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Abstract

Microenvironmental changes in the early metastatic niche may be exploited to identify therapeutic
targets to inhibit secondary tumor formation and improve disease outcomes. We dissected

the developing lung metastatic niche in a model of metastatic, triple-negative breast cancer

using single-cell RNA-sequencing. Lungs were extracted from mice at 7-, 14-, or 21 days

after tumor inoculation corresponding to the pre-metastatic, micro-metastatic, and metastatic
niche, respectively. The progression of the metastatic niche was marked by an increase in
neutrophil infiltration (5% of cells at day 0 to 81% of cells at day 21) and signaling pathways
corresponding to the hallmarks of cancer. Importantly, the pre-metastatic and early metastatic
niche were composed of immune cells with an anti-cancer phenotype not traditionally associated
with metastatic disease. As expected, the metastatic niche exhibited pro-cancer phenotypes. The
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transition from anti-cancer to pro-cancer phenotypes was directly associated with neutrophil
and monocyte behaviors at these time points. Predicted metabolic, transcription factor, and
receptor-ligand signaling suggested that changes in the neutrophils likely induced the transitions
in the other immune cells. Conditioned medium generated by cells extracted from the pre-
metastatic niche successfully inhibited tumor cell proliferation and migration in vitro and the

in vivo depletion of pre-metastatic neutrophils and monocytes worsened survival outcomes, thus
validating the anti-cancer phenotype of the developing niche. Genes associated with the early
anti-cancer response could act as biomarkers that could serve as targets for the treatment of
early metastatic disease. Such therapies have the potential to revolutionize clinical outcomes in
metastatic breast cancer.
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Introduction

As one in eight women are diagnosed with breast cancer in their lifetime, metastatic breast
cancer is a leading cause of death worldwide [1]. Metastasis, the colonization of tumor cells
at distal tissues, leads to the development of secondary tumors that compromise the function
of vital organs, such as the lungs, liver, and brain [2]. In many instances, cancer remains
undetected until the patient experiences physical symptoms associated with metastasis (e.g.,
respiratory distress, blurred vision) [3]. Current studies on metastatic cancer often focus on
late-stage disease; yet, recent advances offer new opportunities to identify disease at the
pre- or micro-metastatic stages [4—7]. An understanding of the local microenvironment may
be utilized to identify novel biomarkers and therapeutic targets that could inhibit secondary
tumor formation. Such treatments could be particularly effective in breast cancer, where
localized disease has a 99% 5 year survival rate that drops to a mere 27% in cases of
metastasis [1].

Research based on Stephen Paget’s “seed-and-soil” hypothesis has shown that specific distal
tissues are primed for the arrival of metastatic cells by tumor-secreted factors and tumor-
conditioned immune cells [8-10]. Specific cell types (e.g., myeloid derived suppressor cells
(MDSCs)), signaling molecules (e.g., SI00A8/9), and structural changes (e.g., extracellular
matrix (ECM) remodeling) have been identified that support this hypothesis and enable the
formation of the pre-metastatic niche [11]. While changes in cell populations at metastatic
sites are well established [12—14], the emergence of single-cell sequencing provides an
avenue to monitor the phenotypic evolution of cells as the tissue evolves from its initial
healthy state to a pre-metastatic niche, and ultimately to a mature metastatic niche with

a macroscopic tumor. Characterization of the microenvironment throughout this transition
establishes potential to facilitate early detection and subsequently improve the treatment of
metastatic disease.

Herein, we detail the temporal evolution of the lung metastatic niche in a mouse model of
metastatic, triple-negative breast cancer. The cell types and phenotypic progression at the
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lung from healthy to metastatic disease were analyzed using single-cell RNA-sequencing
[15, 16]. This technology has been applied extensively to investigate cancer cell clonal
evolution and stemness, chemotherapeutic response, and rare populations [17-19]. We have
utilized these methods to analyze the dynamic metastatic microenvironment. We illustrate
that cells in the pre-metastatic niche maintain an anti-cancer phenotype that transitions to
pro-metastatic as the disease progresses. Monocytes and neutrophils were identified as the
primary contributors to this phenotypic shift. These data were supported through gene and
protein expression, predicted signaling pathways, and functional assays. This interrogation
of the localized microenvironment at a metastatic niche can be employed to develop a
staging of metastatic disease, and identify novel therapeutic targets based on these stages.

Materials and methods

All materials and reagents were purchased from Thermo Fisher Scientific (Waltham, MA)
unless otherwise stated.

Animal models

All animal studies were conducted with approval from and in accordance with the University
of Michigan Institutional Animal Care and Use Committee guidelines and protocols.

Female BALB/c mice were purchased from Jackson Laboratory (Bar Harbor, ME). At

7-8 weeks old, mice received an orthotopic injection of 4T1-tdTomato-luc2 cells (Perkin
Elmer; Waltham, MA) (2 million cells/50 pl phosphate buffered saline (PBS)) in the fourth
right mammary fat pad [4, 20-22]. The 4T1 murine cell line is a reproducible model of
triple-negative breast cancer with spontaneous metastases to the lung and bone marrow [23].

For the Grl cell depletion studies, mice received 100 pg intraperitoneal injections (1 mg/ml
in PBS) of InVivoMab anti-Gr1 antibody (clone RB6-8C5; Bio X Cell; Lebanon, NH)
according to one of three different time courses: (1) days 1 and 3, (2) days 7 and 10, or (3)
days 14 and 17 [22]. Extent of CD45 + Grl + cell depletion was measured 24 h after the
second dose through flow cytometry with a ZE5 Cell Analyzer (Bio-Rad; Hercules, CA).
The body condition of the mice was monitored daily throughout the survival study and mice
were euthanized if tumor diameter > 2 cm, ulceration encompassed > 50% tumor surface
area, tumor interference caused partial paralysis, or the mouse was found moribund [21].

Tissue processing

Lungs were extracted from mice at 7-, 14-, or 21 days post-inoculation and from their
healthy counterparts (day 0). Samples from three diseased mice or two healthy mice were
pooled together at each time point to account for biological variability. Tissues were finely
diced with a scalpel and incubated in RPMI containing 0.2 U/ml Liberase TL (Roche;
Basel, Switzerland) and 150 U/ml DNase | (Sigma-Aldrich; St. Louis, MO) at 37 °C for

20 min [20, 22, 24]. The lungs were filtered through a 70 um mesh to create a single

cell suspension. Cells were washed with PBS containing 30% (w/v) bovine serum albumin
(BSA) and 0.5 M ethylenediaminetetraacetic acid (EDTA). Erythrocyte lysis was conducted
by sequential exposure to hypotonic (0.2% w/v) and hypertonic (1.6% w/v) solutions of
sodium hydroxide. Cells were washed twice before they were counted with the Countess™
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Automated Cell Counter. Cells were resuspended to a final concentration of 100,000 cells/ml
in 0.01% (w/v) BSA in PBS.

