4 + T cells,
particularly Th2 and Th17 may enhance angiogenesis and
myogenesis in ischemic injuries.” In addition to angiogenesis
gene set, the estrogen response (ER) gene set/pathway, an
important signaling pathway for the progression of breast
cancer, was also significantly upregulated in CD4 + T cells of
TDLNs. Since previous studies have shown that ERa may
directly bind to the promoter region of RORyt to suppress
Th17 differentiation and function®® and that ERa in T cells
may inhibit follicular helper T cell responses to prevent
autoimmunity,”® our finding that ER signaling is upregulated
may represent suppressed immunity in CD4 + T cells of
TDLNs. Contrarily, GSVA/hallmark pathway analysis revealed
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significant downregulation of interferon alpha response, inter-
feron gamma response, allograft rejection pathway, and
inflammatory response in CD4 + T cells Figure 2c, all implicat-
ing attenuated anti-tumor immunity of the cells in TDLNS.
From the perspective of immunological signature analysis, the
most significant alteration was in gene set related to Eos/
Foxp3-mediated Treg cell transcriptional control®® Figure 2d.
Interestingly, several gene sets representing signature of ele-
vated Treg activity Figure 2d were upregulated significantly in

almost all T cells in TDLNS, suggesting the activation of Tregs
and immune suppressive environment in TDLNGs.

In addition to the above pathway-level analysis, we also
performed analysis at single gene level to identify differentially
expressed genes (DEGs, Supplementary Table S1) whose
expression levels were significantly altered between cells from
TDLNs and those from naive LNs. Among the top upregulated
DEGs identified in the CD4 + T cells were genes encoding heat
shock proteins, including Dnajal, Dapl, Hspala, Dapl and
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Figure 2. Differential transcriptomic analysis of T cells between the FVB/NJ and MMTV-PyMT samples. (A-B) T cells in tSNE plots, color-coded by the annotated cell types
(A) and by various marker genes of T cells (B). (C-D) Heatmap representation of the results of GSVA based on hallmark gene sets (C) and immunologic signatures C7 (D).
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samples.

Hsp90abl, whose expression patterns were represented by vio-
lin plot in Figure 2e. Interestingly, these chaperone proteins are
known to be involved in immune modulation. For examples,
Hspala encodes a heat shock protein which is a member of
Hsp70 family; HSP70 in combination with IL-2 may enhance
secretion of the immunosuppressive cytokines IL-10 and TGF-
B from Tregs cells, while attenuating the activity of CD4
+ CD25- naive T cells.’” Dapll expressed on Nrp-1-negative
cells may represent a subgroup of peripherally induced Tregs
cells with immunosuppressive activity.”® Moreover, Hsp90abl1,
a member of the Hsp90 family, has been shown to play a role in
the regulation of autoimmunity and transplant rejection.>

We next examined the relation between those DEGs and
markers of the status characteristics of cells including polariza-
tion, proliferation, activation and differentiation. A total of 28
genes were selected as markers for those characteristics
(Supplementary Table S1). At g < 0.1, significant DEGs
among those markers were shown in the volcano plot figure
2f. For CD4 + T cells, all markers of proliferation (Cxcr4),
polarization (Cxcr4, Tgfbl and Cd4), and differentiation
(Cd74 and Cd4) were significantly downregulated in TDLNs
samples. For CD8 + T cells, only differentiation marker Cd74
was found and downregulated significantly. For Treg cells,
Ptpre, also known as Cd45, a marker for both proliferation



and differentiation, was found significantly upregulated. Since
Cd45 has been known for its role in Treg activation,’ the
upregulation of Cd45 expression could implicate increase in
the activity of Treg cells in TDLNS.

To relate the results of our bioinformatics analysis to the
gold-standard cell quantification assays, we analyzed T cell
subpopulations in independent FVB/NJ and MMTV-PyMT
samples using flow cytometry and found that the percentages
of CD4+ and CD8 + T cells were decreased in the MMTV-
PyMT samples Figures 3a and 3b. On the contrary, the popula-
tion of Treg cells was dramatically increased Figure 3c.
Memory T cells were also reduced in the MMTV-PyMT sam-
ples Figure 3d. Combined together, these data suggested that
T cells in the TDLNs undergo remodeling during early metas-
tasis and that alteration of gene expression in the Treg cells
may create an immunosuppressive environment to facilitate
colonization of cancer cells.