Library preparation and sequencing

Droplet generation oil, cells, and oligo-labeled beads (Chemgenes; Wilmington, MA) were
passed through a Drop-Seq device (FIowJEM; Toronto, CA) as described by Macosko, et al.
[25]. The device was allowed to flow for 10 min and the resulting cell-bead pairs (STAMPS)
were collected and the oil was removed. Approximately 1000 STAMPSs underwent reverse
transcription, Exonuclease | treatment, and universal PCR. cDNA concentrations and quality
were measured with a Bioanalyzer DNA high sensitivity chip (Agilent Technologies; Santa
Clara, CA). Tagmentation of the cDNA was conducted with Tn5 transposase as described
by Picelli et al. [26]. Samples were then loading into lllumina HiSeq sequencers and
approximately 30,000 reads/cell were generated with asymmetric reads.

Post—processing and analysis

The Drop-Seq pipeline (v1.2) was used to map raw Illumina reads to the mouse genome
(mm10), determine cell barcodes and gene counts, and create the digital gene expression
(DGE) file [25]. DGE files were inputted into Seurat v2 designed by the Satija research
group for cell type identification and analysis [27, 28]. Sequencing data from the healthy
controls from each time point were combined to establish a single healthy control (day

0) (Fig. S1). A single Seurat object was compiled that included all samples. Cells were
classified as having 200 to 5000 RNA fragments and less than 25% percent mitochondrial
genes. One cluster of dead cells remained in the resulting object and was removed
computationally. At least 1000 cells from each time point were included in the final object.

Gene set enrichment analysis (GSEA)

Differentially expressed genes were converted to their human orthologs using biomaRt
[29]. Pre-ranked gene lists were assembled for significant genes (adjusted p-value < 0.05)
using the fold change between conditions as the ranking variable. The corresponding
human gene sets underwent GSEA using a pre-ranked gene list to identify significantly
enriched pathways [30]. Gene sets were sampled from the hallmark, BIOCARTA, KEGG,
REACTOME, PID, and gene ontology (GO) databases obtained from the Molecular
Signatures Database (MSigDB) collections [30].

Temporal changes in gene expression and pseudotime

Time dependency of gene expression and pseudotime calculations were conducted using
Monocle3 established by the Trapnell lab [31]. Seurat objects were converted to Monocle3
objects using the established vignette. Changes in gene expression were analyzed with
regression models over real time. Genes were considered to significantly change over

time when g < 0.05. The pseudotime roots were automatically identified, and they closely
matched the true roots at day 0. Pseudotime values for each cell were compared to the true
time points and cell subsets to assess correlation. Cells that were excluded from the analysis
had reported pseudotimes of infinity.
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Metabolic activity analysis

We performed data imputation on the filtered sequencing matrix using Markov Affinity-
based Graph Imputation of Cells (MAGIC) to increase the amount of information [32].
The MAGIC-imputed gene expression matrix was normalized using a robust version of
the Z-score method [33], where MAD = median absolute deviation (Eq. 1). Gene-wise
two-tailed P-values were computed for each cell using the Z-score, with a = 0.05.

Xij— mea’ian(Xj)
1.4826 - MAD(Xj)

robust Z; j= 1)

Up- and down-regulated metabolic genes intersecting with the IHUMAN metabolic
reconstruction [34] were used in Flux Balance Analysis [35]. A modified version of

the iIMAT algorithm (CFR() in MATLAB) [36] was used to maximize the corresponding
metabolic flux, while the probabilistic regulation of metabolism (PROM) down-regulation
constraint minimized reaction flux [37]. Parsimonious Flux Balance Analysis was used

to assume efficient allocation of metabolic resources and to obtain unique metabolic flux
distributions [38]. The fold-change for metabolic flux was computed by taking the value
from all cells relative to the mean metabolic flux at the previous time point.

Transcription factor regulatory analysis

Activity of the most variable transcription factors in the monocytes and neutrophils was
determined using the DoRothEA (v1.2.1) algorithm for single-cell RNA-sequencing [39—
41]. Mouse regulons (grades A-C) were obtained from the DoRothEA R package and
Virtual Inference of Protein-activity by Enriched Regulon analysis (VIPER) scores were
computed. We extracted the 50 most variable transcription factors over time. The predicted
transcription factors were compared to their corresponding gene expression, and those with
low real expression (normalized expression < 0.5) were removed from analysis.

Receptor-ligand interactions

Time-dependent neutrophil- and monocyte-specific ligands were determined using NicheNet
(v1.0) [42]. Monocytes and neutrophils were used as the “sender” cell types (ligands),

while all immune cells were deemed “receivers” (targets). Ligands that were differentially
expressed in neutrophils or monocytes relative to the general population were considered
cell-specific and used for further analyses. All genes were then converted to their human
orthologs [29]. Scores for receptor-ligand pairs were calculated using CellPhoneDB with the
following parameters: counts data type = hgnc_symbol, ratio of cells in a cluster expressing
a gene = 0.1, p-value = 0.05, precision = 3, and number of statistical iterations = 10 [43].
Interaction scores refer to the product of the mean expression of the receptor gene in one cell
type and the mean expression of the ligand gene in the other cell type.

Antibody staining

Neutrophil and monocyte phenotypes were validated through immunofluorescence staining
[44]. Upon collection, tissues were flash frozen in isopentane and embedded in optimal
cutting temperature compound prior to sectioning. Samples were subsequently fixed with
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4% (w/v) paraformaldehyde and permeabilized with 0.1% (v/v) Triton-X, with three

5 min PBS washes after each step. The tissues were blocked with 10% (v/v) normal

donkey serum (Sigma-Aldrich) in 0.02% (v/v) Tween-20 (Sigma-Aldrich) for 1 h at room
temperature, protected from light. Samples were incubated overnight at 4 °C with the
primary antibodies in 1% (v/v) donkey serum in 0.02% (v/v) Tween-20. Antibodies for

the following proteins were used: Ly6G (1:100, BV421-conjugated; Biolegend; San Diego,
CA), IL1B (1:200, AF647-conjugated; Novus Biologicals; Littleton, CO), MMP9 (1:200,
Cy3-conjugated; Bioss Antibodies; Woburn, MA), CCL6 (1:200, FITC-conjugated; R&D
Systems; Minneapolis, MN), CSTA (1:100, AF594-conjugated; Bioss Antibodies), S100A8
(1:200, Cy5-conjugated; Bioss Antibodies), Ly6C (1:100, BV421-conjugated; Biolegend),
CHI3L3 (1:100, goat, unconjugated; R&D Systems), Collagen | (1:100, AF594-conjugated;
Novus Biologicals), and Fibronectin (1:100, FITC-conjugated; Novus Biologicals). The
following day, samples containing the CHI3L3 antibody were washed, and incubated with
a secondary antibody (1:400, donkey anti-goat, AF647-conjugated; Abcam; Cambridge,
UK) for 2 h at room temperature for detection of CHI3L3. After a final washing step,

glass coverslips were mounted with Fluoromount and sealed with nail polish. Imaging was
conducted on a Zeiss Axio Observer.Z1 inverted microscope and analyzed with the Zen
software package (Zeiss; Oberkochen, Germany).

Generation of conditioned medium

Lungs were extracted from three mice at each stage of disease (days 0, 7, 14, and 21)

and processed as described above. After erythrocyte lysis, cells were resuspended in phenol
red-free RPMI at a concentration of 5 million cells/ml. Cells were cultured for 24 h before
the medium and cells were collected and centrifuged at 12,000xg for 5 min. The supernatant
was sterile filtered and stored at — 80 °C until use. Protein concentrations of the conditioned
medium were determined using a BCA assay and samples were diluted to 300 pg/ml with
phenol red-free RPMI.

Scratch assay

4T1 tumor cells were seeded in flat-bottomed 96-well plates at a concentration of 10,000
cells/well and allowed to proliferate until confluence. A 100 pl pipette tip was used to
create a scratch down the center of each well [24]. Wells were washed with PBS to remove
any non-adherent cells. The wells were replenished with 50% tumor cell medium (RPMI
with 10% fetal bovine serum) and 50% conditioned medium [20]. Cells were imaged
immediately with a Zeiss Axio Observer.Z1 inverted microscope with two images/well. The
locations of the images were stored and re-imaged after 5 h and 24 h. The reduction in area
of the scratch was calculated using the ImageJ software.

Tumor cell proliferation assay

4T1-tdTomato-luc2 tumor cells were seeded in flat-bottomed 96-well plates at a
concentration of 7500 cells/well in phenol red-free RPMI with 10% fetal bovine serum.
A standard curve was established using 4T1 cells in a serial dilution with a maximum
concentration of 200,000 cells/well. Conditioned media was added to the cells (50% total
volume) with phenol red-free RPMI added to the controls and standard curve. Changes in
cell proliferation were determined by reading the 96-well plate in a Biotek Synergy H1
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Microplate Reader (Winooski, VT) for tdTomato fluorescence (Exssa/Emsgy) att =0, 24,
48, and 72 h [20]. Cell concentrations were calculated by comparing fluorescent intensity to
the standard curve att =0 h.

T cell proliferation assay

T cells were collected from the spleens of healthy, female BALB/c mice. The spleens were
mechanically processed to a single-cell suspension, the erythrocytes were lysed, and T cells
were isolated with the Pan T Cell Isolation Kit Il (Miltenyi Biotec; Bergisch Gladbach,
Germany). The T cell population was stained with the CellTrace Far Red Cell Proliferation
Kit. Stained T cells were seeded in a round-bottom 96-well plate at a density of 150,000
cells/well. The positive controls and samples were treated with Dynabeads™ Mouse
T-Activator CD3/CD28 for T-Cell Expansion and Activation (20 pl/ml) and anti-mouse
CD28 antibody (3 pg/ml; Biolegend) [45, 46]. The negative and positive controls were
supplemented with 50% RPMI while the samples were supplemented with 50% conditioned
medium. Cultures were incubated at 37 °C for 72 h. At the end of the culture, the 96-well
plate was placed directly in a ZE5 Cell Analyzer. T cell proliferation was assessed by the
fluorescent intensity of eFlour 660 (Exgz3/Emggg) using FlowJo software (BD; Franklin
Lakes, NJ).

Lentivirus production

Third-generation lentivirus was produced by co-transfecting lentiviral packaging vectors
(pMDL-GagPol, pRSV-Rev, plVS-VSV-G) and lentiviral vectors using JetPrime (Polyplus;
Strasbourg, France) into HEK-293 T cells [47]. Viral supernatant was collected after 48 h in
culture, concentrated using PEG-it (Systems Biosciences; Palo Alto, CA), re-suspended in
PBS, and stored at — 80 °C until use.

Ex vivo bioluminescence imaging

TRanscriptional activity cell arrays (TRACER) was used to monitor activity of transcription
factors in the tumor cells in response to conditioned medium [47, 48]. Unlabeled 4T1
tumor cells were seeded in a black 384-well plate at 10,000 cells/well with activity reporter
lentivirus for IRF1, NFxB, or SP1. Cells were exposed to d-luciferin after 24 h of culture.
After an additional 24 h, cells were exposed to conditioned medium (50% total volume)
and re-exposed to d-luciferin. The activities of the transcription factors were monitored with
luciferase readings on an IVIS Spectrum (Perkin Elmer) at 0, 2, 4, 6, and 8 h after the
addition of conditioned medium. The luciferase values were internally normalized to t =0

h and then further normalized to the day O conditioned medium-treated samples to calculate
the relative changes in transcription factor activity.

Metastatic burden was measured through luciferase on an 1VIS Spectrum. Briefly, lungs
were explanted 21 days post-tumor inoculation and incubated in 50 pM d-luciferin for 10
min. Imaging was conducted with large binning and automatic exposure to determine the
integrated light flux (photons/s).
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Statistical analysis

Results

Differential gene expression was determined using default Seurat settings with the Wilcoxon
rank-sum test. Significance of signaling pathways was output from the GSEA software. The
p-values of pathway scores were determined with Student’s t-tests using the Bonferroni
multiple hypothesis correction (a = 0.01). Significance between samples for functional
assays was conducted using ANOVA with the Tukey multiple comparison test. In vitro
experiments were conducted with 7= 3 biological replicates and 7= 3 technical replicates.
All figures show mean = SEM with a = 0.05, unless otherwise stated.