Decrease of marginal zone B cells in TDLNs

Using B cells markers (Cd79a, Cd79b, Cd19, Cd22, Cd24a,
Cd72, Blnk, and Ms4al) to identify 552 B cells, we found
no subcluster among these cells using SC3 Figure 4a.
Interestingly, upon GSVA/hallmark gene set analysis of
B cells, a significant upregulation of angiogenesis pathway
Figure 4b in TDLNs compared to naive LNs samples,
similar to what was found in T cells, was again observed.
Our finding that angiogenesis pathway is upregulated in
B cells is consistent to previous study that tumor-
associated B cells contribute to tumor progression by
promoting tumor angiogenesis.*’ On the other hand, sig-
nificant downregulation of interferon gamma pathway,
PI3K-AKT-mTOR signaling, glycolysis, and TNFa signal-
ing via NFkB were found. Similar to what was observed in
T cells, B cells in TDLNs also undergo reprogramming in
their transcriptional profiles that reflect phenotypes of

@

FVB PYyMT
o,

T
R3: 60.710% | F3:36.110% CD4 T cells

CcD4

FVB PYyMT

(b)

.

CD8a

|
| “ R1: 2.258%
“ \‘ Foxp3

Count (1043)

. . R3: 9.400%

250

g
& Y30

© ¢ s " i
,,&* . J 220
o i © 4 310

W

ONCOIMMUNOLOGY 7

suppressed immunity and decreased proliferation. In sup-
port of these notions, it was reported that tumors of
MMTV-PyMT mice may secrete molecules to inhibit
B-cell proliferation and maturation directly,42 and the
noncanonical NF-kB pathway is well known for its role
in B cell maturation.*?

The expression profiles of a number of identified DEGs
for B cells were shown as in Figures 4c and 4d . Among
these DEGs, the transcription factor Mef2c has been shown
to be required by B-cell proliferation and survival.*** In
addition, Mef2c may protect lymphopoiesis of B cells during
stress by controlling proper expression of B-cell specific
genes.*® Sh3bp5 participates in the inhibition of the enzy-
matic activity of Bruton’s tyrosine kinase, a key regulator in
B-cell development.*” Expression of Sh3bp5 was moderately
increased in the MMTV-PyMT samples, suggesting that
Sh3bp5 may repress the development or maturation of
B cells in TDLNs. Genes involved in B cell proliferation
and activation were further investigated. It is interesting to
note that Cr2, a well-known complement receptor which
form a co-receptor on B cells during antigen-induced
activation,®® was significantly upregulated; Tgfbl, a potent
regulator of B cells development from pre-B cells to immu-
noglobin secreting plasma cells,"” was significantly down-
regulated Figure 4e. Accumulating evidences indicate that
secreted tumor products can also influence on distant immu-
nological compartments, including lymphopoiesis. For exam-
ple, decreased B cell numbers had been reported in tumor-
bearing mice.”® Conversely, another study showed that pri-
mary tumors induced pro-tumor B cell accumulation in the
TDLNs, and B cells promoted lymph-node invasion by pro-
ducing pathogenic IgG that targeted glycosylated membrane
protein HSPA4 to activate downstream pathway in tumor
cells to enhance metastasis.”’ Although the roles of B cells
and their derived antibodies in the formation of pre-
metastatic niche are poorly understood, the reprogramming
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Figure 3. Alterations of T cell subpopulationss in the TDLNs. (A-D) Flowcytometric analysis showing the reduction of the percentages of CD4 + T cells in CD4 + T cells (A),
CD8 + T cells (B), memory T cells (C), and in Tregs (D), in MMTV-PyMT samples. Cells were pooled from 8 LNs (of 2 mice) per group as described in Materials and Methods.
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Figure 4. Differential transcriptomic analysis of B cells between the FVB/NJ and MMTV-PyMT samples. (A) B cells (colored in yellow) in tSNE plot. (B) Bar chart
representation of the results of GSVA based on hallmark gene sets. The value in the bottom represents the difference between the enrichment scores (ESs) of a gene set
in the FVB/NJ and in MMTV-PyMT samples, and a positve value represents upregulation of a gene set/pathway in PyMT sample. Bar colored in gray represents g value >
0.1. (C) Violin plots showing the distribution of gene expression levels of top 10 upregulated genes in B cells of MMTV-PyMT relative to FBB/NJ samples. (D) Vocano plots
showing differential expression of selected B cell marker genes between FVB/NJ and MMTV-PyMT samples. (E) Flowcytometric analysis showing the reduction of the

percentages of B cells in MMTV-PyMT than in FVB/NJ sample.

of B cells in TDLNs can be a critical step for lymph-node
metastasis.