Dynamics of lung cell populations in metastatic progression

Lungs were explanted from mice in an orthotopic, syngeneic model of triple-negative
metastatic breast cancer (4T1) at 7, 14, or 21 days post-inoculation (Fig. 1a), which correlate
to the pre-metastatic, early metastatic (micro-metastatic), and metastatic niche, respectively
[4, 21]. Controls, denoted as “day 0”, were obtained from the lungs of healthy mice.
Single-cell RNA sequencing was used to investigate temporal dynamics in cell populations
and their respective phenotypes. We identified 13 major cell types in the lungs (Figs. 1b,
S2). Although we did not identify tumor cells in our data, 4T1-tdTomato-luc2 cells could

be detected by imaging in the day 14 and day 21 lungs (Fig. S2). Therefore, the low
number of tumor cells were likely contained within other cell clusters. Healthy lungs were
predominantly composed of B Cells, T Cells, and alveolar macrophages (19.3%, 14.3%,
and 16.0% of all cells, respectively). Macrophages, neutrophils, natural killer (NK) cells,
pneumocytes (alveolar type I and type 1l cells) and stromal cells (primarily fibroblasts) each
comprised around 5% of the lung composition.

After seven days, neutrophil density increased 6.6-fold relative to healthy mice. By day 21,
neutrophils (and immature granulocytes) comprised 81.7% of all cells in the lung, consistent
with previous reports [49]. The increase in these cells over time corresponded with
concordant decreases in the other cell types (Fig. 1b, ¢). Throughout early-stage disease (day
0 to day 14), the concentration of B cells, dendritic cells, NK cells, and T cells decreased
proportionally to the increases in neutrophils, while monocyte concentrations remained
relatively constant (12.4-16.7%). Other cell types, including macrophages, hematopoietic
stem cells (HSCs), and stromal cells, greatly decreased at day 7, indicating that these

cells were highly sensitive to the onset of cancer. The progression of cell types in disease
evolution was visualized with t-distributed stochastic neighbor embedding (tSNE) plots (Fig.
1d), primarily defined by an immediate and persistent influx of neutrophils.

The early lung metastatic niche is marked by increases in anti—-cancer immune signaling

Overall gene expression was tracked over time to identify phenotypic and signaling
transitions in the lung. Regression analysis identified over 2000 genes that significantly
changed (g < 0.05) throughout disease progression (Table S1). Top 50 genes that increased
over time include S100a6, S100a8, S100a9, Cxcr2, Ifitm1, and Mmpé8 (Fig. 2a), which
correlated to pathways associated with the inflammatory response, including NK cell
activation and T cell differentiation (Table S2). These genes were primarily associated with
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neutrophils and, to a lesser extent, early granulocytes and monocytes (Fig. S3). Genes that
decreased with time correlated to pathways involved in protein and ribosome localization as
well as antigen presentation (Table S3).

Gene expression was linked to established hallmarks of cancer [50] by averaging the
expression in select MSigDB pathways to calculate corresponding scores for inflammation
(Fig. 2b), ECM remodeling (Fig. 2¢), hypoxia (Fig. S4), angiogenesis (Fig. S4), genome
instability (PARP signaling; Fig. S4), and glycolysis (Fig. S4). Inflammation, hypoxia,
and glycolysis scores all increased over time. Specifically, the median inflammation score
doubled from day 0 to day 7, consistent with the neutrophil influx between these times,
and increased an additional 28% between days 7 and 21. Importantly, this gene set includes
both pro- and anti-inflammatory genes, therefore this score reflects the deviation from
healthy tissue. Neither genome instability nor matrix remodeling were impacted by early
onset disease, yet both scores increased 60-73% from day 7 to day 21. The score for
angiogenesis was relatively unaffected by disease progression. These data are consistent
with the continued activation of each of these hallmarks of cancer, except angiogenesis, at
the metastatic niche.

We identified differentially expressed signaling pathways between each time point

(day 0 vs. day 7, day 7 vs. day 14, day 14 vs. day 21) to investigate

unsupervised lung phenotypic changes (Table S4). In addition to the increased

expression of the cancer-related gene sets, progression of disease was also marked by
continual down-regulation of GO_HEMATOPOIETIC_STEM_CELL_DIFFERENTIATION
and KEGG_ANTIGEN_PROCESSING_AND_PRESENTATION (Fig.

2d). GO_CELL_KILLING, GO_WOUND_HEALING, and
GO_RESPONSE_TO_REACTIVE_OXYGEN_SPECIES were up-regulated at days

7 and 14 but down-regulated at day 21—suggesting early anti-cancer

responses. Late-stage immune dysregulation was observed through the

down-regulation of GO_REGULATION_OF ADAPTIVE_IMMUNE_RESPONSE,
GO_MYELOID_CELL_HOMEOSTASIS, and REACTOME_INTERFERON_SIGNALING
at day 21. The HALLMARK_EPITHELIAL_MESENCHYMAL_TRANSITION gene set
was down-regulated at day 7 but up-regulated at days 14 and 21, consistent with tumor cell
arrival [4, 21, 22]. These data suggest that the pre- and early metastatic niche may be defined
by a pro-inflammatory, anti-cancer microenvironment that transitions to the widely reported
pro-cancer environment of the metastatic niche.

The functional impact of this dynamic microenvironment was assessed by treating 4T1
tumor cells with conditioned medium from a 24 h culture of lung cells collected at each
time point. Using a scratch assay to investigate cell migration (Fig. 2e), the closure of cells
exposed to day 7- and day 14-conditioned medium was slightly less than the RPMI controls
five hours after the initial scratch. The closure of cells exposed to day 21-conditioned
medium was 32% and 43% higher than the day 7- and day 14-conditioned (p < 0.05)
samples, respectively. Twenty-four hours after the initial scratch, the areas of the day 0-, day
14-, and day 21-conditioned samples were essentially identical, while the day 7-conditioned
samples exhibited 50% less closure (p < 0.05) than the other samples. In the proliferation
assay (Fig. 2f), after 48 h, day 21-conditioned samples proliferated 5.2-fold while all
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other samples only increased 3.3—-3.5-fold. At 72 h, tumor cells proliferated 7.6-fold (day
0), 5.7-fold (day 7), 8.3-fold (day 14), and 10.0-fold (day 21). These findings validate
the anti-cancer role of the day 7 microenvironment, the transitional role of the day 14
microenvironment, and pro-cancer role of the day 21 microenvironment.

The immune cells that contribute to inflammatory changes at the lung were identified by
comparing gene expression at days 0 (healthy mice) and 21 within each cell type (Fig.

S5). For the monocytes, 20 genes were differentially expressed between the two time points
with p< 0.05 and a fold change greater than 2.0. Neutrophils had 87 genes with similar
characteristics and 22 genes were identified for both the B cells and T cells. The other
immune cell populations had a maximum of four genes that met these criteria. Subsequent
analyses were conducted on monocytes and neutrophils due to their more substantial
numbers, greater changes in gene expression, and higher expression of genes that relate

to overall phenotypic shifts in the lung.

Tumor—associated monocytes arrive at day 21 and contribute to ECM remodeling

Five monocyte phenotypes were identified in the lung—classical monocytes, MHCII +
monocytes (antigen presenting), non-classical monocytes, monocyte precursors, and Chi3/3
+ classical monocytes (Fig. 3a, b). Between days 0 and 14, MHCII +, non-classical,

and precursor monocytes decreased 23%, 70%, and 80%, respectively. Over this same

time frame, classical monocytes increased over threefold. Chi3/3 + classical monocytes
comprised 36% of the day 21 population but were virtually undetected at earlier time points
indicating that this population correlated to tumor-associated monocytes. These phenotypic
shifts were marked by concomitant decreases in monocyte heterogeneity (Fig. 3c).

Normalized expression of 5100a8/a9, known indicators of metastasis [21, 51], in monocytes
steadily increased from day 0 to day 14 (Fig. 3d). On day 21, expression of these genes

in Chi3/3+ classical monocytes was 3.5-fold higher than the classical monocytes and
6.0-fold higher than any other subset (Fig. 3e). These findings support the pro-cancer role
of Chi3/3+ classical monocytes at day 21. Increases in such genes as 7gfbi, Sell, Len2,

and S100a4, resulted in the enrichment of the GO_EXTRACELLULAR_MATRIX pathway
(among other ECM-related pathways) in the monocytes at day 21 (normalized enrichment
score (NES) = 3.17) (Fig. S6). At day 7 and day 14 NES values were — 2.46 (p < 0.001;
down-regulation) and 1.18 (p = 0.26), respectively. The non-classical phenotype of early
monocytes and the down-regulation of ECM pathways suggests that these cells do not
support the foundations for a metastatic niche. Furthermore, lineage tracing of the monocyte
pseudotime trajectory paralleled the real time disease (Fig. 3f), suggesting that late-stage
monocytes were, at least in part, a result of phenotypic shifts in the localized monocytes.
When the pseudotime analysis was conducted on the monocyte clusters, it was evident

that monocytes transition from non-classical to classical to Chi3/3+ classical as disease
progresses.

The connection between monocytes and ECM proteins in the microenvironment was

visualized by immunofluorescence staining. We identified relatively constant levels of
fibronectin and collagen I in the lung throughout metastatic progression (Figs. 3g, S7).
However, in the areas immediately surrounding (within 50 um) the CHI3L3 + classical
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monocytes (white arrows), significant changes were seen in ECM (Fig. S7). Specifically, the
variance of fibronectin and collagen I greatly decreased in this region relative to the rest of
the lung. The differences in variance correlated to changes in protein conformation near the
monocytes. Combined, these data support the hypothesis that the tumor associated, Chi3/3 +
classical monocytes contribute to ECM remodeling in metastasis.

Neutrophils in early metastatic disease exhibit anti—-cancer phenotypes

Four major neutrophil phenotypes were identified in the lung (Fig. 4a, b). Tumor-associated
neutrophils were identified through their expression of Mmp8&[52]. Mmp9was used to
identify pro-cancer neutrophils [53] with Ltfexpression delineating immature MDSCs
[54]. The anti-cancer neutrophils, which were Mmpd-, were concordantly positive for //15.
Neutrophils in the healthy lung (day 0) were 87.4% //16+ mature, while an additional
11.0% clustered with the //16 + anti-cancer phenotype, indicating that these cells do not
inherently support metastatic niche formation. On days 7 and 14, only 20.2% and 32.0% of
the neutrophils were classified as either Mmp9+ Lt£ pro-cancer or Mmp9+ Lif+ MDSCs,
respectively. Mmp9+ Ltf+ MDSCs comprised no more than 2.0% of the day 7 and day

14 populations. In contrast, 37.3% and 27.1% of neutrophils on day 21 were Mmp9+ LtF
pro-cancer neutrophils and Mmp9+ Ltf+ MDSCs, respectively. These data suggest that
early neutrophils in metastases may act to combat tumor cell colonization.

Notably, overall expression of 5100a8/a9increased approximately sixfold from day 0 to
day 7 and a further 2.5-fold between days 7 and 21 (Fig. 2a). Interestingly, the normalized
expression of these genes in the neutrophils was unchanged over time (Fig. S8). Rather,
these data suggest that neutrophil contributions to the S100a8/a9increase were due to the
increased number of cells and independent of phenotypic changes. The protein expression
of S100A8 scaled with Ly6G over time (Fig. 4c, d), inferring that this trend is maintained
throughout translation.

Markers expressed across the continuum of neutrophil phenotypes and disease stages could
provide an avenue to isolate and investigate these early cells. For example, Wfdc17was
widely expressed in all tumor-associated neutrophil populations, but poorly expressed in
healthy, mature neutrophils. Furthermore, /fitm1 and Stfa2 steadily increased throughout
disease progression, validated by increased CSTA (Stfa2) protein expression (Figs. 4d,

S8). Average Wifdc17, Ifitm1, and StfaZ expression in the neutrophils was 20-, 40- and
151-fold higher than the average of the other cell types, respectively, indicating strong
neutrophil-specificity. Cc/6and //1b, although not considered neutrophil-specific, could
also be used to monitor neutrophil phenotype (Fig. S8). Gene expression of Cc/6, a pro-
metastatic chemokine [55], decreased between day 0 (healthy) and day 14, but increased

at day 21. //7bwas highly expressed at days 0 and 7, but markedly decreased at days 14
and 21. Although IL-1 B is often considered pro-tumorigenic, neutrophil-specific IL-1
can have anti-tumorigenic effects [56]. IL-1 B protein expression was over twofold lower
at day 21 relative to the other time points (Figs. 4d, S8), which coincides with the pro-
cancer phenotype of neutrophils in late-stage disease. In contrast, MMP9 protein expression
increased over time, further corroborating the transition towards pro-cancer. These trends

Clin Exp Metastasis. Author manuscript; available in PMC 2022 December 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Orbach et al.

Page 12

support the hypothesis that neutrophils maintain an anti-cancer phenotype (day 7) at early
time points, which transitions (day 14) to pro-cancer (day 21) as disease progresses.