To gain confidence on the bioinformatics analyses, flow
cytometric analysis was also applied to confirm the reduction
of marginal zone B cells in the MMTV-PyMT samples figure
4f. These results suggested that populations of B cells in TDLNs
undergo reprogramming as reflected by alterations of their
transcriptional profiles.

Metabolic switch in FRCs of TDLNs

Based on relatively stringent criteria to remove low-quality
cells, a total of 98 FRCs were identified using the expression
of marker gene Vim and these cells were classified into 4
subclusers using SC3 Figure 5a. Based on GSVA, 18 hallmark
pathways were significantly associated with transcriptional
alterations between FRCs in TDLNs and those in naive LNs
(g-value < 0.1; Figure 5c¢). Intriguingly, oxidative phosphoryla-
tion (OXPHOS) pathway and peroxisome pathway were
among the top 3 significantly upregulated pathways in

TDLNs. Several genes involved in OXPHOS were selected
and their differential expression (p-value < 0.05) represented
by violin plot were shown in Figure 5d. Among them, cyto-
chrome ¢ oxidase subunit 7 C (Cox7c), which catalyzes the
electron transfer from reduced cytochrome c to oxygen, is
a subunit of complex IV of mitochondrion; NADH dehydro-
genase flavoprotein 2 (Ndufv2) is a subunit of complex I that
catalyzes the transfer of electrons from NADH to ubiquinone;
Ndufa4 functioning as a NADH dehydrogenase with oxidor-
eductase activity on complex I;>* Ubiquinol-cytochrome
c reductase, complex III sub-unit XI (Ugcrll) may function
as a binding factor for the iron-sulfur protein in complex III,
which is ubiquitous expressed in human cells; Peroxiredoxin-5
(Prdx5) is a peroxidase that can use cytosolic or mitochondrial
thioredoxins to reduce alkyl hydroperoxides or peroxynitrite.
PRDX5 has been shown to be a cytoprotective antioxidant
enzyme that inhibits endogenous or exogenous peroxide
accumulation.” Our data are consistent to previous finding
that FRCs in TDLNs immediately downstream of tumors
undergo an altered function of FRCs’ mitochondria;>* our
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FRCs of MMTV-PyMT relative to FVB/NJ samples.

analysis further suggested a significantly upregulated OXPHOS
pathway activity in FRCs of TDLNs. We also summarized the
genes differentially expressed in OXPHOS pathways annotated
by KEGG database. Interestingly, among 47 upregulated mito-
chondrial genes encoding proteins of respiratory chain, 27
genes are from complex I, 1 complex II, 6 complex III, 9
complex IV, and 4 complex V Figure 6a. These observations
suggested a massive ATP consumption and consequently pos-
sible DNA damage followed by OXPHOS may occur during
tumor progression in the TDLNs. To validate the change of
OXPHOS pathway, we investigated extracellular oxygen con-
sumption rates (OCR) in FRCs treated with or without the
conditioned media of 4T1 mouse breast cancer cells or
MMTV-PyMT cancer cells. Significant increase of OCR was
found in the FRCs treated with the conditioned media of breast
cancer cells Figure 6c.

Among the top-ranked and upregulated pathways in FRCs
of TDLNS relative to those of naive LNs were the bile acid
metabolism (ranked second) and fatty acid metabolism
(ranked fifth). Intriguingly, also based on MMTV-PyMT

mice model of LN metastasis, Lee et al reported that LN
metastasis requires tumor cells to undergo a metabolic shift
toward fatty acid oxidation (FAO), mediated by a selectively
activated transcriptional coactivator YAP, while bile acids
accumulated to high levels in the metastatic LNs can activate
YAP.” Our study indicated that, in addition to tumor cells,
FRCs in the TDLNs may also undergo similar metabolic shift.

To confirm the metabolic change in FRCs found in our
study, we downloaded two public datasets to evaluate the
genes which were differentially expressed in FRCs. The first
dataset used single-cell RNA-seq to examine the stromal com-
partment in murine TDLNs harvested at different time points
after injection of B16 melanoma cells.”* We found that the
expression of genes related to OXPHOS and mitochondria
dysfunction was elevated in the TDLNs at day 11 when com-
pared to that of normal lymph nodes and day 4 TDLNs and
three of the genes (Cox6b1, Cox7b and Cox10) identified in our
MMTV-PyMT  mice  were  significantly  increased
(Supplementary Figure 4A). The second dataset (E-MTAB-
7427) published recently consisted raw sequencing data for
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the melanoma model.’® We analyzed the 5 genes altered in
FRCs in our study and found that four of them were statisti-
cally elevated during tumor progression (Supplementary
Figure 4B). Thus, results of these two studies support out
findings that metabolic reprogramming occurred in the FRCs
of TDLNs.