The functional role of neutrophils was investigated by GSEA analysis of the

neutrophils at each time point (Fig. 4e). GO_T_CELL_ACTIVATION was significantly
up-regulated at days 7 and 14. HALLMARK_INTERFERON_GAMMA_RESPONSE,
HALLMARK_INFLAMMATORY_RESPONSE, and
GO_POSITIVE_REGULATION_OF _CYTOKINE_PRODUCTION steadily decreased
from day 7 to day 21. As each of these pathways are associated with pro-inflammatory,
anti-cancer responses, these data are consistent with an anti-cancer neutrophil phenotype
at day 7. Furthermore, at day 21, T cell activation, cytokine production, and interferon
gamma signaling in the neutrophils were down-regulated, consistent with the predicted
strong pro-metastatic phenotype at this late time point.

The pseudotime trajectory of the neutrophils successfully matched real-time disease
progression between days 0 and 14 (Fig. 4f). Pseudotime scores increased 1.6-fold from
day 0 to day 7 and 2.1-fold from day 7 to day 14 (p < 0.0001 for both), suggesting that
neutrophils maintain a consistent lineage at the pre-metastatic site. However, 99.8% of

day 21 neutrophils clustered separately from the other neutrophils and were classified as
infinite by Monocle3, meaning they could not be connected to the predicted origin. Only
1.5% of neutrophils from days 0 to 14 were part of the infinite cluster. Comparison of the
pseudotime analysis with neutrophil clusters demonstrates that a significant portion of each
of the tumor-associated neutrophils are a result of recruitment (infinite pseudotime values)
rather than differentiation (Fig. S9).

Neutrophil and monocyte signaling regulates metastatic progression

Neutrophil and monocyte signaling was assessed through changes in cell-specific
transcription factor and ligand activity, intracellular metabolic pathways, and receptor-ligand
signaling with other cell types. Of the 15 transcription factors predicted to be most variable
in neutrophils, seven were up-regulated at day 0 through day 14, while the other 8 were
up-regulated at day 21 (Fig. 5a). Irf9, Atf4, Cebpb, Statl, and Stat3 activity were predicted
to peak at day 7. The JAK-STAT signaling pathway (Statl and Stat3) is known to induce
interferon signaling (1rf9), which has strong anti-cancer effects [57]. In contrast, JunD,
Jun, and Fos, which increased at day 21, are members of the activator protein-1 (AP-1)
that supports tumor progression [58]. In the monocytes, 15 of 18 transcription factors

were up-regulated at days 7 and 14 (Fig. S10a). Similar to neutrophils, Stat1, Stat3,

Irf1, and Irf9 activity in the monocytes was up-regulated at days 7 and 14 suggesting
anti-cancer functions. Oncogenes Sp1, Nfe2l2, and Nfic [59-61] were up-regulated in day
21 monocytes, consistent with pro-tumor signaling and disease progression.

The impact of the transcriptomic changes on neutrophil and monocyte functional phenotype
was also investigated through the prediction of trends in metabolic activity. In neutrophils,
nine metabolic reactions were differentially active between consecutive time points,

which were primarily related to the TCA cycle and purine metabolism (Table S5).
Specifically, we observed a metabolic shift from adenosine metabolism (day 7) to inosine
metabolism (day 21) (Figs. 5b, ¢, S11). Neutrophils use adenosine to promote neutrophil
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chemotaxis, phagocytosis, cytotoxicity, and pro-inflammatory effector functions [62].
Extracellular inosine inhibits the secretion of pro-inflammatory cytokines required for
normal immunological responses by surrounding lymphocytes [63]. No metabolic reactions
were predicted to be differentially active in the monocytes between any two time points.

We next looked at receptor-ligand interactions to identify changes in neutrophil and
monocyte signaling that could impact other immune cells. Twelve neutrophil-specific
ligands significantly changed between consecutive time points (Figs. 5d, S12). Early
neutrophils, from days 0 and 7, were enriched for selectins and members of the IL-1 family,
consistent with a pro-inflammatory response. AnxaZ, which peaks at day 14, has both pro-
and anti-inflammatory responses, dependent on its role in the innate or adaptive immune
system, respectively [64]. Alox5ap expression, involved in carcinogenesis in multiple types
of cancer [65], is highest at day 21. These trends in ligand expression are consistent with the
phenotypic shift in neutrophils from anti-cancer to pro-cancer. Neutrophil-specific ligands
interacted with their respective receptors on nearly all the immune cell populations showing
the widespread potential of neutrophil signaling (Fig. 5e). When an identical analysis was
completed on the monocytes, only three ligands were detected (Ceacam1, Tgfb1, Trf (Fig.
S10b, c¢). The interaction score between 7gfb1 and Tgfbrl was low (< 4) and relatively
independent of time. Combined, these results suggest that although both neutrophils and
monocytes are key factors in the phenotypic shift at the metastatic niche, neutrophils are
likely the predominant driver of the signaling changes.

The role of phenotypic changes in cell signaling was validated by conditioned medium
assays on T cells and tumor cells. First, pan T cells were exposed to conditioned medium,
and proliferation was monitored over 72 h (Figs. 5f, S13). Day 7- and day 14-conditioned
medium induced significant (p < 0.05) decreases in T cell proliferation relative to day 0,
consistent with reports identifying decreases in proliferative T cells in patients responsive to
immune checkpoint therapy (an enhanced anti-cancer microenvironment) [66]. Proliferation
rates of day 0- and day 21-treated cells only varied by approximately 7%. The similar
proliferation rates of the healthy and late-stage disease samples could correlate with
decreased immunosurveillance of tumor cells in metastatic cancer. Second, the activities

of cancer-associated transcription factors in the tumor cells were monitored in response to
conditioned medium (Fig. 5g). Day 7 secreted factors induced increased activity of IRF1
and NFxB in the tumor cells relative to the other conditions. IRF1 is a known tumor
suppressor in breast cancer [67]. NFxB is a key player in inflammatory responses associated
with cancer [68] and could be induced by the highly pro-inflammatory behavior of the

day 7 metastatic niche. The oncogenic transcription factor, SP1 [59], was significantly
up-regulated in the day 14- and day 21-treated samples relative to day 0. These data indicate
that changes in secreted proteins in the microenvironment, likely induced by the neutrophils,
dynamically influence T cell and tumor cell signaling.

The early anti-cancer phenotypes were further validated through the depletion of Grl +
(Ly6G + /Ly6C +; neutrophils and monocytes, respectively) cells in vivo. Mice were treated
with two doses of an anti-Grl antibody according to three different schedules: days 1

and 3 post-inoculation (D1-3), days 7 and 10 post-inoculation (D7-10), and days 14 and
17 post-inoculation (D14-17). The anti-Gr1 antibody successfully depleted Grl + cells,
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measured one day after the second dose (Fig. 5h). A single dose of the anti-Gr1 antibody has
been reported to deplete systemic neutrophils for up to 5 days in mice [69, 70]. Therefore,
the D1-3 mice were likely depleted of Grl + cells throughout the pre-metastatic stage and
D7-10 mice were likely depleted of Grl + cells throughout the early metastatic stage. When
treated on D14-17, all mice died within the first 24 h due to the excessive humber of Grl

+ cells in the body at this time point (n7= 8). Survival of the mice treated at D7-10 was
comparable to the saline control, whereas those treated at D1-3 exhibited decreased survival
relative to D7-10 (p < 0.05 relative to D7-10, p = 0.0788 relative to saline) (Fig. 5i).
Similarly, mice treated with anti-Grl at D1-3 exhibited an increased metastatic burden as
measured through luminescent flux (Fig. 5j). In summary, these data prove early Grl + cells
(neutrophils and monocytes) induce an anti-cancer response in the lung pre-metastatic niche,
that begin to transition towards a pro-cancer phenotype after day 7.

Discussion

Using a mouse model of triple-negative metastatic breast cancer, we dissected the dynamics
of cell types and phenotypes within the lung using single-cell RNA-sequencing along the
transition from a healthy lung and into multiple stages of metastatic disease (pre-metastatic,
micro-metastatic, and metastatic). These changes have potential as biomarkers for disease
progression that could indicate the development of the metastatic niche, prior to the
formation of overt tumors, and facilitate early detection. Given the dynamic changes in

cell types and phenotypes, personalized therapies could be designed to target the disease
processes associated with the stages of metastatic disease. While metastases are currently
primarily detected at an advanced stage, emerging technologies, with the potential for
earlier detection, highlight clinical opportunities for understanding underlying mechanisms
of metastatic progression [6].

We found that the evolution of the lung from healthy tissue to advanced metastatic disease
is marked by a gradual transition from anti-cancer phenotypes to pro-cancer phenotypes.
This transition was initially predicted in the lung through changes in signaling pathways
that indicated a pro-inflammatory microenvironment at the pre-metastatic niche with the
development of immune dysregulation in late-stage metastatic disease (Fig. 2). Progressing
metastatic disease was also marked by decreases in dendritic cells in the lung (22-fold
decrease from day 0O to day 21) and concordant decreases in signaling pathways associated
with dendritic cell activity and antigen presentation. This data is consistent with other
reports that identify a potent anti-cancer role of conventional dendritic cells in metastasis
[71, 72]. The phenotypic shifts in the lung were validated through functional assessment of
tumor cells and T cells in response to signaling cues from each microenvironment (Figs.

2, 5). This range of anti-cancer to pro-cancer phenotypes has been previously reported

at primary tumors [73, 74], particularly within anti-cancer neutrophils, monocytes, and
macrophages. The report herein describes the dynamics of anti-cancer phenotypes for
neutrophils and monocytes at metastatic sites and throughout disease progression.

At the primary tumor, monocytes and macrophages promote collagen degradation, ECM
remodeling, and tumor growth [75, 76] which are critical to tumor progression. Within the
lung metastatic niche, these phenotypes were only observed at day 21. Classical and non-
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classical monocytes comprise approximately 80% of monocytes in the pre-metastatic niche
(day 7), with classical monocytes expanding in abundance by day 14 and non-classical, anti-
cancer, monocytes decreasing in abundance. At day 21, the presence of Chi3/3+ classical
monocytes at day 21 correlates with increased expression of chitinase 3-like proteins in
human tumor-associated macrophages [77]. Monocyte-induced ECM remodeling, as seen

in these cells, has been reported in metastatic lung cancer [78]. However, investigations

into ECM remodeling in the lung as a metastatic site have been primarily focused on
fibroblasts and resident macrophages [11, 79, 80], suggesting a potentially novel role of
ECM degradation by tumorassociated monocytes.

These studies support a dual role of neutrophils in metastatic progression. While this
phenomenon has been identified at the primary tumor, metastatic lesions are consistently
reported as pro-cancer [45, 46, 81-83]. Some studies even identify pro-cancer neutrophils
in the pre-metastatic niche, although these experimental designs correlate with our day 14
time point of micro-metastases [46, 82]. In our study, neutrophils had the greatest change
in abundance and phenotypes, which were strongly associated with the transition from an
anti-cancer to pro-cancer microenvironment. Therefore, neutrophils were implicated as the
cell type primarily responsible for progression in cell signaling. Neutrophils, specifically
MDSCs, are known to suppress the proliferation of cytotoxic CD8 + T cells in vivo

[45, 46]. We identified inhibited proliferation only at day 7 using T cells derived from a
healthy spleen, where approximately 70% of T cells have a CD4 + phenotype [84]. This
phenomenon is consistent with the up-regulation of interferon signaling at day 7 (Figs. 2d,
4e, and 5g), which can induce apoptosis and inhibit T cell proliferation in naive CD4 + and
Th2 T cells, in part by inhibiting CD28 activation [85-89].

The changes in neutrophil ligand expression and transcription factor activity, which correlate
to the local niche microenvironment, could act as indicators of staging in metastatic disease.
Signaling genes that could serve as potential markers (up-regulated in the pre-metastatic
niche but down-regulated upon the progression of disease) include Stat1, Stat3, Irf9, 1/1b,
and Selplg. Increases in //1b gene expression were paralleled by intracellular (Figs. 4d and
S8) and extracellular (Fig. S14) IL-1p expression, demonstrating the clinical value of such
markers for early detection of metastasis. IL-1p is known to have a dual role in cancer, but
is more often considered to support metastatic development [90]. Our analysis indicates that
1116 denoted an anti-cancer phenotype in our system. These inconsistencies could be a result
of translation or protein activation that would not be detected in the single-cell data.

Clinical efforts towards identification of early metastatic events have primarily focused on
the identification of prognostic serum markers [6]. Extensive research has been conducted
into the potential of circulating cell-free tumor DNA, circulating tumor cells, immune cell
ratios, and gene signatures to predict metastasis prior to the formation of macroscopic
lesions [6]. For example, neutrophil and MDSC infiltration is widely reported in both

human and mouse models of breast cancer metastasis as seen in our data (Fig. 1) [81,

91]. While previous studies have reported good correlations between the 4T1 model and
human metastatic breast cancer [92], clinical disease does not undergo the 15-fold increase
in neutrophils exhibited herein. Furthermore, we identified that pneumocytes comprised only
5% of the healthy lung, although literature suggests this number should be closer to 20%
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[93]. This discrepancy could be due to method biases resulting from inconsistencies in cell
type survival and improved recovery of circulatory cells over adherent cells during tissue
dissociation. As the lungs were not perfused prior to explant, the presence of circulatory
cells is the more likely cause of the immune cell bias identified in this study. Our findings
may also be dampened relative to what occurs at the specific (pre-)metastatic niche since we
included cells from the entire lung in our analysis. These limitations must be considered in
the evaluation of the results as known deviations from the human in vivo microenvironment.