Discussion

Luminal and HER2-enriched subtypes of breast cancer are
highly correlated with lymph-node metastases and poor
outcome.”® We study the remodeling in the TDLNs of the
MMTV-PyMT mice at single-cell level during spontaneous
tumor progression, which mimics early stage metastasis of
human breast cancer. Several crucial findings of this study are
discussed below. First, we highlight the alteration of FRCs and
immune cells in the TDLNs including increase of FRCs and
concomitant decrease of marginal zone B cells. Although the

population of T cells seems constant, the expression profiles of
all its major subpopulations are changed significantly. Our
analyses reveal dynamic change of stromal and immune cells
in TDLNs, as can be seen by alteration in transcriptomic
profiles for all types of cells analyzed in this study. Second,
for the first time, we demonstrate that genes in the angiogen-
esis-related pathway are upregulated in CD4 + T cells, CD8 + T
cells, and B cells in the TDLNs. This is important since
increased angiogenesis in TDLNs has been known for its asso-
ciation with poor outcome of breast cancer,” yet the under-
lying mechanism is still unresolved. Our findings suggest the
possibility of immune cell-mediated angiogenesis could be
involved in lymph-node metastasis. We also demonstrated
that the gene set of fatty acid metabolism was significantly
upregulated in CD4 + T cells, B cells, and FRCs in TDLNs.
Together with previous study showing that metabolic adaption
is required for tumor metastasis to lymph node,” our results
further indicate that, in addition to tumor cells per se, immune



cells (CD4 + T cells and B cells) and stromal cells (FRCs) could
be all involved in adapting the lymph node microenvironment
by switching their metabolism to fatty acid oxidation, to fuel
lymph node metastasis.

Third, we demonstrate the metabolic reprogramming of FRCs
in TDLN. Comparative transcriptional analysis revealed that
FRCs from inflamed lymph nodes showed upregulation of genes
encoding chemokines, acute-phase response mediators, and anti-
gen processing/presentation machinery.'” Similarly, transcrip-
tional profiling of FRCs from non-draining LNs and TDLNs
also demonstrated the alterations of chemokine/cytokine signal-
ing and immunological function in TDLNs.>* However, whether
intracellular metabolism of FRCs can be modulated during cancer
metastasis has not been addressed. Taking advantage of single-cell
analysis, we provide evidence that FRCs in TDLN exhibit higher
OXPHOS activity. This energetic adaption in FRCs may help to
generate suitable microenvironment for cancer cell survival and
expansion. While this study was undergoing, Majumder et al
demonstrated that helper T cell-produced interleukin-17
increased glucose uptake and expression of genes participating
in fatty acid oxidation and OXPHOS in the FRCs of LNs.”® Ours
and their data support the notion that cytokines secreted by
cancer cells and immune cells may orchestrate the metabolic
reprogramming in FRCs under different physiological or patho-
logical circumstances. In addition to immunological factors, other
mediators also affect the activation, remodeling and function of
FRCs. For example, growth factors like yes-associated protein
(YAP) have been shown to modulate the commitment and
maturation of FRCs.” Cell surface molecules like C-type lectin
CLEC-2 expressed by platelets or dendritic cells may control the
contractility and matrix deposition of FRCs.5*%! In addition,
pathogens may alter FRC function and proliferation by direct
cell-cell interaction or release of toxic mediators.”>*> Because
a relatively high proportion (53 out of 113) of genes encoding
proteins belonging to mitochondria respiratory chain complexes
was upregulated in FRCs of TDLNs in our study, we suggest that
inhibition of FRC mitochondrial metabolism may be an effective
approach to reduce LN metastasis of breast cancer. In fact, the
microenvironment of TDLNSs has been considered to be a rational
target for liposome-based cancer therapy.**

Collectively, our study characterizes gene reprogramming
in TDLNs during breast cancer metastasis at single-cell level
and reveals immune modulation and metabolic switch as key
alterations in TDLNs. Our findings warrant further mechan-
istic investigations to know the roles of each of component cells
during LN metastasis, as well as the possibility of controlling
tumor metastasis via inhibiting rational targets in the tumor
microenvironment.
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