In summary, we dissected the phenotypic dynamics of the lung as it transitioned from

a healthy tissue to a metastatic niche in triple-negative breast cancer using single-cell
RNA-sequencing. These analyses provide an unprecedented understanding of the evolution
of the metastatic niche prior to the development of macroscopic lesions. This study provides
a comprehensive analysis of how immune cell phenotype dynamics progress concordantly
with metastatic disease. We have identified a behavioral shift in the niche from anti-cancer to
pro-cancer, largely associated with substantial changes in monocyte and neutrophil numbers
and phenotypes. These cells work to combat the early arrival of metastatic tumor cells

and stave off tumor formation. These early anti-cancer phenotypes could be studied and
leveraged towards the development of new targeted therapies that work to inhibit the
development of secondary tumors in the early stages of metastatic disease.
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Fig. 1.

The cellular composition of the lung is dynamic in metastatic progression. a Female Balb/c
mice received an orthotopic inoculation of the triple-negative metastatic breast cancer cell
line, 4T1. Tumors progressed for either 7, 14, or 21 days, the lungs were explanted, and

the tissues were processed into a single-cell suspension. Library preparation was completed
using the Drop-Seq platform. b tSNE plot showing the 13 major cell clusters identified in
the lung. The proportion of each cell type was time dependent and disease progression was
marked by an influx of neutrophils. ¢ Correlation plot of the changes in each cell population
over time. Pearson correlations were calculated by comparing the cell proportions at each
time point. d tSNE plots over time clearly depict a shift in cell populations. Pink dots (which
get darker over time) identify cells at the designated time, while black dots identify the cells
at the other time points
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Lung phenotypic shifts in metastatic progression. a Expression of pro-metastatic genes
increased as disease progressed. b Inflammation scores were calculated through the

average expression of genes in the GO_INFLAMMATORY_RESPONSE pathway. ¢

ECM remodeling scores were calculated through the average expression of genes in the
GO_INFLAMMATORY _RESPONSE pathway. Points represent outlying cells as calculated
by 1.5*IQR. d Enrichment of signaling pathways (as determined through Gene Set
Enrichment Analysis) from differential gene expression between sequential time points,
NES normalized enrichment score. e Percent of the scratch that had closed at 5 h and 24 h
post-initial scratch when 4T1 tumor cells were exposed to conditioned medium (collected
from lungs on days 0, 7, 14, and 21 of culture). The dotted black line represents the RPMI
control. f Fold increase in the number of 4T1 cells over 72 h when the cells were exposed to
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conditioned medium (at t = 0 h) as measured through tdTomato fluorescence, *p < 0.05, **p
<0.01, ***p< 0.001, ****p < 0.0001
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4 ﬁ ® Whole Lung

* Localized at

CHI3L3+ Classical
Monocytes

Tumor-associated monocytes in late-stage disease support ECM remodeling. a Five
monocyte phenotypes were identified in the lung and their populations were time dependent.
b Classical and non-classical (alternatively activated) monocytes were identified through
Ccer2and Cx3crl expression. ¢ Monocyte heterogeneity decreased as time progressed.
Pink dots identify cells at the designated time point. d Time-dependent responses of
S100a8and S5100a9in the monocytes. e Responses of S100a8and S100a9in each of

the monocyte subsets. f Comparison of the real-time monocyte progression to pseudotime
analysis. The star indicates the pseudotime origin as predicted by the Monocle3 algorithm.
g Immunofluorescence staining of monocyte/ECM-related proteins in lung sections at day
21, blue = Ly6C, green = fibronectin, red = collagen I, orange = CHI3L3. Arrows point to
CHI3L3 + monocytes. h Quantification of fibronectin and collagen | intensity and variance
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in the lung and in the area immediately surrounding CHI3L3 + monocytes (refer to Fig. S7
for determination of localized area), ****p < 0.0001
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Fig. 4.

Neutrophils from early metastatic disease have an anti-cancer phenotype. a Four neutrophil
phenotypes were identified in the lung and their populations were time dependent. b Pro-
and anti-cancer phenotypes were identified through their expression of Mmp9, Ly6g, and
/11b. Cancer-related, but not mature, neutrophils were Wfdc17+. c Immunofluorescence
staining of neutrophil-related proteins in lung sections, blue = Ly6G, green = CCL®, red

= CSTA (StfaZ protein), magenta = S100A8. d Quantification of protein expression. Ly6G
intensity denotes the mean fluorescent intensity across each image. Colocalization fraction
reports the fraction of BV421 + (Ly6G) pixels that were also positive for the designated
protein. e Enrichment of signaling pathways (by Gene Set Enrichment Analysis) from
differential gene expression between neutrophils at each time point and all other lung cells,
NES normalized enrichment score. Filled bars are significant with p< 0.05. f Comparison
of the real-time neutrophil progression to pseudotime analysis. The star indicates the
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pseudotime origin as predicted by the Monocle3 algorithm. Nearly all the neutrophils
collected on day 21 could not be phenotypically linked to those collected between days
0and 14, *p< 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001
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Neutrophil signaling changes throughout metastatic progression. a Heat maps of the most
variably active transcription factors in the neutrophils as predicted by DoRothEA. b tSNE

plots showing a selection of adenosine- and inosine-related metabolic reactions in the

neutrophils. Metabolic events were determined through the gene expression of each cell and
independent of time. ¢ Schematics demonstrating the shift in metabolism from adenosine to
inosine. Metabolic shifts were assessed using the time course data in Fig. 4. d Dot plot of the
twelve time-dependent neutrophil-specific ligands as predicted by NicheNet. e Heat maps

of the receptor-ligand interaction values with other immune cell types for select neutrophil
ligands. f Percent of T cells that proliferated after 72 h exposure to conditioned medium.
Dotted gray line = negative control, dotted black line = positive control. The black line in the
violin plots indicate the median of the data set. g Transcription factor activity in 4T1 cells
exposed to conditioned medium. h Grl + cells (neutrophils and monocytes) were depleted in
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the lung following two systemic doses of anti-Gr1 antibody. Depletion of early Grl + cells i
decreased survival outcomes and j increased metastatic burden, *p < 0.05, **p < 0.01, ***p
<0.001, ****p< 0.0001
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